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Perceptron

* The human brain (1010 cells) is the archetype of neural networks
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Perceptron

* The human brain (1010 cells) is the archetype of neural networks

Dendrites
o
Synapses ® . -
AN = < .
- Axon

Finds a hyperplane out
to separate the classes !

Very similar to SVMs Neuron scheme
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Perceptron

* The human brain (1010 cells) is the archetype of neural networks
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Neuron Activations

» Different type of activation functions

Threshold activation (binary classifier)

Step Function
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Neuron Activations

» Different type of activation functions
Sigmoid activation

Sigmoid
A
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Neuron model
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Neuron Activations

» Different type of activation functions

Tangent activation

Hyperbolic Tangent
]
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Neuron Activations

» Different type of activation functions
Linear activation

Linear
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Neuron Activations

» Different type of activation functions
rectified Linear Unit activation

y = max(0, ¢)
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Simple Neural Network

* Best reference: neuralnetworksanddeeplearning.com
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input layer
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http://neuralnetworksanddeeplearning.com

Simple Neural Network

* Best reference: neuralnetworksanddeeplearning.com
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Back Propagation

- ' prediction
* Define a cost function ¢ ground truth

Cwb)= 5= 3 lly(e) - X

e Goal: Find global minimum
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Back Propagation

- ' prediction
* Define a cost function ¢ ground truth

Clwb) =53 [ly(@

Xz

e Goal: Find global minimum ‘
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Back Propagation

e Define a cost function ground truth

¢ prediction
C(w,b) = ;n > lly(z) — iﬁ?‘

* Minimize the error (derivative of the cost) with
gradient descent

e Gradient descent update rule:

, ==y | earning rate

by —b, = by — ne—r
| —0; ! nabl
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Back Propagation

e Define a cost function ground truth

¢ prediction
C(w,b) = ;n > lly(z) — Cﬁ?‘

* Propagate the error through layers

* Take the derivate of the output of the layer w.r.t the
input of the layer

* Apply update rule for the parameters




MNIST Digit Classification with NN
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Deep Learning

® 5o far:
e extract features (pixel intensities, edges, lines,...)
e train a classifier to find the best hyperplane(s)
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Deep Learning

e can we model high-level abstractions in data ?
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Deep Learning
L

e can we model high-level abstractions in data ? Qg
edon’t rely on hand-crafted features
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e can we model high-level abstractions in data ? Qg
edon’t rely on hand-crafted features
e consider the images as observations
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Deep Learning
L

e can we model high-level abstractions in data ? Qg
edon’t rely on hand-crafted features
e consider the images as observations

e construct hierarchies (hierarchical feature extraction)
with a deep architecture composed of multiple non-
linear transformations

i

http://www.kip.uni-heidelberg.de/cms/vision/projects/recent_projects/hardware perceptron systems/image recognition with hardware neural networks/
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Deep Learning

e Unsupervised
e Auto encoders
e Restricted Boltzman Machines
*Deep Belief Networks
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Deep Learning

e Supervised

e Multilayer perceptron
eDeep Convolutional Neural Networks
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Deep Learning

e Supervised

e Multilayer perceptron
eDeep Convolutional Neural Networks

LeNet - First Deep Convolutional Neural Network
for hand written digit classification
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