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Commonly used algorithms

Methods and Algorithms Usage
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Methods and Algorithms Usage
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Logistic regression limitation

b o < 000,378 i Sigmoid Classification

FEATURES + — 0 HIDDEN LAYERS OUTPUT

Test loss 0.599

REGENERATE
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Historic motivation

Neural networks have been studied since the 70’s, until the breakthrough moment in 2012 in the field of

computer vision.

Nowadays, neural networks are doing wonders in the field of natural language processing.

X

ImageNet Classification with Deep Convolutional
Neural Networks

Alex Krizhevsky Tlva Sutskever Geoffrey E. Hinton Turing test invented First Al winter Second Al winter
University of Toronto University of Toronto University of Toronto
krizfcs.utoronto.ca ilyadcs.utoronto.ca hintonfies.utoronto.ca

1980
Abstract . . . . .

W trained a large, deep convoluionsl neural network to classify the 1.2 million 1973 1988

high-resolution images in the Imagel SVRC-2010 contest into the 1000 dif-

ferent classes. On the test data, w ieved top-1 and top-5 error rates of 37.5%

and 17.0% which is considerably better than the previous state-of-the-art. The 3 1
neural network, which has 60 million paramcters and 650,000 ncurons, consists Boom times DCCD ]Cﬂl_[“ng
of five convolutional layers, some of which are followed by max-pooling layers, revolution
and three fully-connected layers with a final 1000-way softmax. To make train

ing faster, we used non-saturating neurons and a very efficiemt GPU implemen-

tation of the convolution ope To reduce overfitting in the fu connected

layers we employed a recently-developed regularization method cal “dropout™

that proved tw be very effective. We also entered a vaniant of this maodel in the

ILSVRC-2012 competition and achieved a winning top-5 test error rate of 15.3%, Credit: towardsdatascience.com

compared to 26.2% achieved by the second-best entry.

Pirsa: 25020017 Page 8/35



Historic motivation

Neural networks have been studied since the 70’s, until the breakthrough moment in 2012 in the field of

computer vision.

Nowadays, neural networks are doing wonders in the field of natural language processing.
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Neural Networks

Alex Krizhevsky Ilya Sutskever Geoffrey E. Hinton
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Abstract

‘We trained a large, deep convolutional neural network to classify the 1.2 million
high-resolution images in the ImageNet LSVRC-2010 contest the 1000 dif-
ferent classes. On the test data, we a ved top-1 and top-5 error rates of 37.5%
and 17.0% which is considerably better than the previous state-of-the-art. The
neural network, which has 60 million paramcters and 650,000 ncurons, consists
of five convolutional layers, some of which are followed by max-pooling layers,
and three fully nceted layers with a final 1000-way softmax. To make train
ing faster, we used non-saturating neurons and a very efficiem GPU implemen-
tation of the convolution operation. To reduce overf full nected
layers we employed a recently-developed regularization method ropout”
that proved o be very effective. We also entered a vaniant of this model in the
ILSVRC-2012 competition and achi a winning top-5 test ermmor rate of 15.3%,
compared to 26,2% achieved by the second-best entry.

Credit: azati.ai
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Inspiration: the brain

e QOur brain has ~ 1011 neurons, each of which communicates to other ~ 10% neurons
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Neurons receive input signals and accumulate voltage. After some threshold they will fire
spiking responses.

credit: www.moleculardevices.com, http://cs231n.github.io/neural-networks-1/

Page 10/35



Simplified model of an artificial neuron
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Simplified model of artificial neurons
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Notion of a layer
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Notion of an activation
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Feed-forward neural networks




Feed-forward neural networks
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Deep feed-forward neural networks
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Neural networks can reach 100s of layers.
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Choose a neural network
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Tuning the neurons couplings (Backpropagation)
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Let’s switch to the blackboard to learn the

math of Feed-forward NNs
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