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Deep Learning: Brief History
• Deep learning has become a hot topic recently… 

… but it dates back to the 70s 

• It has been “re-discovered” recently due to 

• Massive amounts of  data 

• Computational capabilities



• Running example: Classification 

• NNs can also be applied for regression (and even for 
unsupervised learning)

Neural Networks



• In neural networks, we have a cascade of  layers from the 
input to the output 

• Input layer 

• Hidden layers (any number) 

• Output layer 

Neural Networks
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The output should be the probability for each class 
• The non-linear function is a softmax
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• The softmax is a function that inputs a vector of  reals and 
outputs a probability vector

An Aside: Softmax
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• The softmax is a function that inputs a vector of  reals and 
outputs a probability vector

An Aside: Softmax
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• To fit the model, we need to learn 

• The weights of  all layers 

• The biases (intercepts) of  all layers

Inference



• To fit the model, we need to learn 

• The weights of  all layers 

• The biases (intercepts) of  all layers 

• Define your error (loss) function on the training data 

Inference

L =

NX

n=1

log(ŷn)

predicted probability for the observed class



• We maximize the loss with respect to weights and biases 

• Gradient ascent 

• Backpropagation 

• Too expensive: N can be large

Inference

rL =

NX

n=1

r log(ŷn)



• Feed-forward neural networks 

• Fully-connected networks 

• Convolutional networks 

• Recurrent neural networks

Other Types of Neural Networks


