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• Using gathered data can predict unseen data.
• Unseen data are the same distribution as the gathered data.

– We should testing our model. --> Splitting data into training and testing data.

https://algotrading101.com/learn/train-test-split/
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• Using gathered data can predict unseen data.
• Unseen data are the same distribution as the gathered data.

– We should testing our model. --> Splitting data into training and testing data.

• We have mistakes! --> Accuracy, Precision, Recall ...
• The simpler model, the better model.
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Multi Layer Perceptron (MLP)
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Schematic of a fully connected neural network
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https://leonardoaraujosantos.gitbook.io/artificial-inteligence/machine_learning/supervised_learning/linear_classification
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A Famous Activation Function
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Net 
value

Activation 
function

Activation function fires 
the net value, e.g. 
scaling it to range [𝟎, 𝟏].

https://towardsdatascience.com/derivative-of-the-sigmoid-function-536880cf918e
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Neural Network ingredient
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• Inputs
• Weights
• Some layers
• Some neurons in each layer
• Activation function for each neuron (better: each layer)
• Loss function
• Algorithms for minimizing loss function by updating weights (Optimizer)
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https://datamonje.com/regression-loss-functions/
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• The Optimization is a little
bit complex compared to MSE
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• The equation is a bit complex
• we also need to adjust the 𝛿 based on 

our requirement
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• Widely used for 2 classes
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𝑌): 𝑡𝑎𝑟𝑔𝑒𝑡 𝑡𝑟𝑢𝑒 𝑐𝑙𝑎𝑠𝑠 𝑙𝑎𝑏𝑒𝑙 0 𝑜𝑟 1
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