
INTRODUCTION TO DEEP LEARNING
Whatisa Neural Network
Deep learning.- Training Neural Networks
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LOGISTIC REGRESION AS A NEURAL NETWORK

Binary Classification
Output label (y) is 1 oro
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Gradient Descent
want to findwibthatminimizeslwib) porristas
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PYTHONANDVECTORIZATION
Vectonzation
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SHALLOW NEURAL NETWORKS
Neural Networks Representation
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Derivativos of Activaron Functions
Sigmoid
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Sigmoidisbinary Classification
Random Initialization
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DEEPNEURALNETWORK

Deeplilayer Neural Network
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Shallow NN

deep NN

Forwardpropagalion in a Deep Network
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Why Deep representation
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Parametersus Hyperparameters
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