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What 1s a Neural Network?
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Neural Network Representation
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Neural Network Representation learning
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Vectorizing across multiple examples
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Vectorizing across
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Justification for vectorized implementation
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Recap of vectorizing across multiple examples
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Pros and cons of activation functions
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Activation function
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S1gmold activation function
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Tanh activation function
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ReLLU and Leaky RelLU

Leaky ReLLU
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Gradient descent for neural networks
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Formulas for computing derivatives
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Computing gradients

Logistic regression SN K0
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Summary of gradient descent
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Summary of gradient descent

2] — (2] _ 2] — pl2] _
dz7=a” -y =AY T =L (80
L[—_/ AN ‘Q’\:\
dW[Z] — dz[z]a[l]T dW[Z] — idZ[Z]A[l]T 4
m
1
dbl2l = gz12 dbl2] = Enp.sum(dZ[Z], axis = 1, keepdims = True)
e&%q,ﬁuui.- (mM
n( Qj l> (a8 M} W \_/K(F‘g, =
dwll = g1, T dwlll = — gz[xT
m
1
dpltl = gzl dblll = Enp.sum(dZ[l], axis = 1, keepdims = True)

Andrew Ng



One hidden layer
@ Neural Network

Random Initialization

deeplearning.ai



What happens if you 1nitialize weights to
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Andrew Ng



Random 1nitialization
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