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Deep Learning
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Content
• Introduction to Neural Networks
• Backpropagation equation
• TensorFlow
• Hyperparameters tuning and regularization
• Convolutional Neural Networks (CNNs)
• Sequential Models: Recurrent Neural Networks
• LSTM
• Autoencoders
• GANs
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Python Code
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import numpy as np

def sigmoid(x):
# Activation function: f(x) = 1 / (1 + e^(-x))
return 1 / (1 + np.exp(-x))

class Neuron:
def __init__(self, thetas, bias):

self.thetas = thetas
self.bias = bias

def feedforward(self, inputs):
total = np.dot(self. thetas, inputs) + self.bias
return sigmoid(total)

thetas= np.array([0, 0.5])   # theta_1 = 0, theta_2 = 0.5
bias = 4                                         # x0*theta_0=b = 4
n = Neuron(thetas, bias)

x = np.array([3, 5])                    # x0=1, x1 = 3, x2 = 5
print(n.feedforward(x))          # 0.998 (V. Zhou, Princeton)
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Terminology
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A very simple Neural Network
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Notice: 
we can add as many layers as we want, 
and as many neurons per layer also… 
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Python 
code
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# ... code from previous slides here
class OurNeuralNetwork:
def __init__(self):

thetas = np.array([0, 1])
bias = 0

# The Neuron class here is from the previous slides

self.a1 = Neuron(thetas, bias)
self.a2 = Neuron(thetas, bias)
self.o1 = Neuron(thetas, bias)

def feedforward(self, x):
out_a1 = self.a1.feedforward(x)
out_a2 = self.a2.feedforward(x)

# The inputs for o1 are the outputs from a1 and a2
out_o1 = self.o1.feedforward(np.array([out_a1, out_a2]))

return out_o1

network = OurNeuralNetwork()
x = np.array([1, 3])
print(network.feedforward(x)) # 0.72 (V. Zhou, Princeton)
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Output
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Vectorization (2)
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Loss Function
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Remember lesson 1:

What we can tune: ⇥
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Trick: Chain rule
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Training set
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Size #bedrooms #floors Age Price (mios)

1 125 3 2 20 0.8

1 220 5 2 15 1.2

1 400 7 3 5 4

1 250 4 2 10 2

x0 x1 x2 x3 x4 y

Backpropagation
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Training set

{(x(1),y(1)), ..., (x(m),y(m))}

Cost function
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Example, L=4

�4j = a(4)j � yj = (h⇥(x))j � yj �(4) = a(4) � yor (vectorization)
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Backpropagation
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Example, L=4
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