CS230: Deep Learning
Forward/Backward Propagation

Section 2
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Derivative/Gradient Review

Gradients of non-linear activations

Multi-variable Linear Regression (Forward + Backward)
Simple Neural Network (Forward + Backward + Batched)
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Derivative Review
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Gradient Review
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Non-Linear Activation Gradients
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Sigmoid : o(z) = =

Tanh : tanh(z) = %

ReLU : relu(z) = max(z, 0)

# sigmoid(x)

# tanh(x)

# relu(x)

# backward_sigmoid(x)
# backward_tanh(x)

# backward_relu(x)

: 1/(1 + np.exp(—x))

: (np.exp(x) — np.exp(-x))/(np.exp(x) + np.exp(-x))
: np.maximum(x, @)

: sigmoid(x) * (1 - sigmoid(x))

: 1 - np.power(tanh(x), 2)

: (x >= 0).astype(int)



Multi-Variable Linear Regression (Forward + Batched)
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Multi-Variable Linear Regression (Backward + Batched)
y:(1,m)
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Multi-Variable Linear Regression (Forward with numpy)
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import numpy as np t)-gl ;?) ”zgé;( )

def sigmoid(x):
return 1/(1 + np.exp(-x))
def forward(params, X, y):
w = params|["w"]
b = params|["b"]
yhat = np.dot(w, X) + b
return np.mean(np.square(yhat - y)), yhat



Simple Neural Network (Forward + Batched)




Simple Neural Network (Backward + Batched)
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Match Dimensions!

Pretend we are taking M_1
M_2 where M_1 has size
(a,b) and M_2 has size (c,d).
In order for this matrix
multiplication to work, we
need b == c.

Next, we know the result of
M_1 M_2 will be a matrix of
size (a,d).

The gradient of any term V
(with respect to a real-valued
loss L) should be equal in
size to V itself! So dV has
size identical to V. Use this to
check the sides of your
matrix multiplications and
transposing or not.



