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®
La(de/ Class*
def forward_pass(self, (Eam

~—1

def

Compute the value for the neurons in this layer given the input
from the previous layer.

self.inputs = batch_inputs

return np.dot(self.weights, bwts) + self.biases

————

backward_pass(selfT dvalues)‘

Compute the gradient of the loss with respect to the weights and biases
feeding into this layer and the neuron values of previous layer (aka, the
inputs into this layer). Input is the gradient with respect to neuron values

in this layer. Think of this like we are pushing out the gradients from us
into the previous layer.

Y an spose 7

# Compute the gradient of the loss with respeft to the weights and biases

self.dweights f np.dot(dvalues, self.input -

[ self.dbiases f£ np.sum(dvalues, axis=1, keepdims=True) —_—

7/ S

# Compute the gradient of the loss with respect to the inputs

self.dinputs = ot(self.weights.T, dvalues) —
return gelf.dinputs -




RoL U Achvetion

def forward_pass(self, batch_values):

Compute the RelLU activation for the input values.

batch_values
_Z7 return np.maximum(®, batch_values)

def backward_pass(self, dvalues):

Compute the gradient of the loss with respect to the input values.

# Gradient of ReLU is 1 for positi @ for negative values
self.dvalues self.inputs > 0)
return self.dvalue

11




Si SVMOQ Ac‘LValm/\

def forward_pass(self, batch_values):
Compute the sigmoid activation for the input values.
Sigmoid function: f(x) =1 / (1 + e~(-x))
self.inputs = batch_values
# in this case we save the outputs because we can reuse them for
# the backward pass
self.outputs = 1 / (1 + np.exp(-batch_values))
return self.outputs

def backward_pass(self, dvalues):

Compute the gradient of the loss with respect to the input values.
The derivative of the sigmoid function is f'(x) = f(x) * (1 - f(x))

self.dvalues = dvalues x (self.outputs x (1 - self.outputs))

return self.dvalues 0'(1‘\ ” (\ - O’(ﬂ\\




Newval Networt %mm\q Loqp

def forward_pass(self, batch_data).

it

Perform a forward pass through the network by passing the data through
each layer.
input_data = batch_data
for layer in self.layers:
input_data = layer.forward_pass(input_data)
return input_data

def backward_pass(self, dvalues):

Perform a backward pass through the network given gradient at output.

grad = dvalues
for layer in reversed(self.layers):
grad = layer.backward_pass(grad)
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