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1 Notations

Let’s consider four layer network as shown in Fig. 1, for example. The output of output nodes can be expressed as:
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where wj, is the weight of edge jk, f(ny) is the sigmoid function, and other symbols are shown in Fig. 1. For
simplification, the bias term is ommited.

2 Back Propagation

2.1 Loss functions

Loss functions for a certain training samples can be expressed as:
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where t; is the ground truth output.

2.2 Derivative of the output layer

Let’s derive the derivative of the loss function with respect to wjy.
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From Eq. (2),
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Then, the derivative can be expressed with dj,
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For the square loss function,
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For the cross entropy loss function,
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2.3 Derivative of the hidden layers

Let’s derive the derivative of the loss function with respect to wy;.
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Let’s derive the derivative of the loss function with respect to wp;.
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For hidden layer, the form of the derivatives do not depend on the loss function.
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3 Back Propagation for Fast Dropout

3.1 Closed form approximation

In the dropout case, the output of the node can be approximated [1] as
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3.2 Derivatives of output layer
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3.3 Derivatives of hidden layers
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o, Output of node , 0,=f(ny)

Output nodes (suffix k) Q

O

ni: Input of node

Hidden nodes (suffix j) C c e e s e e

Hidden nodes (suffix i) C s e e s e

Input nodes (suffix h) Q e s e e e e

Figure 1: Notations



