The BP Algorithm on CNN
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1 . Review the convolutional network.

- -Convolutional layer
- -Pooling layer

- -Fully connected layer



The connection of convolutional layer.
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The formula in Convolutional layer.
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2 Convolution in Neural Network

---An example of edge detection
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The picture is from Andrew Ng.

The filters can become more intricate as they start incorporating information from an increasingly larger spatial extent.
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Feature visualization of convolutional net trained on ImageNet from [Zeiler & Fergus 2013]
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2.1 Convolution in Neural Network
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Notation:

Image: nxn filter: fxf
padding : p stride : s
Then output matrix:
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3 . Pooling layers ---Shrinking the image stack

- 3.1 Max pooling \aximum

Max pool with 2 x2 9 2
filters and stride 2

Pooling:

1.Pick a window size(usually 2 or 3)

2.Pick a stride(usually 2)

3.Walk your window across your filtered images.
4.From each window , take the maximum value.



4. Full connection layer

The CNNs help extract certain features from the image , then fully connected layer is
able to generalize from these features to the output-space.
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2. How the BP Algorithm work on CNN?



2.1 EX0itE{L,

Feedforward:
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2.2.1 Why we need rot180(W*4)?
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Using the definition of convolution to calculate Z;;:
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2.2.1 Why we need rot180(W*4)?
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2.3.1 Don’t need rot180(W?)
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