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e Deconvolution

« Strides=2
Because (320 — 64 + 16 x 2+ 32)/32 = 10 and (480 — 64 + 16 x 2 + 32) /32 = 15, we construct a transposed
convolution layer with a stride of 32 and set the height and width of the convolution kernel to 64 and the padding to 16. It is not
difficult to see that, if the stride is 8, the padding is 3/2 (assuming 3/2 is an integer), and the height and width of the convolution
kernel are 25, the transposed convolution kernel will magnify both the height and width of the input by a factor of s.
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Figure 3: A network structure with a spatial pyramid
pooling layer. Here 256 is the filter number of the
conv; layer, and convs is the last convolutional layer.
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