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Autoencoder's goals

Example uses:

o Compression/dimension reduction: The decoder can
reproduce the original image from a small number of
values In the latent space. Like PCA, but nonlinear.

Bottleneck
(encoded data)

Encoder mmpy < DeCONE! muy
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Autoencoder's goals

Example uses:

o Compression/dimension reduction: The decoder can
reproduce the original image from a small number of
values In the latent space. Like PCA, but nonlinear.

O Clustering: latent space is a small representation of large
images. similar large images will have a similar latent
space, and the latent space can be used to cluster the
images.

O Noise reduction.

O U-Net!
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Autoencoder's training

Feed the network an image, and require the output to be as similar to the input as possible
while passing through a very small latent space:

I3 I8] inputs (28x28=784)
k3 outputs (28x28=784)

latent space
(32)
e

Code from: https://blog.keras.io/building-autoencoders-in-keras.html| https://medium.com/@divakar1591/autoencoders-6fab1a9a9f9c

Bottleneck
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Autoencoder's application: noise reduction

APM120, Eli Tziperman

“The denoising autoencoder gets rid of noise by learning a representation of the input
where the noise can be filtered out easily.”

Add noise to the
Input image

Feed

corrupted
Input into
autoencoder

[\ | | ) Measure

reconstruction
loss against
original image
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How does the decoder work: Up-convolution

INput duplicate and expand apply 2x2 convolution kernel
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How does the decoder work: Up-convolution
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“Up-convolutions: expand & duplicate each element from the input feature map to the
size of the filter. The filter is then applied over each of these expanded regions.

For example, the expanded green input Is composed of four 1s. Likewise, the expanded

red, yellow and grey regions are initially filled wr
applied over each of these regions & the results are summed to form the output fea

h Just 2s, 3s and 4s, respectively. T

e filter Is

‘ure map.

Example: the spatial dimensions are doubled, if a 2x2 filter is used with a stride of 2.”
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A (very) popular use of autoencoders: U-Net

Ronneberger, Olaf, Philipp Fischer, and Thomas Brox.
64 64 'U-net: Convolutional networks for biomedical image
segmentation.” Medical image computing and
computer-assisted intervention—-MICCAI 2015: 18th
iInternational conference, Munich, Germany, Oct 5-9,

"The creation of the U-Net was  input| | | 2015, proceedings, part lll 18. Springer, 2015.
a ground breaking discovery '™
in the realm of image

segmentation, a field focused
on locating objects and ¥ 120 150
boundaries within an image.

This novel architecture proved
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U-Net: Contracting Path

“‘Block 1:
e [nput image: 57272 is ted into the U-Net. This input consists
of 1 grayscale image channel. ir:‘“af’g“; o Slnck 3

e WO 3x3 convolution+RelLU unpadded layers. # of channels te

IS set to 64 to capture higher level features.

e A 2Xx2 max pooling layer w/ a stride of 2 is then applied.
This downsamples the feature map to half its size, 284-.
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U-Net: Contracting Path

“‘Block 1: T
e [nput image: 57272 is ted into the U-Net. This input consists
of 1 grayscale image channel. i%”;g“; o Slnck 3
e [wo 3x3 convolution+RelL.U unpadded layers. # of channels “"’i 1
S set to 64 to capture higher level features.
e A 2Xx2 max pooling layer w/ a stride of 2 is then applied. » 35,

This downsamples the feature map to half its size, 284-.
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U-Net: Contracting Path
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“Block 1:
e [nput image: 57272 is ted into the U-Net. This input consists

of 1 grayscale image channel. irj]“;’g“; o Slnck 3
e WO 3x3 convolution+RelLU unpadded layers. # of channels te

IS set to 64 to capture higher level features.
e A 2Xx2 max pooling layer w/ a stride of 2 is then applied. E,

This downsamples the feature map to half its size, 284-.
Block 2, 3, 4: similar ‘ Block 2
Block 5:
e |n the final block, the # of feature channels reach 1024 after -»I-»' Block 3

being doubled at each block. kgl SN

. . L Block 4

e Also contains 3x3 convolution + ReLU unpadded layer.” I‘.t’ o

> Block 5
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U-Net: Expanding Path

“Block 5:
: 128 6« 4
e A second 3x3 (unpadded) convolution + RelLU layer. 191
e A 2X2 up-convolution increases image dimensions
twofold and also halves the # of channels to 512. output
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U-Net: Expanding Path

“Block 5:
e A second 3x3 (unpadded) convolution + RelLU layer.

e A 2X2 up-convolution increases image dimensions
twofold and also halves the # of channels to 512.

Block 4:

e SKip connection: add feature map from contracting path,
double feature channels to 1024. Contracting path image
edges are cropped to match expanding path’s dimensions.

e WO 3x3 convolution unpadded layers are applied, each with
a Rel.U layer following, reducing channels to 512.

e A 2Xx2 up-convolution layer, upsampling the spatial
dimensions x2 and also halving the # of channels to 256.
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- U-Net: Expanding Path

e A second 3x3 (unpadded) convolution + RelLU layer.
e A 2X2 up-convolution increases image dimensions

twofold and also halves the # of channels to 512. Block 1 ole ol OUtPUL
Block 4: | .| .| segmentation
' 2l A 3 8 map
e SKip connection: add feature map from contracting path, EREE

double feature channels to 1024. Contracting path image
edges are cropped to match expanding path’s dimensions.

e WO 3x3 convolution unpadded layers are applied, each with
a Rel.U layer following, reducing channels to 512.

e A 2x2 up-convolution layer, upsampling the spatial Block 2
dimensions x2 and also halving the # of channels to 256.

Block 3, 2: similar
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- U-Net: Expanding Path

e A second 3x3 (unpadded) convolution + RelLU layer.
e A 2X2 up-convolution increases image dimensions

twofold and also halves the # of channels to 512. Block 1 ole ol OUtPUL
Block 4: segmentation
' 2l A F 3 map
e SKip connection: add feature map from contracting path,

double feature channels to 1024. Contracting path image
edges are cropped to match expanding path’s dimensions.

e WO 3x3 convolution unpadded layers are applied, each with
a Rel.U layer following, reducing channels to 512.

e A 2x2 up-convolution layer, upsampling the spatial Block 2
dimensions x2 and also halving the # of channels to 256.

Block 3, 2: similar
Block 1:

e Use 128 channels after concatenating skip connection.

Block 3

= conv 3x3, RelLU

copy and crop
e WO 3X3 convolution unpadded layers + Rel U, reducing # of Rlock 4

¥ max pool 2x2
feature channels to 64.

4 up-conv 2x2
e Finally, a 1x1 convolution + activation layer (e.g., sigmoid for Block 5 -"— = CONV 1x1

classification for medical imaging)”
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U-Net: example use
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