Neural Network Architectures for Images
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Exercise: MNIST Digit classification (plain and after a fixed random

permutation)

Which would you expect to perform better and why:

—MLP vs CNN on Task 1:
CNN - SP4 bt Jabu —

—MLP vs CNN on Task 2:
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—Task 1 vs Task 2 using MLP:

—Task 1 vs Task 2 using CNN:
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Context g Classificabion (Lecon et al. 1995)

C3:f. maps 16@10x10

INPUT C1: feature maps S4: f. maps 16@5x5
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Suppose you passed in a 300x300 image of a single handwritten digit into this
network. Would it still work?
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What if we rescaled the output of the CNN (right before passing it into the
MLP)?
Kernel sizes are the same and hence with the larger resolution input

The field of view of any neuron will be drastically altered
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Convolution L@ers are well svted Sor [mages
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AleX /Ve{:S (Kr[z‘\evsly et al 2012)
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VGG Net ( Sa'rvwn(yan + Z755erman 2015)
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Exercise: Large filters or small filters
You have d convolutions layers with filter size k x k.

How does the width of the receptive of a neuron field depend on d and k?
3
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How does parameter count depend on d and k?
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Are large filters or small filters more economical in parameter count for a given
receptive field?

For a fixed receptive field, smaller k uses smaller parameter count
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Context 3 Image Restoration
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FIGURE 3. A three-layer CNN with successive convolutional layers, where the spatial dimensions of the feature maps match those of the input and output
images. Following each convolution there is a nonlinearity operation, not shown here.
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Consider this fully convolution network for all dirt removal.

If you passed in 10x increased resolution photograph of the same content,
would you expect it to work?

No. See previous exercise < (é

b
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If you passed in a 10x increased field of view (at the same resolution), would
you expect it to work?

Yes, the scale of the features learned from the convolutions would be the same in the new

image.

Blind Deconvolvtion ( Hradit et «l. 2015)
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Table 1: CNN architecture — filter size and number of channels for each layer.

Layer| 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
L15 19%x19 1x1 Ix1 Ix1 Ix1 3x3 1x1 5%x5 5%x5 3%x3 5x55x5 1x1 7x7 7Tx7
128 320 320 320 128 128 512 128 128 128 128 128 256 64 3




RC/SIoan‘ B)acks + Sk{p Connecéfang

(Lucas et al 201%)
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FIGURE 4. An example of a deep residual CNN. Each residual block, consisting here of three convolutions, learns a residual between its input and

its output.
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Figure 2. Residual learning: a building block.
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R@SN@b{ for Superr‘esalu{:v’on)g (LC/o([i et al. 207)
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FIGURE 5. In an encoder-decoder CNN, the feature maps are spatially compressed by an encoder network, then increased back to the size of the output
image by a decoder network.
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What sort of architecture would be reasonable to select for the following tasks.
Vanilla CNN, ResNet, Encoder-Decoder, U-net

A) Remove some of the motion blur due to someone holding a cell phone
camera

kes M/f/ VI

B) You are given a black and white image and you want to colorize it
Uq@t

C) You are given an image where 1% of pixels are missing. You want to inpaint
those pixels

Depends on which pixels are missing. /Q;/W gehgnfélc

If pixels are missing at random, | would try vanilla CNN / ResNet -
If solid block of pixels is missing, | might also consider encoder-decoder

highl,
Serarl ¢

D) You have photographs of a road and you want to decide which pixels
correspond to the boundary between one lane of traffic and another.

Uﬂ@é
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JPEG 2000

0.356608 bpp 0.359151 bpp 0.365438 bpp

(Theis et al. 2017)
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FIGURE 6. An example of an approach in which new representations for images are learned, prior to solving the reconstruction problem in a supervised
way. In Zeng et al.’s work [37], autoencoders first learn new features for the LR and HR patches (training phase 1). An MLP is then trained to map the
representation of the observed LR patch to that of the HR patch (training phase 2). The final HR patch can be obtained with the second half of the autoen-

coder trained to reconstruct HR images (testing phase).
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What is compressed sensing?



MRI reéconsbruckion s ( Zbonkar et al. 2019)

(¢) Reconstruction via

(a) Cropped and verti- (b) Rectangular masked k-
zero-filled IFFT

cally flipped reconstruc- space
tion from fully sampled k-
space data

Would it make sense to use a convolutional neural network to solve end-to-end
compressed sensing with generic measurement matrix Phi?



