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Last time...

Collect training images and labels
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Define a model = parametric function R
P f(z,0) =17

with discretized outputs
Define a loss = score function

Train the model (i.e., optimize the
weights)

Evaluate the model on unseen
images
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Last time...
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Fully-connected networks (MLPs)
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Today

CNNs
Building blocks of CNNs
Deep networks: ResNets & U-Nets

Deep learning applied to inverse problems



Drawbacks of fully-connected networks
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Spatial structure is destroyed

Fully-connected weights do not scale



Convolutional Neural Networks

Feature maps

Convolutions Subsampling Convolutions Subsampling Fully connected
Image: CC Aphex34

Exploit spatial structure

Scale to large inputs with fewer parameters



ImageNet and AlexNet

2010: ImageNet Large Scale Visual Recognition Challenge




ImageNet and AlexNet

2010: ImageNet Large Scale Visual Recognition Challenge

2012: First CNN applied to ImageNet (AlexNet)
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Deep Networks

conv-512
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maxpool
FC-4096
FC-4096
__FC-1000
softmax

VGG
[Simonyan ‘14]

GoogleNet
[Szegedy ‘14]
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[Krizhevsky ‘12]

[Farabet ‘13]

Image Classification
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Object Detection




Image Deblurring

Image Denoising

[Z}, yeN]

[21, Bueyz]

End-to-End Optimization

Learned ISPs

(61, 101z19\]

[81, usy)]



[Eigen “14]

[Lim 17]

Monocular Depth Estimation

Image Relighting

[Sun “19]

Synthetic Depth-of-Field

ai.googleblog.com



Fully-Connected Layer
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Convolutional Layer
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Convolutional Layer

32 U5 “Channel” dimension

weights 5x5x3

Input Image Filter

32



Convolutional Layer

32

32

Input Image



Convolutional Layer

F Output of inner product

32

Input Image



Convolutional Layer , o , ,
Convolution = sliding window + inner product

28

Input Image Activations



Convolutional Layer
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https://github.com/vdumoulin/conv_arithmetic



Convolutional Layer

Multiple output channels
using multiple filters
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32

Input Image Activations



Fully-Connected Layer

3072

Vectorized Image
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Special case of convolutional layer when filter size = input size




Convolutional Neural Network
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Case Study: AlexNet

Input Image First-layer Filters




Case Study: AlexNet

Input Image

First-layer Filters
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Case Study: AlexNet

PRESERZE
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First-layer Filters

Similar to simple cells
in visual cortex!
- Edge detectors
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Image: CC BY-SA Selket



Case Study: AlexNet

Stimulus

Electrical signal
from brain

Visual area
of brain



CNN higher layer filters

Dataset examples that maximize neuron outputs



Convolutional Layers — Design Choices

* Filter size
« Number of filters
« Padding

o Stride



Convolutional Layers — Design Choices

Filter size 5x5

3X3

1x1




Convolutional Layers — Design Choices

Number of channels ,
N outxN inx5x5

N_Outx N_inx3x3 .,
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Convolutional Layers — Design Choices

padding

No padding ‘.7 %-"" padding=1

https://github.com/vdumoulin/conv_arithmetic



Convolutional Layers — Design Choices

padding

No padding ‘.7 %-"" padding=1

https://github.com/vdumoulin/conv_arithmetic



Convolutional Layers — Design Choices

stride

output = (input — filtersize + 2 * padding) / stride + 1

=

stride = 1 stride = 2

https://github.com/vdumoulin/conv_arithmetic




CNNs - Other Layers

« Pooling layers

* Transposed convolution

* Upsampling layers



Pooling

e.g., max pool size=2, stride=2




Transposed Convolution

input

output

stride=1 stride=2

https://github.com/vdumoulin/conv_arithmetic



Transpose Convolution (checkerboard artifacts)
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Upsampling layers

e.qg., bilinear upsampling, nearest neighbor upsampling



Common Network Architectures

224 x 224 x3 224 x224x64

VGG16: one of the first “deep” CNNs

112 x 112 x 128

56| 56 x 256
/ /) 28 x 28 x 512
/ 4 /r'

TX X512
14 x 14 x 512

_

1x1x4096 1x1x1000

() convolution+RelU
) max pooling
fully nected+RelU
softmax




Common Network Architectures

Layer (type) Output Shape Param #

conv2d_1 (Conv2D) (None, 224, 224, 64) 1792

conv2d_2 (Conv2D) (None, 224, 224, 64) 36928
204 x224x3 224 x224 x 64 max_pooling2d 1 (MaxPooling2 (None, 112, 112, 64)  ©

Total params: 134,268,738
L2128 Trainable params: 134,268,738

/ Non-trainable params: @
56/x 56 x 256
/

28 x 28 x 512

7x1x012

14x14x512 1x1x4096 1x1x1000

Not suitable for image processing...

(=) convolution+ReLU (3)(3 ke rne | S)
=) max pooling

fully nected+RelLU

softmax

For convolutional layers, the number of parameter is:

C10ut X Cin X kxk + C10ut

filters bias

Screenshot: Rohit Thakur — from builtin.com



Image denoising with DnCNN

Noisy Image Residual Image

Conv

Conv + RelLU
A4
Conv + BN + RelLU
Conv + BN + RelLU
Conv + BN + RelLU
v

[Zhang ‘16]
Key ideas: residual learning & batch normalization



Residual Learning

Cleanimage =  noisy image - estimated noise



Residual Learning

v, 512

o el | fl

J -
g g 8
2 3l (2| |8

Cmowm ]
a

Popularized by residual nets “ResNets” for image classification



Batch Normalization

« Normalize the data along the “batch” dimension

« Can speed up and stabilize training

BATCHNORM2D

CLASS toxch.nn.BatchNoxm2d(num_features, eps=1e-05, momentum=0.1, affine=True,

track_running_stats=True, device=None, dtype=None) [SOURCE]

Applies Batch Normalization over a 4D input (a mini-batch of 2D inputs with additional channel dimension) as described in the paper
Batch Normalization: Accelerating Deep Network Training by Reducing Internal Covariate Shift .

z — E|z]

\/Var[z] + € *r+h

https://pytorch.org/docs/stable/generated/torch.nn.BatchNorm2d.html



Image denoising with DnCNN

Noisy Image Residual Image

Conv

Conv + RelLU
A4
Conv + BN + RelLU
Conv + BN + RelLU
Conv + BN + RelLU
v

[Zhang ‘16]

No fully connected layers — can be applied to any input size



o, S
(a) Ground-truth

[Zhang ‘16]
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U-Net: General-purpose architecture
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U-Net: General-purpose architecture

Introduced for biomedical image segmentation
« Uses residual connections

* Multi-scale processing (captures details at
different scales)

« Large receptive field

256 256




U-Net: General-purpose architecture

Receptive field: size of the input
that contributes to the
activation/output value

) N N N N N

NANANANRNEY




U-Net: General-purpose architecture

Large receptive field is important
for high-level vision tasks and
semantic understanding

ImageNet top-1 accuracy

85%

80%
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65%

60%
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M alexnet M vgg_16

0 500 1,000 1,500 2,000 2,500

Receptive field size (pixels)

inception [l inception_resnet

[Araujo ‘19]
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“Learning to see in the dark”

How to process low-light images?

Traditional
Burst
Amplification Ratio
H W
HXWx1 H w ZFXFXx12z el
7 X > X 4
o 4
. my  ConvNet ‘-'-
Black Level
Bayer Raw Output RGB

[Chen ‘18]



“Learning to see in the dark”

[Chen ‘18]

fully-connected layers that require processing small image
patches and reassembling them [26]. Our default architec-
ture 1s the U-net [35].




“Learning to see in the dark”

Trained on short-exposure (Noisy) / long-exposure image pairs
[Chen ‘18]



“Learning to see in the dark”

(a) Traditional pipeline (b) Our result
[Chen ‘18]



Deep optics for HDR imaging

Reference HDR LDR

some information is
lost by the sensor...

Can we optimally "encode” the image with a tailored PSF?

[Metzler ‘20]



Deep optics for HDR imaging

HDR Training Dataset Sensor Model U-Net CNN Loss
R T g Yy
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The “encoder” (PSF) and the “decoder” (U-Net) are jointly optimized!

[Metzler ‘20]



Deep optics for HDR imaging

Sensor Model U-Net CNN Loss
Yy
-l = /0 = C
oh T dy
8£
T 0 J501
(8T Surface
' Profile ¢
Tramlng.

minimize the difference
between reconstruction and

tone-mapped GT images
[Metzler ‘20]



Deep optics for HDR imaging

Optimized Height Profile Profilometer Measurements Simulated PSF
of Fabricated Surface =

9.75yp

Captured PSF

[Metzler ‘20]



LDR Image E2E Measurement E2E Reconstruction

[Metzler ‘20]



Image Relighting

[Sun ‘“19]
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Image Relighting

Spatial Resolution: 256 x256 128x 128 64x64 32x32 16x16
] ] [16]
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concatenation loss

k-dimensional input/label

[Sun ‘“19]

k-dimensional activation

k x k conv layer

weighted average

tiling

How did they get the training data?




Image Relighting

Light-stage dataset capture (Google)
[Sun ‘“19]



Image Relighting

OLAT photos
(columns)

b= Ax
/ /

Re-rendered  Environment
image map

2

(a) OLAT images (7 cameras). (b) Ground-truth renderings.

[Sun ‘“19]



Image Relighting

(a) Input image and estimated lighting (b) Rendered images from our method under three novel illuminations

[Sun ‘“19]



Data-Driven Approach

What if we do not have access to clean data?

(e.g. for denoising)



Noise2Noise

input

SHER U-Net

noisy image 1

e | 2-loss - mean value

* | 1-loss —- median value

output

The network can only  NOISy image 2

predict the signal, not
the noise!

[Lehtinen '18]



Noise2Noise

(a) Gaussian (0 = 25)

Ground truth  Corrupted image BM3D
[Lehtinen '18]



Noise2Noise
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What if we only have one corrupted image?



Maximum-A-Posteriori (MAP) Problems

| have:

* ameasurement (observation): y
* alikelihood model: Likelihood(y|x) | want to find the best model x*:

* a prior model: Prior(x)

x” = argmax, p(z|y)

= argmax, p(y|z)p(z)

argmin, — logp(y|z) — logp(z)
data term regularizer



Denoising is a MAP Problem

o = T + noise

Gaussian

/

jz — o||* — alog p(z)

T

You will learn how to solve this optimization We need an explicit pI’iOI’
problem efficiently in the next lecture...

r* = argmin,, |

We only have one image...



Deep Image Prior

Neural networks convey an implicit prior!

/x = ];9(7;)

G
random
. neural .
Image network mput
(noise)
0" =argming {[fo(z) — |}  zF = fo-(2)

The denoised imaged is implicitly represented by the weights of a NN



Deep Image Prior

Neural networks convey an implicit prior!
; 2 *
0" = argming {[|fo(2) — zo|"} x” = for (2)
Why x* # x,7
 The neural network cannot represent any image

The minimization step can be stopped before convergence

[Ulyanov ‘18]



Deep image prior

E(fgo(z);g;o) —

E(fo,(2); o)

OE /99
OE /98
=)t
: E(f02(z);£L‘0)
OE /90

@ srrsmssEssEEsEssEsEEEEAE

No need to collect clean images! (no training step here)

Must be optimized from scratch every time

[Ulyanov ‘18]



Deep Image Prior

Optimal t1
Stopping point %2

No prior

Conventional
prior

\ .
. Degradation
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0 o R

[Ulyanov ‘18]



Deep image prior

D M S RN | -

Corrupted 100 iterations 600 iterations 2400 iterations 50K iterations

[Ulyanov ‘18]



Deep image prior

(d) CBM3D

[Ulyanov ‘18]



Deep image prior

As we show in the experiments, the choice of ar-
chitecture does have an impact on the results. In par-
ticular, most of our experiments are performed using a
U-Net-like “hourglass” architecture with skip connec-
tions, where z and z have the same spatial dimensions
and the network has several millions of parameters. Fur-
thermore, while it is also possible to optimize over the
code z, in our experiments we do not do so. Thus, un-
less noted otherwise, z is a fixed randomly-initialized
3D tensor.

[Ulyanov ‘18]



Deep image prior

Image
—— Image + noise
—— Image shuffled
U(0, 1) noise

0.06
£ 0.04

0.02

0.00
10! 102 103 104
Iteration (log scale)

The network fits real images faster than noise

[Ulyanov ‘18]



Deep image prior

= ’JIISI'tﬂﬂ =A== 1
GT Corrupted Trained CNN DIP

[Ulyanov ‘18]



Deep image prior

[Ulyanov ‘18]



Summary
CNNs

Building blocks of CNNs m "
Deep networks: ResNets & U-Nets 'H

Application: i 1 R

copy and crop
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* Learning to see in the dark e i b

« Deep optics for HDR imaging
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We just scratched the surface!

« Image/video generation
» (Generative adversarial networks (GANS)
 Diffusion models & flow-based models
» Autoregressive models (image + text)
« 3D generation/reconstruction
* Neural radiance fields

 (Gaussian mixture models

To learn more about these : CS229, CS231N, CS236, CS348l1, CS228



