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Last time...
1.  Collect training images and labels

2.  Define a model = parametric function 
with discretized outputs

3.  Define a loss = score function

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

5.  Evaluate the model on unseen 
images
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f(x, ✓) = ŷ



Fully-connected networks (MLPs)

Computational graphs & backprop

Last time...

(Step 2)

(Step 4)



Today

• CNNs

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

• Deep learning applied to inverse problems



Drawbacks of fully-connected networks

Spatial structure is destroyed

Fully-connected weights do not scale



Convolutional Neural Networks

Image: CC Aphex34

Exploit spatial structure

Scale to large inputs with fewer parameters



2010: ImageNet Large Scale Visual Recognition Challenge

ImageNet and AlexNet

107 labeled images



2010: ImageNet Large Scale Visual Recognition Challenge

ImageNet and AlexNet

2012: First CNN applied to ImageNet (AlexNet)

AlexNet [Krizhevsky ‘12] [Russakovsky ’15]

AlexNet



Deep Networks

Deep 
Networks

VGG GoogLeNet ResNet
[Simonyan ‘14] [Szegedy ‘14] [He ‘15]



Image Classification Object Detection

Segmentation Pose estimation
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Image Denoising Image Deblurring

Learned ISPs End-to-End Optimization
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ai.googleblog.com

Monocular Depth Estimation Image Relighting

Image Super-resolution Synthetic Depth-of-Field



Fully-Connected Layer

Vectorized Image
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Convolutional Layer
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Convolutional Layer

32
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Filter

3 5
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3
weights 5x5x3

Input Image

“Channel” dimension



Convolutional Layer
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Convolutional Layer
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Output of inner product

Input Image



Convolutional Layer

Input Image
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Activations

Convolution = sliding window + inner product



Convolutional Layer

Input Image
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Activations Input

Output

https://github.com/vdumoulin/conv_arithmetic



Convolutional Layer
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Input Image Activations
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Multiple output channels
using multiple filters



Fully-Connected Layer

Vectorized Image

1
3072

Weight Matrix Output Activation

1
100weights 100 x 3072

Special case of convolutional layer when filter size = input size



Convolutional Neural Network

32

32
3

Input Image

28
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4

4 filters of
5x5x3
+ ReLU

6 filters of
5x5x4
+ ReLU 24

24

6

Layer 1
Activations

Layer 2
Activations

…



Case Study: AlexNet

First-layer FiltersInput Image



Case Study: AlexNet

Activations



Case Study: AlexNet

First-layer Filters

Similar to simple cells 
in visual cortex! 
- Edge detectors

Image: CC BY-SA Selket



Case Study: AlexNet

[Hubel & Wiesel 1959]



CNN higher layer filters

[Olah ‘17]
Dataset examples that maximize neuron outputs



Convolutional Layers – Design Choices

• Filter size

• Number of filters

• Padding

• Stride



Convolutional Layers – Design Choices

Filter size

1x1
3x3

5x5



Convolutional Layers – Design Choices

Number of channels

N_out x N_in x 1 x 1

N_out x N_in x 5 x 5
N_out x N_in x 3 x 3



padding

No padding padding=1
https://github.com/vdumoulin/conv_arithmetic

Convolutional Layers – Design Choices



padding

No padding padding=1
https://github.com/vdumoulin/conv_arithmetic

output = input – filtersize + 2 * padding + 1

Convolutional Layers – Design Choices



Convolutional Layers – Design Choices

stride

stride = 1 stride = 2
https://github.com/vdumoulin/conv_arithmetic

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



CNNs – Other Layers

• Pooling layers

• Transposed convolution

• Upsampling layers



Pooling

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



Transposed Convolution

stride=1 stride=2
https://github.com/vdumoulin/conv_arithmetic

input

output



Transpose Convolution (checkerboard artifacts)

[Odena ‘16]



Upsampling layers

e.g., bilinear upsampling, nearest neighbor upsampling



Common Network Architectures

VGG16: one of the first “deep” CNNs



Common Network Architectures

(3x3 kernels)

For convolutional layers, the number of parameter is:

…

Screenshot: Rohit Thakur – from builtin.com

filters bias

Not suitable for image processing…



Image denoising with DnCNN

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



Residual Learning

Clean image    =     noisy image         -       estimated noise



Residual Learning

[He ‘15]

Popularized by residual nets “ResNets” for image classification



Batch Normalization

• Normalize the data along the “batch” dimension

• Can speed up and stabilize training

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



Image denoising with DnCNN

[Zhang ‘16]

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



[Zhang ‘16]



[Zhang ‘16]



U-Net: General-purpose architecture

[Ronneberger ‘15]



Introduced for biomedical image segmentation

• Uses residual connections

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

• Large receptive field

U-Net: General-purpose architecture



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

[Lin ‘17] 

U-Net: General-purpose architecture



U-Net: General-purpose architecture

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

[Araujo ‘19]



“Learning to see in the dark”

[Chen ‘18]

How to process low-light images?



[Chen ‘18]

“Learning to see in the dark”



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

“Learning to see in the dark”



[Chen ‘18]

“Learning to see in the dark”



[Metzler ‘20]

Deep optics for HDR imaging

some information is 
lost by the sensor...

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



[Metzler ‘20]

Deep optics for HDR imaging

The “encoder” (PSF) and the “decoder” (U-Net) are jointly optimized!



[Metzler ‘20]

Deep optics for HDR imaging

Training:
minimize the difference 

between reconstruction and 
tone-mapped GT images



[Metzler ‘20]

Deep optics for HDR imaging



[Metzler ‘20]



Image Relighting

[Sun ‘19]



Image Relighting

[Sun ‘19]
How did they get the training data?



Image Relighting

[Sun ‘19]

Light-stage dataset capture (Google)



Image Relighting

[Sun ‘19]

Re-rendered
image

Environment
map

OLAT photos
(columns)



Image Relighting

[Sun ‘19]



1.  Collect training images and labels

2.  Define a model = parametric function 
with discretized outputs

3.  Define a loss = score function

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

5.  Evaluate the model on unseen 
images
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What if we do not have access to clean data?

Data-Driven Approach

(e.g. for denoising)



Noise2Noise

U-Net

input output

noisy image 1 noisy image 2

• L2-loss → mean value

• L1-loss → median value

[Lehtinen ’18]

ℒ

The network can only 
predict the signal, not 

the noise!



Noise2Noise

[Lehtinen ’18]
Ground truth Corrupted image N2N BM3D



Noise2Noise

[Lehtinen ’18]



What if we only have one corrupted image?



Maximum-A-Posteriori (MAP) Problems

I have:

• a measurement (observation): 𝑦

• a likelihood model: Likelihood(𝑦|𝑥) 

• a prior model: Prior(𝑥) 

I want to find the best model 𝑥∗:
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<latexit sha1_base64="4HWZAomQ4y9TH7h6r2jvE62tivA=">AAACBHicbVDLSsNAFJ3UV62vqMtugkVoNyURXxuh6MZlBfuANoTJdNoOnTyYuZGEWMGNv+LGhSJu/Qh3/o3TNgttPXDhcM69M/ceN+RMgml+a7ml5ZXVtfx6YWNza3tH391ryiAShDZIwAPRdrGknPm0AQw4bYeCYs/ltOWOriZ+644KyQL/FpKQ2h4e+KzPCAYlOXrxogs0hhSLgYfjsRM/hOXkPq6E5bji6CWzak5hLBIrIyWUoe7oX91eQCKP+kA4lrJjmSHY6m1ghNNxoRtJGmIywgPaUdTHHpV2Oj1ibBwqpWf0A6HKB2Oq/p5IsSdl4rmq08MwlPPeRPzP60TQP7dT5ocRUJ/MPupH3IDAmCRi9JigBHiiCCaCqV0NMsQCE1C5FVQI1vzJi6R5VLVOqyc3x6XaZRZHHhXRASojC52hGrpGddRABD2iZ/SK3rQn7UV71z5mrTktm9lHf6B9/gAEAZhV</latexit>

= argmaxx p(y|x)p(x)
<latexit sha1_base64="h5m4DBxb5G+9vX/iWtb3VWB+X/M=">AAACEHicbZDLSgMxFIYz9VbrrerSTbCI7cIyI942QtGNywr2Am0pmTRtQzOZITkjHcb6Bm58FTcuFHHr0p1vY3oRtPWHwMd/zuHk/G4guAbb/rISc/MLi0vJ5dTK6tr6Rnpzq6z9UFFWor7wVdUlmgkuWQk4CFYNFCOeK1jF7V0O65VbpjT35Q1EAWt4pCN5m1MCxmqm98/rwPoQE9XxuBw0+/cHdeF3cJCN7vq5H+7nmumMnbdHwrPgTCCDJio205/1lk9Dj0mggmhdc+wAGmYPcCrYIFUPNQsI7ZEOqxmUxGO6EY8OGuA947Rw21fmScAj9/dETDytI881nR6Brp6uDc3/arUQ2meNmMsgBCbpeFE7FBh8PEwHt7hiFERkgFDFzV8x7RJFKJgMUyYEZ/rkWSgf5p2T/PH1UaZwMYkjiXbQLsoiB52iArpCRVRCFD2gJ/SCXq1H69l6s97HrQlrMrON/sj6+AYj3Zyh</latexit>

= argminx � log p(y|x)� log p(x)

data term regularizer



Denoising is a MAP Problem

Gaussian

We need an explicit priorYou will learn how to solve this optimization 
problem efficiently in the next lecture...

We only have one image...
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x? = argminx kx� x0k2 � ↵ log p(x)
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x0 = x+ noise



Deep Image Prior

Neural networks convey an implicit prior!
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x = f✓(z)

image neural 
network

random 
input 

(noise)

<latexit sha1_base64="5eFEMnfSw7CdVeLiJ90udqkzxrQ="></latexit>

✓⇤ = argmin✓ {kf✓(z)� x0k2}
<latexit sha1_base64="a2hWkzvkfOpsiB+tbey15gY3GfE=">AAAB/HicbVDLSgNBEJz1GeNrNUcvg0GIOYRdEfUiBL14jGAekGzC7GQ2GTL7YKZXXJf4K148KOLVD/Hm3zhJ9qCJBQ1FVTfdXW4kuALL+jaWlldW19ZzG/nNre2dXXNvv6HCWFJWp6EIZcsligkesDpwEKwVSUZ8V7CmO7qe+M17JhUPgztIIub4ZBBwj1MCWuqZhYdu+dLrpR0YMiDd8rj0eNwzi1bFmgIvEjsjRZSh1jO/Ov2Qxj4LgAqiVNu2InBSIoFTwcb5TqxYROiIDFhb04D4TDnp9PgxPtJKH3uh1BUAnqq/J1LiK5X4ru70CQzVvDcR//PaMXgXTsqDKAYW0NkiLxYYQjxJAve5ZBREogmhkutbMR0SSSjovPI6BHv+5UXSOKnYZxX79rRYvcriyKEDdIhKyEbnqIpuUA3VEUUJekav6M14Ml6Md+Nj1rpkZDMF9AfG5w+8hJQu</latexit>

x⇤ = f✓⇤(z)
The denoised imaged is implicitly represented by the weights of a NN



Deep Image Prior

Neural networks convey an implicit prior!
<latexit sha1_base64="5eFEMnfSw7CdVeLiJ90udqkzxrQ="></latexit>

✓⇤ = argmin✓ {kf✓(z)� x0k2}
<latexit sha1_base64="a2hWkzvkfOpsiB+tbey15gY3GfE=">AAAB/HicbVDLSgNBEJz1GeNrNUcvg0GIOYRdEfUiBL14jGAekGzC7GQ2GTL7YKZXXJf4K148KOLVD/Hm3zhJ9qCJBQ1FVTfdXW4kuALL+jaWlldW19ZzG/nNre2dXXNvv6HCWFJWp6EIZcsligkesDpwEKwVSUZ8V7CmO7qe+M17JhUPgztIIub4ZBBwj1MCWuqZhYdu+dLrpR0YMiDd8rj0eNwzi1bFmgIvEjsjRZSh1jO/Ov2Qxj4LgAqiVNu2InBSIoFTwcb5TqxYROiIDFhb04D4TDnp9PgxPtJKH3uh1BUAnqq/J1LiK5X4ru70CQzVvDcR//PaMXgXTsqDKAYW0NkiLxYYQjxJAve5ZBREogmhkutbMR0SSSjovPI6BHv+5UXSOKnYZxX79rRYvcriyKEDdIhKyEbnqIpuUA3VEUUJekav6M14Ml6Md+Nj1rpkZDMF9AfG5w+8hJQu</latexit>

x⇤ = f✓⇤(z)

Why 𝑥∗ ≠ 𝑥"?
• The neural network cannot represent any image

• The minimization step can be stopped before convergence

[Ulyanov ‘18]



Deep image prior

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

Must be optimized from scratch every time [Ulyanov ‘18]



Deep Image Prior

[Ulyanov ‘18]



Deep image prior

[Ulyanov ‘18]



Deep image prior

[Ulyanov ‘18]



Deep image prior

[Ulyanov ‘18]



Deep image prior

The network fits real images faster than noise [Ulyanov ‘18]



Deep image prior

CorruptedGT Trained CNN DIP

[Ulyanov ‘18]



Deep image prior

CorruptedGT CSC DIP

[Ulyanov ‘18]



Summary
• CNNs

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

• Application:
• Learning to see in the dark
• Deep optics for HDR imaging

• Relighting
• Noise2Noise

• Deep Image Prior
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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, CS348I, CS228


