Recap.



What do these scenarios have in common?

There are multiple or infinite predictions
to one Input.

« Some predictions are more “plausible”
than some others. (High-Quality)

Image generation

Chatbot
. Training data may contain no exact | .
solution. (Diversity) A ‘ %‘igv
Predictions may be more complex, more
Informative, and higher-dimensional than s _ Y?\%E
input. Video generation

Protein generation



Discriminative vs. Generative models

discriminative p(y|z) generative p(z|y)

p(z|y = 0)

* Generative models can be discriminative: Bayes’ rule

 Can discriminative models be generative?

p(zly = 1)



Generative models w/ probabilistic modeling

data
distribution « Optimize a loss function
of data
L(4 , )
estimated
distribution

of data



_earning to represent probability distributions

* From simple to complex distributions

to approximate
g(z) ~ Pz

simple distribution 7T
data distribution Py



Formulating Real-world Problems as Generative Models

 Generative models are about p(z|y)

What can be y? What can be x?

e condition e “data”

* constraint « samples

« labels e observations

e attributes * measurements

* more abstract * more concrete

* less informative  more Informative




Formulating Real-world Problems as Generative Models

 Generative models are about p(z|y)

« Many problems can be formulated as generative models
 What’s x? What’s y?

* How to represent X, y, and their dependence?



Image Manipulation
with Example



How to Generate Images?




Generative Models before the “GenAlI” Era

l
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.E sampling
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Input image

Synthesizing a pixel



Generative Models before the “GenAlI” Era

Synthesized Textures
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Source textures

Increasing size of neighborhood search window: w(p)
[Efros and Leung 99]



Generative Models before the “GenAlI” Era

Synthesized Textures

Source textures
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[Efros and Leung 99]
Texture Synthesis by Non-parametric Sampling, ICCV 1999



* C. Barnes, E. Shechtman, A. Finkelstein, and D. Goldman.
atC atC Patchmatch: a randomized correspondence algorithm for

structural image editing. TOG, 20009.

(a) Original (b) Inpainting (c) Retarget  (d) Reshuffle




* C. Barnes, E. Shechtman, A. Finkelstein, and D. Goldman.
atC atC Patchmatch: a randomized correspondence algorithm for

structural image editing. TOG, 20009.

(a) Original (b) Inpainting (c) Retarget  (d) Reshuffle




* C. Barnes, E. Shechtman, A. Finkelstein, and D. Goldman.
atC atC Patchmatch: a randomized correspondence algorithm for

structural image editing. TOG, 20009.

Traditional Photo Editing
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* C. Barnes, E. Shechtman, A. Finkelstein, and D. Goldman.
atC atC Patchmatch: a randomized correspondence algorithm for

structural image editing. TOG, 20009.

Hole Filling

Initialize




* C. Barnes, E. Shechtman, A. Finkelstein, and D. Goldman.
atC atC Patchmatch: a randomized correspondence algorithm for

structural image editing. TOG, 20009.

Hole Filling

Initialize Find NN
hole inside — out




* C. Barnes, E. Shechtman, A. Finkelstein, and D. Goldman.
atC atC Patchmatch: a randomized correspondence algorithm for

structural image editing. TOG, 2009.

Hole Filling

Initialize
hole




* C. Barnes, E. Shechtman, A. Finkelstein, and D. Goldman.
atC atC Patchmatch: a randomized correspondence algorithm for

structural image editing. TOG, 20009.

Hole Filling

Initialize
hole




* C. Barnes, E. Shechtman, A. Finkelstein, and D. Goldman.
atC atC Patchmatch: a randomized correspondence algorithm for

structural image editing. TOG, 20009.

Retargeting / Reshuffling

Repeat




* C. Barnes, E. Shechtman, A. Finkelstein, and D. Goldman.
atC atC Patchmatch: a randomized correspondence algorithm for

structural image editing. TOG, 20009.

Retargeting / Reshuffling

r

1 : a D)
Initial j Update




* C. Barnes, E. Shechtman, A. Finkelstein, and D. Goldman.
atC atC Patchmatch: a randomized correspondence algorithm for

structural image editing. TOG, 20009.

Intuition for PatchMatch
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Intuition for PatchMatch




* C. Barnes, E. Shechtman, A. Finkelstein, and D. Goldman.
atC atC Patchmatch: a randomized correspondence algorithm for

structural image editing. TOG, 20009.

Intuition for PatchMatch
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Patchmatch: a randomized correspondence algorithm for
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* C. Barnes, E. Shechtman, A. Finkelstein, and D. Goldman.
atC atC Patchmatch: a randomized correspondence algorithm for

structural image editing. TOG, 20009.

Propagation




* C. Barnes, E. Shechtman, A. Finkelstein, and D. Goldman.
atC atC Patchmatch: a randomized correspondence algorithm for
Propagation

structural image editing. TOG, 20009.
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* C. Barnes, E. Shechtman, A. Finkelstein, and D. Goldman.
atC atC Patchmatch: a randomized correspondence algorithm for
Propagation

structural image editing. TOG, 20009.




* C. Barnes, E. Shechtman, A. Finkelstein, and D. Goldman.
atC atC Patchmatch: a randomized correspondence algorithm for
Propagation

structural image editing. TOG, 20009.

After propagation:
flx, y) = argmin,, { current, left, above }




* C. Barnes, E. Shechtman, A. Finkelstein, and D. Goldman.
atC atC Patchmatch: a randomized correspondence algorithm for
structural image editing. TOG, 2009.
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* C. Barnes, E. Shechtman, A. Finkelstein, and D. Goldman.
atC atC Patchmatch: a randomized correspondence algorithm for

structural image editing. TOG, 20009.

Propagation




* C. Barnes, E. Shechtman, A. Finkelstein, and D. Goldman.
atC atC Patchmatch: a randomized correspondence algorithm for

structural image editing. TOG, 20009.

Propagation Only

Correspondence Vectors Reconstruction of image A
(red: x, blue: y) using patches from image B




* C. Barnes, E. Shechtman, A. Finkelstein, and D. Goldman.
atC atC Patchmatch: a randomized correspondence algorithm for

structural image editing. TOG, 20009.

Random Search




* C. Barnes, E. Shechtman, A. Finkelstein, and D. Goldman.
atC atC Patchmatch: a randomized correspondence algorithm for

structural image editing. TOG, 20009.

Random Search

SEnan)




* C. Barnes, E. Shechtman, A. Finkelstein, and D. Goldman.
atC atC Patchmatch: a randomized correspondence algorithm for

structural image editing. TOG, 20009.

Random Search

After propagation and search:
fx, y) = argmin,, { candidate offsets }




* C. Barnes, E. Shechtman, A. Finkelstein, and D. Goldman.
atC atC Patchmatch: a randomized correspondence algorithm for

structural image editing. TOG, 20009.

Random Search Only

Correspondence Vectors Reconstruction of image A
(red: x, blue; y) using patches from image B




* C. Barnes, E. Shechtman, A. Finkelstein, and D. Goldman.
atC atC Patchmatch: a randomized correspondence algorithm for

structural image editing. TOG, 20009.

Convergence

Correspondence Vectors Reconstruction of image A
(red: x, blue: y) using patches from image B




* C. Barnes, E. Shechtman, A. Finkelstein, and D. Goldman.
atC atC Patchmatch: a randomized correspondence algorithm for

structural image editing. TOG, 20009.

Convergence

Correspondence Vectors Reconstruction of image A
(red: x, blue: y) using patches from image B




* C. Barnes, E. Shechtman, A. Finkelstein, and D. Goldman.
atC atC Patchmatch: a randomized correspondence algorithm for

structural image editing. TOG, 20009.

onvergence

Propagation Random PatchMatch Ground
Search Truth
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* C. Barnes, E. Shechtman, A. Finkelstein, and D. Goldman.
atC atC Patchmatch: a randomized correspondence algorithm for

structural image editing. TOG, 20009.

Deformation Constraints
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Deformation Constraints

Partially retargeted
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Deformation Constraints

Partially retargeted
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Deformation Constraints

Partially retargeted



* C. Barnes, E. Shechtman, A. Finkelstein, and D. Goldman.
atC atC Patchmatch: a randomized correspondence algorithm for

structural image editing. TOG, 20009.

Line Constraints

Improved  Ourresult

seam carving
[Rubinstein ‘08]




* C. Barnes, E. Shechtman, A. Finkelstein, and D. Goldman.
atC atC Patchmatch: a randomized correspondence algorithm for

structural image editing. TOG, 20009.




* C. Barnes, E. Shechtman, A. Finkelstein, and D. Goldman.
atC atC Patchmatch: a randomized correspondence algorithm for
structural image editing. TOG, 20009.
Limitations

- Poor convergence on pathological inputs

. Limits on scaling/rotation

Reconstruction of A



PatchMatch
* SOTA image editing 10 years ago

* We can see some metaphors...

Propagation: CNN, Autoregressive Models
Random Search: Diffusion Models, Transformer
ControlNet

* But there are no new content generated. ..

Just algorithms, not models (without learning)



Deep Image Prior



- Ulyanov, Dmitry, Andrea Vedaldi, and Victor Lempitsky.
ee p I I l ag e r I O r "Deep image prior." Proceedings of the IEEE conference on

computer vision and pattern recognition. 2018.

In image restoration problems the goal is to recover original image & having a corrupted image xg. Such problems are often formulated as an optimization task:

min E(z;z0) + R(z), (1)

where E(x; zg) is a data term and R(z) is an image prior. The data term E(z; zp) is usually easy to design for a wide range of problems, such as super-resolution,
denoising, inpainting, while image prior R(z) is a challenging one. Today's trend is to capture the prior R(z) with a ConvNet by training it using large number of examples.

We first notice, that for a surjective g : 8 — x the following procedure in theory is equivalent to (1):

xin Bi(g(0): o) -+ Rig(d)) .

In practice g dramatically changes how the image space is searched by an optimization method. Furthermore, by selecting a "good" (possibly injective) mapping g, we could
get rid of the prior term. We define g(8) as fg(2), where fis a deep ConvNet with parameters @ and z s a fixed input, leading to the formulation

min B fo(2); Zo) -

Here, the network fj is initialized randomly and input z is filled with noise and fixed.

In other words, instead of searching for the answer in the image space we now search for it in the space of neural network's parameters. We emphasize that we
never use a pretrained network or an image database. Only corrupted image xg is used in the restoration process.
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- Ulyanov, Dmitry, Andrea Vedaldi, and Victor Lempitsky.
ee p I I l ag e r I O r "Deep image prior." Proceedings of the IEEE conference on

computer vision and pattern recognition. 2018.
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Recap.

« Deep image prior uses individual network for each image

to approximate
9(2) ~ Do

simple distribution 7T o
data distribution Py



- Ulyanov, Dmitry, Andrea Vedaldi, and Victor Lempitsky.
ee p I I l ag e r I O r "Deep image prior." Proceedings of the IEEE conference on

computer vision and pattern recognition. 2018.
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Compressed Sensing /
Low-Rank Approximation

(¢) ,

https://en.wikipedia.org/wiki/Low-rank_approximation



- Ulyanov, Dmitry, Andrea Vedaldi, and Victor Lempitsky.
ee p I I l ag e r I O r "Deep image prior." Proceedings of the IEEE conference on

. computer vision and pattern recognition. 2018.
JPEG Artifacts removal

=

Corrupted Deep image prior




- Ulyanov, Dmitry, Andrea Vedaldi, and Victor Lempitsky.
e e p I I l ag e r I O r "Deep image prior." Proceedings of the IEEE conference on

Inpainting

computer vision and pattern recognition. 2018.




- Ulyanov, Dmitry, Andrea Vedaldi, and Victor Lempitsky.
ee p I I l ag e r I O r "Deep image prior." Proceedings of the IEEE conference on

computer vision and pattern recognition. 2018.




- Ulyanov, Dmitry, Andrea Vedaldi, and Victor Lempitsky.
e e p I I l ag e r I O r "Deep image prior." Proceedings of the IEEE conference on

computer vision and pattern recognition. 2018.
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- Ulyanov, Dmitry, Andrea Vedaldi, and Victor Lempitsky.
e e p I I l ag e r I O r "Deep image prior." Proceedings of the IEEE conference on

computer vision and pattern recognition. 2018.

{ » 1' ‘ . :
—_T MS_

(a) Original image (b) Corrupted image (c) Shepard networks [!1] (d) Deep Image Prior



Ulyanov, Dmitry, Andrea Vedaldi, and Victor Lempitsky.

D ee p I I I l ag e P r I O r "Deep image prior." Proceedings of the IEEE conference on
computer vision and pattern recognition. 2018.
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- Ulyanov, Dmitry, Andrea Vedaldi, and Victor Lempitsky.
ee p I I l ag e r I O r "Deep image prior." Proceedings of the IEEE conference on

computer vision and pattern recognition. 2018.

a) Hourglass-1 b) Hourglass-3 c) Hourglass-5 d) Skip-5 e) Skip-5-nearest




Ulyanov, Dmitry, Andrea Vedaldi, and Victor Lempitsky.
"Deep image prior." Proceedings of the IEEE conference on
computer vision and pattern recognition. 2018.
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Deep Image Prior

» Simplest/na’we generator, now we have models!
* Do not depend on large scale datasets
* Deep networks have their priors of images

e Slow...
o Still no new content generated

* Related works

« Tensor Decomposition / Compressed Sensing
* SINGAN (ICCV 2019 best paper)



