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The “GenAlI” Era

Chatbot and natural language conversation

What are deep generative models?

Deep generative models are a class of machine learning models that are capable
of generating new data samples that resemble a given dataset. They learn the
underlying distribution of the data and use this knowledge to create new
instances that are similar to the original data but not identical to any specific

training exa @
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The “GenAlI” Era

Text-to-image generation
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The “GenAlI” Era

Al assistant for code generation




The “GenAlI” Era

Protein design and generation

Watson, et al. De novo design of protein structure and function with RFdiffusion, Nature 2023



The “GenAlI” Era

Weather forecasting

Skilful precipitation nowcasting using deep generative models of radar, Nature 2021
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Image-to-image generation
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Image-to-image generation

Nano Banana Pro



The “GenAlI” Era

Image-to-image generation
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The “GenAlI” Era

Image-to-image generation

Nano Banana Pro
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Image-to-image generation

Nano Banana Pro



The “GenAlI” Era
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The “GenAlI” Era
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The “GenAlI” Era
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The “GenAl” Era
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S K A3 MBRRL: A

20274F K BRI Agent x4 47 i i i R0
o 00 O O 51 )
ARB R T, 228, 9 100 4, HLME 120 289,
ERWIR:

|, B8R, WWACKHER. NG, REASANEREIR L,
2, A SELEERERNEOR, BLTERMNTELR.
3, MHAERAETRES, VILRANE.
4, BEKAE, WSAenEEN—8 L2,

= RIERE (£EAE, SN2 S, Hwh BAERAAA-TRERS)
1. Agent MECIRYENRT U PSP ESHEHT?

Ao LLM » WK « B il B, LLM + IR3§ + i2tZ « THOH
C, LM - (RUES - APL 4R D, LLM + RR% - ®%
2, ReAa HAMMLOH BRSNS ELY
A, WA (Planning) 5189 (R g) B, B4 (Thought) 5178 (Action)
C, 1212 (Memory) S8R (Retricval) D. fi% Cpstroction) S5 (Feedback)
3 EEWRADESD, UFSRRCEMLRMAM YR IIME ks LOHESY
A, Pipeline BT B Boss-Worker W58 C HbidieRR D, W4f Agent A
4. NTHIE Agent HUN " ERMHF". REAMNLTHTARE
A MO KEANBE (Temperature) B, REURAE R SR R &1
C. MAhLFIEA D. fEREAHIRY
5. fF LangGraph ', “if (Bdge) * RIEFHSLAR, REMKBEF;
A RT IR A B EHEMMERES . EESNEEXR D. £REEYaan

6. R RAG W “RENREEFRT R RSIL
A BRIt R B. W& TopK B C. EWEERER Wy D. Bl RHL

T, (RREENUE SRR R
A. BAELR (Prompt Exgineermg) B, MRBRKNMACLIE C MNEREGE D REAEAREN

S Mt Agem NEABLTEEF QL
A. (EHRTHS B ¥HRALE C, R¥SHER D. LARERRE

=, OROE (Rt dE, BARR, 28)

9. Agent RS ENARTUREN, . . - KR,
10, SN ETLZMM, " Summary Bulfer” BfFMRNHESERE . WA Token.
11, Orchestrator-Workens #54, Orchestiraar MIBMCHINRESN__ WR¥H —

12, 871 RAG RRBRENATRORENE, RANE. '

=, MER (ZER4AE, G0Me s, K21

13, G React A THEAR, HEWNEY.

14 {HAR "REAFEMNIE (ReNection/Sclf-Comection) ™ B30 A XHERRAKDERA Agent H51 50,

15, LR Agent B, BOIRF Stne Schema KA GEN “HEFH " HEY

16, SRR EREERGT (IR . §# Agentic RAG B DR ESEN St RERT?

M, SMHNM (EEA 2 E, GAE 125, #248)

17, (125) REEHMAEITEER Agem SWUR “HH THENER” £ "SRAREAER" NAE.
ANWEREMER, FER-BESNICLIR (KENER, TR, RRFFY).

18, (128 Wbt EeHsR RN TE Multi-Agent 8. EREBER “H R — RARY — ((HIR - (B
fi — MTRMELUR" NSER. @al R B % Agem BIBIRRDHH L.

AR (EER2AE, WME RS, Rus)

19, REHH “2027 £ XM Agent HARDY" MEMW, FRASALMEBNMBIN THMELERRA,

20. ERRAG. KL 0 F | IR NNEE, SR Agent T BARERY. RRRH. BEAN. RAKLY S
e

WIW ks
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GPT-Image-2
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Text-to-video generation
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ext-to-video generation
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Text-to-video generation
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Text-to-video generation
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Video-to-video generation




What are Generative Models?



What do these scenarios have In common?

There are multiple or infinite predictions to
one input.

« Some predictions are more “plausible”
than some others.

Image generation

o _ Chatbot
Training data may contain no exact | oma
solution. W %‘igv

Predictions may be more complex, more

Input. Video generation

Informative, and higher-dimensional than
Protein generation




Discriminative vs. Generative models

discriminative

“sample” X = “label” y
one desired output

generative

“label”’y = “sample” X

many possible outputs

discriminative

generative

y

6‘d0g97




Discriminative vs. Generative models

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

p(z|y = 0)

 Generative models can be discriminative: Bayes’ rule

 Can discriminative models be generative?



 (Generative models can be discriminative: Bayes’ rule

plulz) =B
generative ‘

assuming known prior

constant for given x



 (Generative models can be discriminative: Bayes’ rule
assuming known prior

p(y)
p(yl|z) =p(2ly)
( _| p(z)
generative constant for given x
 Can discriminative models be generative?
still need to model prior

p(x\y) o p(y|$)p($) distribution of x

" p(y)

generative :
constant for giveny

* The challenge is about representing and predicting distributions



Probabilistic modeling

* Where does probability come from?

Assuming underlying distributions of data Identity
generation process

Pose

example:
« latent factors z(pose, lighting, scale, ...)
* zhas simple distributions

* observations x are rendered by a “world model” that’s
a function on z

* observations x have complex distributions

* Probability is part of the modeling.



Generative models w/ probabilistic modeling

data P

4.



Generative models w/ probabilistic modeling

data

« This is already part of
the modeling

distribution of
data




Generative models w/ probabilistic modeling

data

distribution of
data

estimated
distribution of
data

Optimize a loss function

L(4b , )



Generative models w/ probabilistic modeling

data

distribution of
data

sample new “data”
estimated p
distribution of z ~ p(z|y)

data



Generative models w/ probabilistic modeling

data
distribution
of data
estimate prob density
estimated =9
distribution p(z|y)

of data



Generative models w/ probabilistic modeling

Notes:

- Generative models involve statistical models which are often designed and
derived by humans.

 Probabilistic modeling is not just the work of neural nets.
 Probabilistic modeling is a popular way, but not the only way.

« "All models are wrong, but some are useful.” - George Box



Deep Generative Models

* Deep learning is representation learning X

 Learning to represent data instances

WPUT ';
222 o
Cormestulion

* map data to feature:

* minimize loss w/ targel — f(z)

L(y, f(x))



Deep Generative Models

Deep learning is representation learning T

Learning to represent data instances

* map datato feature: ()

« minimize loss w/ target: E(yv f(iv)) g(ﬂ')

Learning to represent probability distributions

« map a simple distribution (Gaussian/uniform) to a complex one:

* minimize loss w/ data distribution:
L(pz, 9(m))

Often perform both together




Learning to represent probability distributions

* From simple to complex distributions

to approximate
9(2) ~ Do

simple distribution 7T o
data distribution Py



Learning to represent probability distributions

* Not all parts of distribution modeling is done by learning

Case study:

: Thisd d h is desianed
Autoregressive model Is depenaency graph Is designe

(not learned).



Learning to represent probability distributions

* Not all parts of distribution modeling is done by learning

Case study: _ The mapping function is learned
Autoregressive model (e.g., Transformer)



Learning to represent probability distributions

* Not all parts of distribution modeling is done by learning

Case study:
Diffusion model m
"o SR TT This dependency graph is

designed (not learned).
denoising

IR I IR Ne

L Lt LT



Learning to represent probability distributions

* Not all parts of distribution modeling is done by learning

Case study:
Diffusion model m
L0 Tt TT
denoising
O O 6\0 e

The mapping function is learned
(e.g., Unet)



Deep Generative Models may involve:

Formulation:

 formulate a problem as probabilistic modeling

 decompose complex distributions into simple and tractable ones
Representation: deep neural networks to represent data and their distributions
Objective function: to measure how good the predicted distribution is
Optimization: optimize the networks and/or the decomposition

Inference:
« sampler: to produce new samples
* probability density estimator (optional)



Formulating Real-world Problems as
Generative Models



Formulating Real-world Problems as Generative Models

* (Generative models are about

What can be y?

condition
constraint

labels
attributes

more abstract
less informative

p(z|y)

What can be x?

“data,,
samples

observations
measurements

more concrete
more Informative




Case study: Formulating as p(x|y)

« Natural language conversation
y. prompt

What are deep generative models?

Deep generative models are a class of machine learning models that are capable
of generating new data samples that resemble a given dataset. They learn the
underlying distribution of the data and use this knowledge to create new X response Of the ChatbOt

instances that are similar to the original data but not identical to any specific

training exa @

@ Message ChatGPT




Case study: Formulating as p(x|y)

« Text-to-image/video generation

Prompt: ~*~aesthetic~*~ #boho #fashion, full-body 30-something woman laying on microfloral grass, candid pose, overlay reads
Stable Diffusion 3.5, cheerful cursive typography font.

P

y: text prompt

X: generated visual content




Case study: Formulating as p(x|y)

« Text-to-3D structure generation

¥ "

X: generated
3D structures

y: text prompt

“motorcycle” mech suit” “ghost lantern” “furry fox head”

s

-

s :
A

“dresser” “swivel chair” “astronaut” “mushroom house”




Case study: Formulating as p(x|y)

* Image-to-3D structure generation

X: generated 3D
structures

y. Image prompt




Case study: Formulating as p(x|y)

* Image-to-3D structure generation

X: generated 3D
structures

y. Image prompt




Case study: Formulating as p(x|y)

 Protein structure generation

8 X: generated
y: condition/constraint " protein structures

(e.g., symmetry)

Watson, et al. De novo design of protein structure and function with RFdiffusion, Nature 2023



Case study: Formulating as p(x|y)
* “Unconditional” Image generation

y. an implicit condition
“images following CIFAR10
distribution”

X: generated CIFAR10-like images

* p(x]y): images ~ CIFAR10
* p(x): all images

Images generated by: Karras, et al. Elucidating the Design Space of Diffusion-Based Generative Models, NeurlPS 2022



Case study: Formulating as p(x|y)

* |mage captioning

y: an image as the “condition” X: plausible descriptions
conditioned on the image

a baseball player with a catcher and umpire on top of a baseball field.

a baseball player is sliding into a base.

a baseball player swings at a pitch with the pitcher and umpire behind him.
baseball player with bat in the baseball game.

a batter in the process on the bat in a baseball game.

figure credit: https://github.com/GoogleCloudPlatform/asl-ml-immersion/blob/master/notebooks/multi_modal/solutions/image_captioning.ipynb



Case study: Formulating as p(x|y)

« Chatbot with visual inputs

( User

What is unusual about this image? )

y. Image and text prompt

/

Source: https://www.barnorama.com/wp-c¢

ontent/uploads/2016/12/03-Confusing-Pictures. jpg X: response Of the ChatbOt

GPT-4 The unusual thing about this image is that a man is ironing clothes on an ironing
board attached to the roof of a moving taxi.

N\




Case study: Formulating as p(x|y)

» Policy Learning in Robotics x: policies

y: visual and other sensory (probability of actions)
observations '

Chi, et al. Diffusion Policy: Visuomotor Policy Learning via Action Diffusion, RSS 2023



Formulating Real-world Problems as Generative Models

Generative models are about p(x|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
Lnu IIIIIIIL non-parametric =
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p ANEEEE B

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
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atC atC Patchmatch: a randomized correspondence algorithm for

structural image editing. TOG, 20009.

Retargeting / Reshuffling

Repeat
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atC atC Patchmatch: a randomized correspondence algorithm for

structural image editing. TOG, 20009.
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atC atC Patchmatch: a randomized correspondence algorithm for

structural image editing. TOG, 20009.

Intuition for PatchMatch
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Intuition for PatchMatch
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Intuition for PatchMatch
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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
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atC atC Patchmatch: a randomized correspondence algorithm for
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Random Search
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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.

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
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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
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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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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.
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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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(d) Encoder-decoder, depth=2 (e¢) ResNet, depth=8 (f) U-net, depth=5



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)



