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The Space of All Images

• Lets consider the space of 
all 100x100 images

• Now lets randomly sample 
that space…

• Conclusion: Most images 
are noise

Question:
What do we expect a random uniform 

sample of all images to look like?

Slide source: Steve Seitz




Statistical modeling of images
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Natural Image Manifolds
• Most images are “noise”

• “Meaningful” images tend 
to form some manifold 
within the space of all 
images

The Space of All Images

Slide source: Steve 
Seitz



Random images

Noise to Images

cat images

Slide source: Steve Seitz

Generating Images from Noise



Let’s start with manifold of textures



Parametric Texture Synthesis

Goal: parametric generative model of the 
“infinite texture”

True (infinite) texture

SYNTHESIS

generated image

input image



Making two textures more similar



Jim Bergen’s conjecture
“If matching the mean amplitude of a bandpass spatial filter’s 
response goes a little way towards mimicking human texture 
perception, then maybe matching the histogram of the responses of 
filters (the marginal statistics) will do an even better job of capturing 
human texture perception.”

Dave Heeger’s response
“You mean if I took a pyramid of some random noise, and forced the 
histograms of each subband level to match those of some target 
texture, that the modified noise image would then look like that 
texture???  No way!  I’ll prove it to you;  here, let me try it out…     
hmm, gee, that worked pretty well…”



 Heeger & Bergen (SIGGRAPH 1995)



Step 1: Compute Pyramid Features

input Noise image



Step 2: match per--channel histograms

input Noise image



Step 3: collapse pyramid and repeat!

input Noise image



Texture-motivated Parametric
Generative Image Models!



Parametric Texture Synthesis
Image 
Space

Model 
Space

Images with equal
model response

Portilla & Simoncelli 
(2000)

Heeger & Bergen, 1995
Portilla & Simoncelli, 2000
Gatys et al, 2015



Heeger & Bergen, 
SIGGRAPH‘95







Simoncelli & Portilla ’98+

• Marginal statistics are not enough 
•  Neighboring filter responses are highly correlated 

– an edge at low-res will cause an edge at high-res
• Let’s match 2nd order statistics too!

• J Portilla and E P Simoncelli. A Parametric Texture Model based on Joint Statistics of 
Complex Wavelet Coefficients. Int'l Journal of Computer Vision. 40(1):49-71, October, 2000.





Convolutional Neural 
Network Texture Model

2.
37.
13.
8

Convolutional Neural Network

Gatys et al. (NIPS 
2015)



Texture SynthesisImage 
Space

Model 
Space

Images with equal
model response

Portilla & Simoncelli 
(2000)



CNN - Multiscale Filter Bank
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CNN - Texture Features



CNN-Texture Features
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Gram 
Matrices



Texture Synthesis
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Gatys Texture Synthesis



“Shetland
Sheepdog”

image X label Y

Convolution
al Neural 
Network

ImageNet Recognition 
is just Texture Recognition



image X label Y

Convolution
al Neural 
Network

Gatys et al, 2017

“Shetland
Sheepdog”

ImageNet Recognition 
is just Texture Recognition

http://www.sciencedirect.com/science/article/pii/S095943881730065X
http://www.sciencedirect.com/science/article/pii/S095943881730065X


A Neural Algorithm
of Artistic Style

Gatys, Ecker, Bethge (arXiv 
2015)





Van Gogh (1889)



Picasso (1910)



Munch (1893)



Turner (1805)



Kandinsky (1913)



CNN - Texture Synthesis

Gatys et al. (NIPS 
2015)



Artistic Style Transfer
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General Style Transfer



General Style Transfer













GANs as generative models
• G tries to synthesize fake images that fool the best D
• D tries to identify the fakes

Source: Isola, Freeman, Torralba



GANs can “walk” on the manifold



• Conjecture: GANs might be learning the “right” 
features to match for natural images

GANs as Texture Synthesis?



Projecting onto the “Image Manifold”

Image 
Space

Model 
Space

Images with equal
model response

Portilla & Simoncelli 
(2000)



Diffusion / Flow Matching



Generate 100 images

slide from Steve  Seitz’s video

https://youtu.be/lyodbLwb2lY
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Generate 100 images of raspberries

slide from Steve  Seitz’s video

https://youtu.be/lyodbLwb2lY
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Key insight
• Globally, creation is much harder than 

destruction

• But locally, they are almost reversable!



raspberry
images

random 
images

slide from Steve  Seitz’s video

https://youtu.be/lyodbLwb2lY


Denoising neural network

Image
Denoiser

This network can be a U-Net or other 
suitable image-to-image network

Slide source: Steve Seitz



Training U-Net Denoiser
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Training U-Net Denoiser
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Image Diffusion
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Image Diffusion
Image 
Space

Model 
Space

Images with equal
model response

+



Flow Matching

denoise blend
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raspberry beret
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beret of raspberries
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An astronaut riding a horse in a photorealistic style (Dall-E 
2) slide from Steve  Seitz’s video

https://youtu.be/lyodbLwb2lY


Impressive 
compositionality:

DALL-E + Danielle Baskin



Project 3 out!



Salvador Dalí,
Paranoiac Face. 1937.

Can generative models make 
Multi-View Optical 

Illusions?



Visual Anagrams: Generating Multi-View 
Optical Illusions with Diffusion Models

Daniel Geng Aaron Park Andrew Owens
University of Michigan

CVPR 2024

https://dangeng.github.io/visual_anagrams/


https://dangeng.github.io/visual_anagrams/











Diffusion Models

“a photo of 
a puffin”



“an oil painting of people 
around a campfire”

Method

“an oil painting 
of an old man”



Method
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