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Structure

• Vision is flourishing

• What does vision do? 
• Speculation tools are limited
• Big new player:  Generative models

• They know a lot of unexpected stuff
• They’re dumb about a lot of other stuff

• Agenda:  Fix generative models and stop regressing things
• Understand mistakes
• Build sensitive evaluation procedures
• Understand interactions between model architectures and weird behavior

• “inductive bias” (?)
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Applied 
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Learning

David Forsyth

Machine learning methods are now an important tool for scientists, researchers, engineers 
and students in a wide range of areas. Th is book is written for people who want to adopt and 
use the main tools of machine learning, but aren’t necessarily going to want to be machine 
learning researchers. Intended for students in fi nal year undergraduate or fi rst year graduate 
computer science programs in machine learning, this textbook is a machine learning toolkit. 
Applied Machine Learning covers many topics for people who want to use machine learning 
processes to get things done, with a strong emphasis on using existing tools and packages, 
rather than writing one’s own code.

A companion to the author’s Probability and Statistics for Computer Science, this book picks 
up where the earlier book left  off  (but also supplies a summary of probability that the reader 
can use).

 • Emphasizing the usefulness of standard machinery from applied statistics, this 
textbook gives an overview of the major applied areas in learning

 • Covers the ideas in machine learning that everyone going to use learning tools should 
know, whatever their chosen specialty or career.

 • Broad coverage of the area ensures enough to get the reader started, and to realize that 
it’s worth knowing more in-depth knowledge of the topic.

 • Practical approach emphasizes using existing tools and packages quickly, with enough 
pragmatic material on deep networks to get the learner started without needing to 
study other material.

Startups:

Lightform
Revery.ai

Reconstruct
Depix

The New Computer Vision

D.A. Forsyth

Likely about 2024

Cover design opportunity!

WRONG!
(maybe next year)



• UIUC has autonomous vehicles class 
• WITH ACTUAL VEHICLE!

Class project: brake for pedestrian







• Vision in general is flourishing
• Greatest strengths

• using data to construct effective, highly polished features
• increasingly focused on discrimination and regression for 

huge datasets
• a money game
• vast flood of “important” papers

Computer Vision Today



Molesworth, you must learn the value of spiritual things!

G. Willans and R. Searle
“Molesworth”, 

Penguin Classics reprint, 2000

What should a young researcher do?

Find career making problems and solve them

Attributes of career making problems:  

Change how others think and what they do
Broad scope

Technically hard, and require new insights
Unlike what everyone else is doing
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What does vision do?

• Describe the world
• to support: 

• movement, interaction, decision

• Predict the future
• you can see what you might hit before you hit it

• Allow speculation
• what would the world be like if:

• I moved?
• This moved?

• how could I do this better?
• etc.

Many aspects of classification and detection are largely closed.

Open questions: 
           what taxonomy? 

    change taxonomy with goal?
        efficiency, etc.

Similar activities, but not the same thing.  
Notice how extraordinary it

is that these problems seem do-able



What we should be able to do…

• Drag something around in its own scene

• Select something in one image/video, place in another

• Adjust scene by interaction with image/video

• Model:
• perfect inverse graphics+interaction+perfect render
• but this isn’t likely the best mechanism



Speculation tools

• Tools
• Object removal
• Relighting
• Object insertion
• Move camera, viewpoint
• Scene editing

Remarkably well understood

Confused
Confused, but promising

Highly confusing
Highly confusing

Confusion:  SOTA depends 
A LOT on the 

version of the task



Technologies

• Cut and paste
• Works a bit, but sometimes not

• Inverse graphics
• Spectacular at some cases, not great at others

• Image generators
• New kid on the block
• Erratic, but extremely promising



Cut and paste

Lalonde et al, 07



Lalonde et al, 07

Cut and paste



Lalonde et al, 07

Cut and paste



Illumination issues: bad match

Lalonde et al, 07Lalonde et al, 07



“Inverse Graphics” Strategy

• Inverse graphics
• Recover scene intrinsics from image

• Then forward graphics
• Render scene using these intrinsics

Barrow+Tenenbaum, 1978



Inverse graphics by regression

• Make image-like things from images
• depth map from image

• depth to closest surface at each pixel
• normal map from image

• normal at viewed surface at each pixel
• albedo map from image

• albedo at viewed surface at each pixel

• Procedure
• encode image

• with various methods!
• decode representation to (depth, normal, albedo)

Highly developed

Important recent trick:  Use diffusion methods (below) as regression engine

We’re really good at this



(Likely) Best current single image intrinsics

Geowizard - Fu et al 24



(Likely) Best single image albedo

Kocsis, 24
2020 2022 2024



Yeh et al 2022:  PhotoScene: Photorealistic Material and Lighting Transfer for Indoor Scenes

Photograph Relighted photograph



Yeh et al 2022:  PhotoScene: Photorealistic Material and Lighting Transfer for Indoor Scenes

Photograph Relighted photograph

Inverse graphics problems



Inverse graphics problems - II

Image Image Li et al 2022

Error control is really hard!



Notice

• One lighting suppresses details, the other picks them out
• geometric errors inevitable



The difficulties

• Errors compound
• and rendering procedures are elaborate, so error metrics are hard to adjust

• differentiable rendering may help
• differentiating global illumination is hard

• Important intrinsics may be missing from our model
• Physical models aren’t built to explain image variance



Structure

• Vision is flourishing

• What does vision do? 
• Speculation tools are limited
• Big new player:  Generative models

• They know a lot of unexpected stuff
• They’re dumb about a lot of other stuff

• Agenda:  Fix generative models and stop regressing things
• Understand mistakes
• Build sensitive evaluation procedures
• Understand interactions between model architectures and weird behavior

• “inductive bias” (?)



Images from random numbers

• Astonishing, recent fact:
• We can generate images from random numbers

• and conditioning information

• Two major procedures:
• Generative adversarial network
• Diffusion methods

In Limine:  I’m ignoring text - image links to talk about scene representation and understanding



Applications: make commercial art cheaper



and political discourse nastier
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Why bother with image generators?

• Silly arguments
• Money
• Prurience (dogs playing poker)

• They know an awful lot about pictures, and data is easy

• Surprise:  They know a lot about relighting, intrinsics, etc.
• without being trained to do so

• but have important areas of significant ignorance - why?

• Pose profound vision questions
• what should we represent in what way?

• Intrinsics - Latent; “Interaction hooks” - Explicit



Yang et al. IJCV 2020; Epstein et al. ECCV 2022; Shi et al. NeurIPS 2022

• Add offset to StyleGAN latents
• various effects by choice of offset

• Q: how to get desired result?
• A (ish): search offsets



Relighting: find directions that fix albedo

Bhattad et al, 23, 24:  StyLitGAN: Prompting StyleGAN to Produce New Illumination Conditions



Relightings are realistic

Bhattad et al, 23, 24:  StyLitGAN: Prompting StyleGAN to Produce New Illumination Conditions



If you can relight images

• you must know stuff about 
• depth
• normal
• surface properties

• Q: Does StyleGAN
• A1:  

• It should (kind of obvious)

• A2:  
• It can be made to produce this information (astonishing)



Bhattad, McKee, Hoiem & Forsyth. NeurIPS 2023   StyleGAN knows Normal, Depth, Albedo, and More

Intrinsic Images from off-
the-shelf Network
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Recovering Intrinsic Images From StyleGAN



Bhattad, McKee, Hoiem & Forsyth. NeurIPS 2023

Recovered Intrinsic Images from StyleGAN

StyleGAN Normals

Normals Depth Albedo SegmentShading

StyleGAN Depth StyleGAN Albedo StyleGAN Shading StyleGAN SegmentStyleGAN Image

Recovered Intrinsic Images From StyleGAN

Recovered Intrinsic Images From SOTA Supervised Models



Du, … , Bhattad. CVPR-W 2024 Stable Diffusion 2.1 (Diffusion)

VQGAN FFHQ (Autoregressive)
Image Normals Depth Albedo Shading

StyleGAN-XL FFHQ (GAN)
Image Normals Depth Albedo Shading

StyleGAN-v2 LSUN Bedroom (GAN)
Image Normals Depth Albedo Shading

Image Normals Depth Albedo Shading



Stable diffusion “knows” some geometry

Zhan et al, 23: What does stable diffusion know about the 3D Scene?



Wallingford, Bhattad et al. NeurIPS 2024

Aerial View

360-1M

Wallingford, Bhattad et al. NeurIPS 2024 360-1M: Learning to Imagine the world from 1M 360 videos



Training

Translate:  
Forward 5m,  
Right 10m

Rotate: 20° left,  
5° Upward

Generative 
Model

Latent  
Diffusion ModelNoisy TargetStarting Image Camera  

Transformation
Target

Wallingford, Bhattad et al. NeurIPS 2024 360-1M: Learning to Imagine the world from 1M 360 videos



Comparison with SOTA

ZeroNVS (CVPR 2024) Wallingford et al

Wallingford, Bhattad et al. NeurIPS 2024 360-1M: Learning to Imagine the world from 1M 360 videos







This could change the game

• Forget building large labelled datasets

• Instead, build good generator, good inverter

• and recover what you want from the generator

• Internal representation in generator is a geometric model
• because it can answer geometric queries accurately (cf Malcolm Sabin)
• and it’s very good at making pictures
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Zhan et al, 23: What does stable diffusion know about the 3D Scene?



Iffy projective geometry

https://huggingface.co/spaces/stabilityai/stable-diffusion/discussions/1593



Iffy projective geometry

https://huggingface.co/spaces/stabilityai/stable-diffusion/discussions/1593



Iffy projective geometry

https://huggingface.co/spaces/stabilityai/stable-diffusion/discussions/1593



Real or generated?



 Are generated and real images different?

• Procedure:
• build reduced geometric representation of image

• lines; perspective field; object+shadow
• using existing tools

• train a classifier to distinguish between real and generated
• prequalify images so that at test, classifier sees only “good” generated images.

• Result
• Near perfect classification

• Conclusion:  
• generators are bad at lines; perspective; shadows

Sarkar, 24: Shadows Don’t Lie and Lines Can’t Bend! Generative Models don’t know Projective Geometry...for now 



Sarkar*, Mai*, Mahapatra*, Lazebnik, Forsyth & Bhattad. CVPR 2024: 
Shadows Don’t Lie and Lines Can’t Bend! Generative Models don’t know Projective Geometry...for now 

Evaluation and Results at Scale

Generators 
Evaluated 

Kandinsky 
Stable Diffusion XL 

PixArt-α
DeepFloyd IF 

DALL-E 3 
Firefly

1 Million+ Indoor 
Images 

500K+ Outdoor Images

Hard Test Set

Astonishing fact: 

learn classifier with one generator’s output, 
apply to other generator output: very little change in performance

(they all seem to make the same kinds of mistake)

Curious fact:  Deepfloyd is different

Curious fact, recent:  
updated releases (bigger training sets, etc) aren’t better.
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What mistakes do generators make?

• (maybe one A): Problems with spatial or temporal scale

• Communication:  
• Hard to move fine scale information long distances over space or time

• Volume:
• There’s lots of fine scale information

• Choice:
• What moves? and why?



Synthesizing clothing

Zhu et al 23:  Tryondiffusion: A tale of two unets



Zhu et al 23:  Tryondiffusion: A tale of two unets



Applications: make commercial art cheaper

Scale 
relative to 

bear



Scale 
relative to 
politician

He’s got someone 
else’s nose!



What can you spot?



Did you see?

Soccer ball -> Tennis ball
Pentagon -> 4-gon
Frictional changes

(sliding, then spinning, etc)
Spin stopping, then starting
Weird path on tennis ball

….



What we should be able to do…

• Drag something around in its own scene

• Select something in one image/video, place in another

• Adjust scene by interaction with image/video

• Model:
• perfect inverse graphics+interaction+perfect render
• but this isn’t likely the best mechanism

We can, but not well.  

Drag - the object geometry changes

Insertion - lighting, aspect problems

Adjust - tends to look muddy

Precision is everything - the something should not change identity



Editing is in a muddle

• Many different goals
• some easy, some hard, many elided

• Easy (-ish!)
• edit image with text

• cause you don’t need to preserve identity

• Super hard
• when you want identity right
• when you want geometry right



Editing - lively and broad

Huang et al 25: Diffusion based image editing: a survey



Text - looks like it works cause it’s hard to be fussy

Huang et al 25: Diffusion based image editing: a survey



Avrahami et al 25: Stable Flow: Vital Layers for Training-Free Image Editing



Avrahami et al 25: Stable Flow: Vital Layers for Training-Free Image Editing



Insertion - harder: you must 
preserve identity

Li et al 23: DreamEdit: Subject-driven Image Editing
♠,



Chen et al 24: AnyDoor: Zero-shot Object-level Image Customization

In some applications, 
fussiness is crucial



Chen et al 24: AnyDoor: Zero-shot Object-level Image Customization



Chen et al 24: AnyDoor: Zero-shot Object-level Image Customization



Chen et al 24: AnyDoor: Zero-shot Object-level Image Customization
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Evaluation must-dos

• How do you know if its working?
• Is the image a “real image”?  (currently, no)
• Did the object preserve its identity? (currently no)

• What kinds of images are/are not generated?
• and why?

• What kinds of error are typical? 
• tolerable? why?



Evaluating generators is very difficult

• Current procedures
• mostly focused on short spatial scales (FID, LPIPS)

• even these measures conceal the fact that generators are bad at short scales
• or absurd:

• “look at my nice pictures”  (tough to measure progress like this
• anecdote (“look at their nasty pictures”…)

•  Classifiers aren’t the answer
• not sensitive to small improvements

• Two sample testing is not the answer
• wildly unreliable in high dimension



Evaluation alternatives

• CLIP-score:

• LMM-score:
• get a large multimodal model (LMM) to evaluate:

• Editing accuracy
• Context preservation
• Visual quality
• Logical realism

• calibrate against user study
•  cf: GPT score, Chen+Wang

• User studies
• but people aren’t very good at this (as above!)

The field of image editing has traditionally relied on CLIPScore [304] as a major 
quantitative evaluation metric. Despite its effectiveness in assessing the alignment 
between images and corresponding textual prompts, CLIPScore may struggle in 
complicated scenes with many details and specific spatial relationships [301].

Chen+Wang 24: ProEdit: Simple Progression is All You Need for High-Quality 3D Scene Editing
Huang et al 25: Diffusion based image editing: a survey



Sort of agrees with people

Huang et al 25: Diffusion based image editing: a survey
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• Idea:
• it is easy to build a path from image to noise
• Denoising an image is relatively straightforward

• we can build really good learned denoisers
• so we can walk BACKWARDS along this path

• Build a continuation path from noise to images
• by 

• building a path 
• building a denoiser (some denoisers) that can cope with very small alpha

What happens if the denoiser makes errors that
depend on some global properties of the input?

These errors would propagate along the path, and
might very well accumulate.

Accumulated errors might lead to significant changes
in output distribution

BIG Q:  Does image regression make patterned errors?
BIG A: (well known) YES!

Why do generators make mistakes?

Zhong et al, 23: Improving Equivariance in State-of-the-Art Supervised Depth and Normal Predictors



What is to be done

• Understand what generators know and what they don’t
• and why…

• Improve evaluation practices
• so we can tell when we’re making progress

• Pay close attention to relations between scales
• our architectures are missing something



What should a young researcher do?  II

• Ignore your seniors 
• Find something different and special

•  Remember the wisdom of 
Molesworth:

“Akwire Kulture and Keep the Brane Kleen”

Smart, energetic, motivated young 
researchers can’t stick out by 

doing what everyone else is doing


