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Feature space at 
bottleneck is often 

called “latent space”
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Question:
What do we expect a random uniform 

sample of all images to look like?



•

•

•

The Space of All Images
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https://blog.keras.io/building-autoencoders-in-keras.html
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(simple Interpolation)

Interpolation





[Long et al. 2015, …]

[Gatys et al. 2016, …][Reed et al. 2016, …]

“this small bird 

has a pink breast 

and crown…”

[Eigen et al. 2014, …]





“What should I do” “How should I do it?”



Color information: ab channelsGrayscale image: L channel

Objective function

(loss)

Neural Network

Training data



“yellow”

…



…

“black”



…







Input Output (with L2 loss) Ground truth

Designing loss functions

(L2 loss)



With L2 loss, predictions 

“regress to the mean”, 

and lack vivid colors



Color distribution cross-entropy loss with colorfulness enhancing term. 

Zhang et al. 2016

[Zhang, Isola, Efros, ECCV 2016]

Designing loss functions

Input Ground truth



Image colorization

Designing loss functions

L2 regression

Super-resolution

[Johnson, Alahi, Li, ECCV 2016]

L2 regression

[Zhang, Isola, Efros, ECCV 2016]



Image colorization

Designing loss functions

Cross entropy objective, 

with colorfulness term

Deep feature covariance 

matching objective

[Johnson, Alahi, Li, ECCV 2016]

Super-resolution

[Zhang, Isola, Efros, ECCV 2016]



(simple Interpolation)

Interpolation
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Generator

[Goodfellow et al., 2014]



Generator Discriminator

real or fake?

[Goodfellow et al., 2014]



fake (0.9)

real (0.1)

[Goodfellow et al., 2014]



G tries to synthesize fake images that fool D:

real or fake?

[Goodfellow et al., 2014]



G tries to synthesize fake images that fool the best D:

real or fake?

[Goodfellow et al., 2014]



Loss Function

G’s perspective: D is a loss function.

Rather than being hand-designed, it is learned.

[Isola et al., 2017]

[Goodfellow et al., 2014]



real or fake?

[Goodfellow et al., 2014]



real!

[Goodfellow et al., 2014]



real or fake pair ?

[Goodfellow et al., 2014]

[Isola et al., 2017]



real or fake pair ?

[Goodfellow et al., 2014]

[Isola et al., 2017]



fake pair

[Goodfellow et al., 2014]

[Isola et al., 2017]



real pair

[Goodfellow et al., 2014]

[Isola et al., 2017]



real or fake pair ?

[Goodfellow et al., 2014]

[Isola et al., 2017]
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BW → Color

Input Output Input Output Input Output

Data from [Russakovsky et al. 2015]



Input Output Groundtruth

Data from

[maps.google.com]

http://maps.google.com/


Labels → Street Views

Data from [Wang et al, 2018]



Day → Night

Input Output Input Output Input Output

Data from [Laffont et al., 2014]



Edges → Images

Input Output Input Output Input Output

Edges from [Xie & Tu, 2015]



https://affinelayer.com/pixsrv/


Ivy Tasi @ivymyt

Vitaly Vidmirov @vvid



Image Inpainting



Pose-guided Generation
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https://www.nytimes.com/interactive/2024/01/19/technology/artificial-intelligence-image-generators-faces-quiz.html


https://www.nytimes.com/interactive/2024/01/19/technology/artificial-intelligence-image-generators-faces-quiz.html


https://github.com/NVlabs/stylegan


https://github.com/NVlabs/stylegan2








https://nvlabs.github.io/eg3d
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Question:

What do we expect a random uniform 
sample of all images to look like?



•

•

•

The Space of All Images
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https://en.wikipedia.org/wiki/Llama
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https://iterative-refinement.github.io/palette/


•

https://iterative-refinement.github.io/palette/
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https://iterative-refinement.github.io/palette/


https://dreamfusion3d.github.io/




Personalized Residuals for 
Concept-Driven Text-to-Image 

Generation
Cusuh Ham, Matthew Fisher, James Hays,

Nicholas Kolkin, Yuchen Liu, Richard Zhang, Tobias Hinz
CVPR 2024



Motivation

DreamBooth: fine tuning text-to-image diffusion models for subject-driven generation. N. Ruiz, Y. Li, V. Jampani, Y. Pritch, M. Rubinstein, K. Aberman. CVPR 2023.



Background: diffusion model

Q
KV

“a photo of a dog”

Q
KV

Q
KV

Q
KV

Text encoder

D
iffusion m

odel



Personalization approaches

Q
KV

“a photo of a V* dog”

Q
KV

Q
KV

Q
KV

Text encoder

D
iffusion m

odel
V*



DreamBooth

Q
KV

“a photo of a V* dog”

Q
KV

Q
KV

Q
KV

Text encoder

D
iffusion m

odel
V*

DreamBooth: fine tuning text-to-image diffusion models for subject-driven generation. N. Ruiz, Y. Li, V. Jampani, Y. Pritch, M. Rubinstein, K. Aberman. CVPR 2023.

Large # parameters
Requires regularization images to 
preserve learned prior



Custom Diffusion

107

Q
KV

Q
KV

Q
KV

Q
KV

D
iffusion m

odel

Multi-concept customization of text-to-image diffusion. N. Kumari, B. Zhang, R. Zhang, E. Shechtman, J. Zhu. CVPR 2023.

V*Fewer parameters
Requires regularization 
images

“a photo of a V* dog”

Text encoder



Textual Inversion

Q
KV

Q
KV

Q
KV

Q
KV

D
iffusion m

odel

An image is worth one word: personalizing text-to-image generation using textual inversion. R. Gal, Y. Alaluf, Y. Atzmon, O. Patashnik, A. H. Bermano, G. Chechik, D. Cohen-Or. arXiv preprint 
2022.

V*

Very few parameters
Doesn’t affect generative prior

Inflexible editing

“a photo of a V* dog”

Text encoder



Transformer blocks
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Transformer blocks
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Transformer blocks
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“a photo of V* dog”



Our approach: personalized residuals

𝑊𝑖d

d

𝑊𝑖
′Fine-tune

Overwrites learned prior

1x1 conv

Projout



Our approach

𝑊𝑖

d

r

r
d

∆𝑊𝑖d

d

∆𝑊𝑖 𝑊𝑖
′

LoRA: low-rank adaptation of large language models. E. J. Hu, Y. Shen, P. Wallis, Z. Allen-Zhu, Y. Li, S. Wang, L. Wang, W. Chen. ICLR 
2022.

Method Regularization 
images? # parameters

Textual inversion ✗ 768

DreamBooth ✓ 983M

Custom 
Diffusion

✓ 19M

Ours ✗ 1.2M

LoRA w/ rank r

150 iterations
~3 min on 1 A100

Personalized residual



Concept Ours Textual Inversion DreamBooth Custom Diffusion



Visit the poster tomorrow night 5-6:30pm in Arch 4A-E poster #329
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