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Diffusion Models: Applications



Controllable Image Synthesis
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Input images wn the Acropolrs n o doghouse  tn a bucket getting a hoarcut

Sketch Normal map Depth map Canny[!1]edge M-LSD[24]line  HED[Y]]edge  ADE20k[Y6] seg. Human pose




Textual Inversion

* Find the text embedding that generates the given image
* Re-use the text embedding with new text phrases to obtain editing

Ref: Textual Inversion, Gal et al. ICLR"23



Customizing DMs: Textual inversion
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Figure 2: Outline of the text-embedding and inversion process. A string containing our placeholder
word 1s first converted into tokens (i.e. word or sub-word indices in a dictionary). These tokens
are converted to continuous vector representations (the “embeddings”, v). Finally, the embedding
vectors are transformed into a conditioning code cy(y) that guides the generation. We optimize the
embedding vector v, associated with our pseudo-word S., using a reconstruction objective.

R. Gal et al. An Image is Worth One Word: Personalizing Text-to-lmage Generation using Textual Inversion. ICLR 2023



https://openreview.net/pdf?id=NAQvF08TcyG

Customizing DMs: Textual inversion

nvert

& ” “ R » P . » “Elmo sitting in “ » “ s 1m
Input samples —> s * ‘An oil painting of S & ‘App icon of S« the same pose 85 Sy Crochet S 4 S &« neon lights
- 7
Input samples invert “S ’” “Painting of two S 4 UAD: hackoaan e “A S, themed “Royal portrait
p p E " fishing on a boat” o A lunchbox” of King S4”

Figure 1: (left) We find new pseudo-words in the embedding space of pre-trained text-to-image
models which describe specific concepts. (right) These pseudo-words are composed into new sen-
tences, placing our targets in new scenes, changing their style or ingraining them into new products.

R. Gal et al. An Image is Worth One Word: Personalizing Text-to-Image Generation using Textual Inversion.
ICLR 2023



https://openreview.net/pdf?id=NAQvF08TcyG

Textual inversion: Results

“Watercolor painting of “A house in “Grainy photo of S

S 4 on a branch” the style of S&.” in angry birds” “Sx made of chocolate” “A S dragon”

Input Samples “A mosaic depicting S ” “Death metal album cover “Masterful oil painting of «, - o0 g0 gaSy”

featuring S ” S & hanging on the wall”
5 *
=

“A photo of S 4 full “A mouse using S« “A photo of a L “Ramen soup “Cave mural
I‘np ut Samp leS of cashew nuts” as a boat” S % mask” servedin S depicting S




Textual inversion: Results

“The streets of Paris “Adorable corgi “Painting of a black hole “Times square “Edo period pagoda
in the style of S ” in the style of S ” in the style of S'x” in the style of S ” in the style of S'x”

Input samples



Textual inversion: Comparisons
Skull Mug

DALLE-2
(Image
Inputs)

DALLE-2
(Long
Captions)

LDM
(Long
Captions)

A mug having many skulls at the bottom and A tea pot, with green, red, blue, yellow, an apple
sculpture of a man at the top of it. with leaves and a lemon with leaves.




Customizing DMs: DreamBooth

Input images setting a hatrcut

N. Ruiz et al. DreamBooth: Fine Tuning Text-to-Image Diffusion Models for Subject-Driven Generation. arXiv 2022



https://arxiv.org/pdf/2208.12242.pdf

DreamBooth: Local Customization of Diffusion Model

o | | |

* Fine-tune the diffusion model

* Challenges of compute expense

11
Ref: DreamBooth, Ruiz et al., CVPR 23



Customizing DMs: DreamBooth
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Input Images Image-guided, DALL-E2 Text-guided, Imagen
Prompt: "retro style yellow alarm clock
with a white clock face and a yellow
number three on the right part of the
clock face in the jungle"

N. Ruiz et al. DreamBooth: Fine Tuning Text-to-Image Diffusion Models for Subject-Driven Generation. arXiv 2022



https://arxiv.org/pdf/2208.12242.pdf

Customizing DMs: DreamBooth

Reconstruction Loss

v
~
(A §
L

ﬂﬂm—-; y
I e, Figure 3. Fine-tuning. Given ~ 3 — 5 images of a subject we fine-
ﬂ tune a text-to-image diffusion model with the input images paired
N ) Shared with a text prompt containing a umql‘l‘e 1dent1ﬁer”an.d the name of
: : the class the subject belongs to (e.g., “A [V] dog”), in parallel, we
Inputimages (~3-5) Weights apply a class-specific prior preservation loss, which leverages the
§ \ semantic prior that the model has on the class and encourages it to
generate diverse instances belong to the subject’s class using the

Text Image class name in a text prompt (e.g., “A dog”).
”A dog” ”n A dog”

Class-Specific Prior Preservation Loss

N. Ruiz et al. DreamBooth: Fine Tuning Text-to-Image Diffusion Models for Subject-Driven Generation. arXiv 2022



https://arxiv.org/pdf/2208.12242.pdf

Customizing DMs: DreamBooth

Reconstruction Loss

Input images

Text — Image

Shared
Input images (~3-5) Weights

Text —— Image

T

Figure 6. Encouraging diversity with prior-preservation loss.
" A 0(02” Naive fine-tuning can result in overfitting to input image context
2 and subject appearance (e.g. pose). PPL acts as a regularizer that

” A dog ”

! ) ] alleviates overfitting and encourages diversity, allowing for more
Class-Specific Prior Preservation Loss

pose variability and appearance diversity.

N. Ruiz et al. DreamBooth: Fine Tuning Text-to-Image Diffusion Models for Subject-Driven Generation. arXiv 2022



https://arxiv.org/pdf/2208.12242.pdf

DreamBooth: Results

A [V] backpack in the A wet [V] backpack A[V] backpack in Boston A [V] backpack with the
Grand Canyon in water night sky

Input images A [V] teapot floating A {ransparent [V] teapot A [V] teapot A [V] teapot floating
in milk with milk inside pouring tea in the sea



DreamBooth: Results

Text-guided view synthesis
Input images Top view } Bottom view * Back view ¥\

£ ’ - N
S o L
‘ W T : 8775

Art Renditions
Van Gogh Michelangelo Vermeer

AL “a [painting/sculpture] of a [V] [class noun] in the
style of [famous artist]”

b BN LR > k
Property Modification
Panda Lion Hippo

“a cross of a [V] dog and a [target species]’




DreamBooth: Comparlson with textual inversion

Input Images

Method Subject Fidelity T Prompt Fidelity 1
DreamBooth (Stable Diffusion) 68 % 81%
Textual Inversion (Stable Diffusion) 22% 12%
Undecided 10% 7%

“a[V]vase “a[V]vaseon “a[V]vasein  “a[V]vase with Eiffel
in the snow” the beach” the jungle”  Tower in the background



DreamBooth: Limitations

Input images (a) Incorrect context synthesis

k- cd el Lo

in the Bolivian salt flats on top of a blue fabric

on the moon

(c) Overfitting

in the forest

Figure 9. Failure modes. Given a rare prompted context the
model might fail at generating the correct environment (a). It is
possible for context and subject appearance to become entangled
(b). Finally, it is possible for the model to overfit and generate
images similar to the training set, especially if prompts reflect the
original environment of the training set (c).



Efficient Customization: DreamBooth with LoRA

Weight update in regular finetuning Weight update in LoRA

LoRA matrices A and B
approximate the weight / \
update matrix AW -+

Pretrained

weights IT'/ The inner dimension r
is a hyperparameter

Pretrained
weights

d

A i1s initialized with standard normal; B is initialized with zeros

Hu et al., LoRA: Low-Rank Adaptation of Large Language Models, ICLR’22; https://magazine.sebastianraschka.com/p/practical-tips-for-finetuning-lims



https://github.com/microsoft/LoRA
https://magazine.sebastianraschka.com/p/practical-tips-for-finetuning-llms
https://magazine.sebastianraschka.com/p/practical-tips-for-finetuning-llms

DreamBooth with Low Rank Approximation (LoRA)

“[V’] Dog”

LoRA Adapter

20 Ref: DreamBooth, Ruiz et al., CVPR 23
LoRA, Hu et al., 21



LoRA DreamBooth: Results

Input Images LoRA DreamBooth (r=4) DreamBooth




DreamBooth with Low Rank Approximation (LoRA)

DreamBooth
using LoRA
on SD v1.5

LoRA Adapter

Fine-tuning on
Subject

22



Style Learning using LoRA on SDXL

DreamBooth
. ———
=P| using LoRA - =

on SDXL

LoRA Adapter
A statue in [S] style
[S]: “matte black sculpture”
A cat in [S] style; A men in [S] style; Old lady in [S] style
Works with
SDXL!

23 Ref: SBitd s §F'BAT Huang



LoRA DreamBooth for Stylizations (on SDXL)

A bicycle in [S] Golden gate A bird in A boat in A hatin A pianoin
Style Reference Style bridge in [S]Style  [S] Style [S] Style [S] Style [S] Style

7 $ ; A 7/ ; »L_""\_ - | ‘ \ DALH \ s = : P‘ sy ) \ .
:—'/' ..\ AR : - AP L ' (T ///./,('i ’ﬁ/kn.-\. \
watercolor painting g DreamBooth on SDXL with LoRA
Shah et al., ZipLoRA: Any Subject in Any Style by Effd@i@ely M€ girig-lo RAd &N 93



https://ziplora.github.io/

Can we Merge Content and Style LoRAs?

Content Images Style Image
“A [V] dOg ”

“Flowers in [S] style”

N J N J
Content Style
LoRA ? LoRA
@

A
By ! v
y A

[V] with angel wings[V] in wizard outfit  [V] as nurse pengum in [S] style bike in [S] style




Can we Merge Content and Style LoRAs?

Content Images Style Image
“A [V] dogn

“Flowers in [S] style”

\ J ZipLoRA \ J

Content Style
LoRA LoRA
L L cL
C ) Ls

¥

“[Vldogin[S] “[V] dog playing “Sleeping [V] “[V] dog wearing
26 style” with a ball in [S] dogin [S] style” acrownin[S]
style” style”



watercolor kid line flat cartoon
painting style drawing style illustration style

A[V]toyin

Direct
arithmetic
merge

Joint
Training

StyleDrop

Ours

A [V] stuffed
animal in

Direct
arithmetic
merge

Joint
Training

StyleDrop

watercolor
painting style

flat cartoon
illustration style

watercolor
painting style




ZIpLoRA produces successful recontextualizations

AlVidog.. = inflat cartoon :  playing with a ..catchinga  ...wearing a .. with a ..riding a .. sleeping ...
illustration style ball ... frisbie ... hat ... crown ... bicycle ...
\ B AR : - P
| o ¥ <% -
’ 4 v 5 o o | “ S
... in 3d rendering ..on the ..in girl's ..on the .. floating in the... purple color ... .. on a picnic
style : gas stove.. hands ... mountain... river ... table...

A[Vlstuffed ..inwatercolor { _ playing witha  ..onthe

. LR : .. with a ..riding a ... Sleeping ... ..in a boat...
___animal... painting style _ : ball ... ‘mountain ... hat... crown ... bicycle ...

Subject and Style Referneces Recontextualizations using our method



IP-Adapter

Image
Encoder

Attention Attention
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32
https://ip-adapter.github.io



https://ip-adapter.github.io/

IP-Adapter

Anime Model

33

Realistic Model

Structural Controls

Image Prompt

+

Variation

wearing sunglasses

Text Prompt

Realistic Model Anime Model

Inpainting

https://ip-adapter.github.io



https://ip-adapter.github.io/

Stable-SR: Super-resolution

1 Trainable
Time-aware Encoder

Encoder

\

N

S A "' “« """"":": """"""""""" l Trainable
Zt """" >lTrainable SFT layerf<---"-"~ "~ Zt-1 Denoising U-Net Z0 Conollable

T =y

Denoising U-Net Feature Wrapping

24 Results: https://iceclear.github.io/projects/stablesr/



https://iceclear.github.io/projects/stablesr/

Outline

* Part 3: Applications and Implementation; Ethical Issues

e (Customizing Diffusion Models
* Textual Inversion
 DreamBooth
* Low Rank Approximation (LoRA)
 ZipLoRA

e (ControlNet



ControlNet

Sketch Normal map Depth map Canny[! 1] edge M-LSD[24] line HED[Y1] edge = ADE20k[Y0] seg. Human pose

37




ControlNet

« Add a trainable “wrapper” around a pre-trained DM to fine-tune
It for pix2pix tasks
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L. Zhang and M. Agrawala. Adding Conditional Control to Text-to-Image Diffusion Models. arXiv 2023


https://arxiv.org/pdf/2302.05543.pdf

ControlNet
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ControlNet

Input (Canny Edge) Default Automatic Prompt User Prompt

“a cat with blue eyes in a room” “a cute cat in a garden, masterpiece, detailed wallpaper”

L. Zhang and M. Agrawala. Adding Conditional Control to Text-to-Image Diffusion Models. arXiv 2023



https://arxiv.org/pdf/2302.05543.pdf

ControlNet

Input (User Scribble) Default Automatic Prompt User Prompt

“a digital painting of a hot air balloon” “magic hot air balloon over a lit magic city at night”

L. Zhang and M. Agrawala. Adding Conditional Control to Text-to-Image Diffusion Models. arXiv 2023



https://arxiv.org/pdf/2302.05543.pdf

ControlNet

Input (openpose) Default User Prompt

L. Zhang and M. Agrawala. Adding Conditional Control to Text-to-Image Diffusion Models. arXiv 2023



https://arxiv.org/pdf/2302.05543.pdf

ControlNet

COCO Segmentation Default User Prompt

Default

“cyberpunk, city at night”

L. Zhang and M. Agrawala. Adding Conditional Control to Text-to-Image Diffusion Models. arXiv 2023



https://arxiv.org/pdf/2302.05543.pdf

Outline

* Part 3: Applications and Implementation; Ethical Issues

e (Customizing Diffusion Models
* Textual Inversion
 DreamBooth
* Low Rank Approximation (LoRA)
 ZipLoRA

 ControlNet
* Prompt-to-Prompt and InstructPix2Pix



Prompt-to-Prompt Image Editing

“clildren drawing of a castle next to a river.” “a cake with.decorations.”
Jelly bedng

A. Hertz et al. Prompt-to-Prompt Image Editing with Cross Attention Control. arXiv 2022



https://arxiv.org/pdf/2208.01626.pdf

Prompt-to-Prompt Image Editing
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Prompt-to-Prompt Image Editing

"

“beet cake.” “pepperoni cake.” “fish cake.” i % “pasta cake.” “brick cake.”

Fixed attention maps and random seed

»H

“pepperoni cake.” . “fish cake.” “rice cake.” “pasta cake.” “brick cake.”



InstructPix2Pix

“Swap sunflowers with roses” ’ “Replace the fruits with cake”

Sl Y . it
Figure 1. Given an image and an instruction for how to edit that image, our model performs the appropriate edit. Our model does not
require full descriptions for the input or output image, and edits images in the forward pass without per-example inversion or fine-tuning.

T. Brooks, A. Holynski, and A. Efros. InstructPix2Pix: Learning to Follow Image Editing Instructions. CVPR 2023



https://arxiv.org/pdf/2211.09800.pdf

InstructPix2Pix

Training Data Generation Instruction-following Diffusion Model

(a) Generate text edits: (d) Inference on real images:
Instruction: “have her ride a dragon”

Input Caption: ‘photograph of a girl riding a horse” » GPT-3
PIECaptia- I 0 g R Edited Caption: “photograph of a girl riding a dragon

N

“turn her into a snake lady”

(b) Generate paired images:
Input Caption: “phatograph of a girlriding a horse” ~_* Stable Diffusion
Edited Caption: ‘photograph of a gilriding a dragon”  * FrOMPE2Prompt

(c) Generated training examples:

“Color the cars pink" ‘Make it lit by fireworks”
A8 7 .

‘have her ride a dragon”
Do

Figure 2. Our method consists of two parts: generating an image editing dataset, and training a diffusion model on that dataset. (a) We
first use a finetuned GPT-3 to generate instructions and edited captions. (b) We then use StableDiffusion [52] in combination with Prompt-
to-Prompt [17] to generate pairs of images from pairs of captions. We use this procedure to create a dataset (c) of over 450,000 training

examples. (d) Finally, our InstructPix2Pix diffusion model is trained on our generated data to edit images from instructions. At inference
time, our model generalizes to edit real images from human-written instructions.

T. Brooks, A. Holynski, and A. Efros. InstructPix2Pix: Learning to Follow Image Editing Instructions. CVPR 2023



https://arxiv.org/pdf/2211.09800.pdf

InstructPix2Pix

- TmA Fimilmasa DT 7.
Input LAION caption Edit instruction Edited caption
Yefim Volkov, Misty Morning make it afternoon Yefim Volkov, Misty Afternoon
Human-written girl with horse at sunset change the background to a city  girl with horse at sunset in front of city
(700 edits) painting-of-forest-and-pond Without the water. painting-of-forest

Alex Hill, Original oil painting on can- in the style of a coloring book Alex Hill, Original coloring book illustra-

vas, Moonlight Bay tion, Moonlight Bay

The great elf city of Rivendell, sitting Add a giant red dragon The great elf city of Rivendell, sitting atop a
GPT-3 generi.lted atop a waterfall as cascades of water waterfall as cascades of water spill around
(>450,000 edits) spill around it it with a giant red dragon flying overhead

Kate Hudson arriving at the Golden make her look like a zombie Zombie Kate Hudson arriving at the Golden

Globes 2015 Globes 2015

Table 1. We label a small text dataset, finetune GPT-3, and use that finetuned model to generate a large dataset of text triplets. As the input
caption for both the labeled and generated examples, we use real image captions from LAION. Highlighted text is generated by GPT-3.



InstructPix2Pix

(a) W1thout Prompt-to Prompt (b) W1th Prompt-to Prompt
usion [52] with
and without Prompt-to-Prompt [17]. For both, the corresponding
captions are “photograph of a girl riding a horse” and “photo-
graph of a girl riding a dragon”

re e

Figure 3. Pair of images generated using StableD1




InstructPix2Pix

* Fine-tuning a DM for image-to-image translation:

'

I
I
-d -

Input image Noisy output
(conditioning) image

Noise estimate

[

I

I
“Have her ride a dragon” .III. H PGS, pose 8

Time t



InstructPix2Pix: Results

=, =

“Make it a Modigliani painting” “Make it a Miro painting” “Make it an Egyptian slpture 2

Figure 5. Mona Lisa transformed into various artistic mediums.

o N g “p,, -

Input “Put them in outer space” “Turn the humans into robots”

Figure 6. The Creation of Adam with new context and subjects (generated at 768 resolution).



InstructPix2Pix: Results

Input “What would she look like as a “Put on a pair of sunglasses”

bearded man?”

“What if she were in an anime?” “Mabke her terrifying” “Make her more sad” “Make her James Bond” “Turn her into Dwayne The Rock
Johnson”



“Make it Paris”

“Make it evening" “Turn this into 1900s"

“Make it Minecraft”

“Turn this into the space age™ “Make them into Alexander Calder sculptures™ “Make it a Claymation”



InstructPix2Pix: Failure cases

“Zoom into the image” “Move it to Mars” “Color the tie blue” “Have the people swap places”

Figure 13. Failure cases. Left to right: our model is not capable of performing viewpoint changes, can make undesired excessive changes
to the image, can sometimes fail to isolate the specified object, and has difficulty reorganizing or swapping objects with each other.



QOutline

Part 3: Applications and Implementation

* Customizing Diffusion Models
* Textual Inversion
* DreamBooth
* Low Rank Approximation (LoRA)
 ZipLoRA

ControlNet
 Prompt-to-Prompt
* |nstructPix2Pix
 DreamFusion




Connecting 2D to 3D: QLeamFusin

B. Poole, A. Jain, J. Barron, B. Mildenhall. DreamFusion: Text-to-3D using 2D Diffusion. arXiv 2022



https://dreamfusion3d.github.io/

Connecting 2D to 3D: DreamFusion

"a DSLR photo of a

_4:6;}'} peacock on a surfboard" Imagen
P(light) | z¢,t ~U(0,1) 2o(2e|y; t)
- A normals n r;.‘ndering %
+ .
density T albedo p _clore |/ Plcamera) ® €~N(OT)
NeRF MLP(-; 0) Backpropagate onto NeRF weights

B. Poole, A. Jain, J. Barron, B. Mildenhall. DreamFusion: Text-to-3D using 2D Diffusion. arXiv 2022



https://dreamfusion3d.github.io/

|

Working with Diffusion Models

* Fast moving area with new research coming in everyday

* Variety of pre-trained, open-source models available

* Working directly with the implementations and codebases helps!
« Starting point: diffusers library by huggingface

* Popular open-source models:
« Stable Diffusion
 SDXL
 SD3 (recently announced)
 Deep-Floyd IF (open-source alternative of Imagen)

* Some useful websites
 Huggingface, Reddit threads on Stable Diffusion; Civit.ai; publicprompts.art



https://huggingface.co/docs/diffusers/index
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e stochiastic Complex Distribution

e Markov
process

S ROUES Simple Distribution dX; = a( Xy, t)dt + (random mean zero variance pu(Xy,t)dt)
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4. So to get the value of x at t=1000, | need to apply transtion 1000 times ?

Tt = 4 /1 — ,[3",’1?{_] - \/EN(()H) Ol — 1 — /b)f




Tt = /i1 + /1 — g€

Tt = \/or(\/op—1Tp—9 + \/1 —p_1€6—1) + V1 — o€

Tt = ,\/(}’[\/ﬂff_l.'r{»_z <+ \/ O/t \/1 e 4 Wy | —+ 4 /1 == e,
e e ——

Qp — QO]

Tt = /OO _1T¢—9 + \/1 — Q¢ + Ot — Op0Oip—1€

D

By = \/(Yt(lft_1<\/(lt_211,’f_3 1 \/1 — Qp_9€4_9) + \/1 — Q1€

1—Oc’j

rt = /o _10q—9xt—3 + \Jorau_1\/1 — y_9€i_9 4+ /1 — apoy_1€

Tt = /OOy _104_9X¢_3 + \/1 — Q1O _9€

Tt = \/QtQy_104_9...0001 T() + \/1 — QO _1 Q9. €

Tt = Varrg + /1 — o€




Encoder — Q(lef)/\
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6. We are back at same problem as we don’t know reverse distribution.
So how do we move forward ?
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