Lecture 7:
Vision Diffusion and Generative

Models
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Announcements

- A1is due Wednesday 11:59pm. Max 2 late days.

- Discussion presentation instructions and sign-up will be released shortly
- Pay attention to Ed for announcement on submitting preferences, deadline will be Wednesday.
-~ 4 papers will be discussed per class; each student will be responsible for presenting 1 paper
during the discussion class slots, and preparing questions for 2 others.
- Worth 15% of grade.
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Finishing up from last time...
Vision-Language Representation
Learners in Biomedicine



MONET: Leveraging a contrastively trained model to perform
dataset and model auditing

- Trained on 105,550 dermatology image-text pairs from PubMed articles and
medical textbooks

a Training model using contrastive loss b Overview of MONET—concept annotation and explanation
Image MONET
Iiradies ] [ Co-embedding space of ]
g — ‘ image and text (concept) Annotated concepts
ool * TS - Asymmetrical T
: - IAsywetrical R ~Ulcer |}
: 5 ¢ Pigmented Ulcer® -Pigmented T
[
List of concepts defined by users ‘, *\ . P “. “Erythema |
. RIS N \ Erythema — y :
Contrastive + Asymmetrical % - \ Distance 7
learning « Ulcer < * o
- Pigmented o ST *
This lesion is + Erythema mage SR
pigmented ... : ¥ : Concept
and asymmetrical
—_—

PubMed articles

and textbooks Black Dox MONET * Audit data
Al pipeline ‘ + & Audit model
» Develop interpretable model

Enabling concept-driven analyses at multiple phases

(Model, data, and so on)

Kim et al. Transparent medical image Al via an image—text foundation model grounded in medical literature. Nature Medicine, 2024.
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MONET: Leveraging a contrastively trained model to perform
dataset and model auditing

Model auditing e Developing inherently interpretable model
Concepts

Diagnosis | Prob. L T
.—» IR e 8 —> | Malignant  0.21
Benign 0.79 Task
m ‘ Malignancy

What input characteristic leads to model error?

c Data auditing

Benign set

Differentially expressed concept analysis Ervifiema, red WaTae
More present in malignant ~ More present in benign Welght — llnear —
Eel - T
True: benign True: malignant 0.58 0.75 0.64 ..
Reference sticker Predicted: malignant Predicted: benign

Kim et al. Transparent medical image Al via an image—text foundation model grounded in medical literature. Nature Medicine, 2024.
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Concept differences
identified by MONET
during data auditing

All institutions

AlLISIC images (n = 70,515)

Ulcer
Blue-whitish veil —
Erosion —f

Warty —

Pink —

Blue -

Nail

Vascular structures —
Crust
Pedunculated
Pigment network -
Xerosis

Salmon

Hypopigmentation -

Orange sticker -

Per institution

Med U. Vienna (n =10,011) Hosp. Barcelona (n = 12,271)

T T T T
-0.02 -0.01 0 0.01
Expression difference

T
0.02

Vascular structures -
Red

Telangiectasia -
Erythema

Wheal
Hyperpigmentation -{
Pustule

Pink

Abscess -

Warty

Regression structure
Hypopigmentation |
Pigment network

Purpura/petechiae -

Pigmented

T T T T T
-0.02 -0.01 0 0.01 0.02
Expression difference
N Med. U. Vienna
I Hospital Barcelona

Kim et al. Transparent medical image Al via an image—text foundation model grounded in medical literature. Nature Medicine, 2024.
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Concept differences
identified by MONET
during model auditing

Training at Med U. Vienna

d Trained at Med U. Vienna/tested at Hospital Barcelona
Blue-whitish veil, blue, black, gray, flat topped

Black, crust, pigmented, hyperpigmentation

El

Atrophy

Ulcer, comedo, crust, dome-: shaped pigmented

Atrophy dermoscopic border

Testing at Hospital Barcelona

AUROC =0.883 AUROC = 0.697
True labels : True labels
[1,0,1,+++0] Pred;cte; [0, nn 1] Pred(n)cted,\7
Images sl EUIFICLEN =3 0 | — Images === EIRUCLERY m—— | ;:
1@ 11 @
o] @ o] x
N A
R

Which input characteristic leads to model error?

© Trained at Hospital Barcelona/tested at Med U. Vienna
Erythema, regression structure, red, atrophy, hyperpigmentation

Regression structure, gray, pigment network, atrophy, red

Red, pigment network, hyperpigmentation, pigmented

gression structure, pit k, gray, hyperpi

Gray, hyperpigmentation, pigmented

. Malignant . Benign (upper left: true, lower right: predicted)

Kim et al. Transparent medical image Al via an image—text foundation model grounded in medical literature. Nature Medicine, 2024.
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Some more examples of CLIP-based foundation models...

b Zero-shot assessment of
LVEF

EchoCLIP: Based on .
1,032,975 video-text pairs = -

&

; & 60
. . Normal left ventricular >
but trained on images) for |z 3
LVEF is 73%. b-1

The LVEF is calculated 2 40+
- using the single plane g
echocardiogram :

Mild diastolic dysfunction... 20

— CSMC | MAE: 8.30 (8.25-8.35)

° — SHC | MAE: 7.14 (6.99-7.30)
T T T 1

interpretation

T
o 20 40 60 80 100
Ground-truth LVEF (%)

€  Zero-shot identification of implanted
cardiac devices

= i

1.0 5 =
0.8
Correlation Desired
between correlation 0.6 -
embeddings I
o
=
0.4 +
|
0.2
— MitraClip | AUC: 0.97 (0.96-0.98)
— TAVR | AUC: 0.92 (0.91-0.92)
o Pacemaker | AUC: 0.84 (0.83-0.85)
T T T T 1
o 0.2 0.4 0.6 0.8 1.0

FPR

Christensen et al. Vision—language foundation model for echocardiogram interpretation. Nature Medicine, 2024.
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Some more examples of CLIP-based foundation models...

c Vision transformer

Spatial tokens

CT-CLIP: trained on spatiattranstormer | » (NN

50,188 3D chest CT o/ R
volumes with
accompanying reports, ChestCT volume
using a previously

developed 3D image

CT tokens

Causal
transformer

Spatial tokens

Spatial transformer |—» _

Projection layer

TS
: '
A\ 4 v
- o @ ®
encoder EREES |
= 5 F & 5
2 2 3 3
. Text transformer 2 3 2 3 2
Radiology report ~ & & 8 8 J
& : 5 5 5 5 5
—— Findings + Impression Report embeddings 1
I = g
= - - 4 Report embeddings 2
Clinical Information o
| s - - 9 Report embeddings 3
Technique 8 ]
——> | improsion B 1- - > Report embeddings 4
&l
o
Ve 4 Report embeddings 8
J

Cosine

ine Loss
.|

Hamamci et al. A foundation model utilizing chest CT volumes and radiology reports for supervised-level zero-shot detection of abnormalities. arXiv, 2024.
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BiomedCLIP: Generalist foundation model trained on PubMed

PMC-15M: 15 million | B Acrosoft
. . . Published online 2018 Aug 11. doi
image-caption pairs from e Downioad et s
Intussusception as a rare cause of
HIR 1 bowel obstruction in a woman with .

4.4 ml”lon pUb“CIy recurrent ovarian cancer 5 . CT Images Suggestive of

. . Mackenzie W_ Sullvan and Susan C. Modeste || & Azure Databricks Intussusception Axial CT
available full-text articles - | o
. P b M d C t I { » Copyright and License information E::::‘:J:ﬁﬂ;:?gg:; \ Z:anllmf mﬂm arow)
In FuU e entra 3

Complete article D '

Cross-modal retrieval Image classification

packages are e~ B
. Magnetic ~ © ) sl [ promex

downloaded, and figure e .l '~‘
i . . * Eiassnpromm

files and matching :0. ey 1
captions are extracted | @ Fowchats Lghimicoscop -

I System overviews

Angiography
Chemical structure
I © Tables and forms

H

CLIP contrastive loss

Visual question answering

Question:
What are the hyperdensities |
on the periphery of the image? |

Answer: Correct 1

Ribs. Answer: pjpg. !

Zhang et al. BiomedCLIP: a multimodal biomedical foundation model pretrained from fifteen million scientific image-text pairs. arXiv, 2024.
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PMC-15M statistics of image sizes and caption lengths

>
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~ [ Y.

Zhang et al. BiomedCLIP: a multimodal biomedical foundation model pretrained from fifteen million scientific image-text pairs. arXiv, 2024.
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BiomedCLIP comparison with baseline methods on cross-modal retrieval

A mm BiomedCLIP (BERT) BiomedCLIP (GPT)  m@® PubMedCLIP W CLIP
34.480 6
80 - . 80 - 78.0
72.9

70 - 70 4

60 - ; . 801 565
% = o) 49.7
"? 40 - g) 40 -
; m
P E

30 - 30

20 - 20 A

10 6.71 8.42 10 i 6.74

27 0.7 1.0 l 0.21mm 0.59 0. %l
0. - [ , ol 0.21 g , |

Recall@1 Recall@s Recall@10 Recall@1 Recall@5 Recall@1 0

Zhang et al. BiomedCLIP: a multimodal biomedical foundation model pretrained from fifteen million scientific image-text pairs. arXiv, 2024.
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BEE  BiomedCLIP (BERT) PLIP EE CLIP

. BiomedCLIP (GPT) W@ PubMedCLIP  EEEE MedCLIP
BiomedCLIP 751 ome al e 85 1 Be
. . 80 90 - 70
comparison with i "
= 70 ] 1 <
baseline methods on T 80 £ 60-
. . @ 60 60 751 3
zero-shot classification . o 701 T,
. . < <
and linear probing o " 601 o
40 -
®pcam  °Lczso00  PLc2s000  *°  RSNA TIL
(Lung) (Colon)
PCam
—— o
80
Z70-
g
S<J 60..
== BiomedCLIP =+ PubMedCLIP —@— CLIP
L 1%-shot 10%-shot 100%-shot

- RSNA
Zhang et al. BiomedCLIP: a multimodal biomedical foundation model pretrained from fifteen million scientific image-text pairs. arXiv, 2024.
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A I BiomedCLIP 8 PubMedCLIP HEEm CLIP MAML
VQA-RAD SLAKE

BiomedCLIP o s "
comparison with |
baseline methods on
medical visual question
answering (VQA)

Accuracy (%)
8

Accuracy (%)

Open Closed Overall Open Closed Overall

Question: Are there multiple or What are the hyperdensities What is the biological
just 1 metastatic focus?  on the periphery of the image? sex of the patient?

Answer: one ribs female

MEVF: right chest x storage of urine X inflammation ... X

QCR: no x intestine x treat brain diseases ... x

PubMedCLIP: yes X spinal cord X nodule X

BiomedCLIP: right lobe of liver x ribs ~ female

Zhang et al. BiomedCLIP: a multimodal biomedical foundation model pretrained from fifteen million scientific image-text pairs. arXiv, 2024.
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Combining biomedical CLIP models with SAM

- Approaches such as MedCLIP-SAM can perform zero-shot and weakly supervised

segmentation
: = . Weakly Supervised
DHN-NCE Fine-tuning Zero-shot Segmentation Segmentation
P sk R s Medical Images .. " SAM™TTTTTTT7~. " pseudo-masks s
/ | Lossofgray 1, Ny \ ;
white matter ® T :
differentiation Text p
in the ri — Ima
P""t:‘:' ek Encoder 1 l 1 1 : Enco?iir

Box Prompts

CRF
Post-Processing

BiomedCLIP

benign breast
tumour

&

- ===

: :'ﬁ: Fine-tuned
:
"
LN

gScoreCAM Segmentation

Network

Hard
\ [- Negative l:l Fositve
A

______________________________________________________________________

[* Frozen QD Trainable]

Koleilat et al. MedCLIP-SAM: Bridging Text and Image Towards Universal Medical Image Segmentation. MICCAI, 2024.

-------------
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Next:
Vision Diffusion and Generative Models



Today’s agenda

- Introduction to generative models & diffusion models
- Sampling

- Training

- Advanced sampling

- Important diffusion model designs

- Evaluation

- Diffusion beyond text-to-image

- Some special topics
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Introduction to generative models &
diffusion models



Generative modeling: the goal

D

Training Generation
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Generative modeling: the goal

Training Generation
“Testing the Manifold Hypothesis”
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Generative modeling: the goal

Generative modeling is often motivated with

other goals that we won’t focus on:
Estimate likelihood of data, P()
Representation learning
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Generative modeling: some important properties

1. Diversity / coverage: samples should cover the whole distribution of data

Not sampling the
whole distribution
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Generative modeling: some important properties

2. Fidelity: samples should come from the same distribution as the data

Different diribution

: e . from the data
“Different distribution” is often used in a fuzzy way
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Generative modeling: some important properties

3. Sampling frequency reflects the true distribution
High probability region Low probability regions

Distribution of Heights

/

1200
|

N

Frequency
l |

1

0 200 400 600 800

[ T T T 1
60 65 70 75 80

Height (inches) Sampled more Sampled less

Note: this point subsumes the goals of ‘diversity’ and ‘fidelity’

Serena Yeung-Levy BIODS 276: Adv. Topics in CV and Biomedicine Lecture 7 - 24

James Burgess




Generative modeling: some important properties

3. Sampling frequency reflects the true distribution
High probability region Low probability regions

Distribution of Heights

_ 72< \
‘“ (
o §- / / N
Q
g | 7 1 \
g s “
g - -
. =3
T T | I '
60 65 70 75 80 |
Height (inches) Sampled more Sampled less

Objective is to match training distribution argmineD KL (pdata (37) | Po)

Serena Yeung-Levy BIODS 276: Adv. Topics in CV and Biomedicine Lecture 7 - 25

James Burgess




Generative modeling: some important properties

4. Generalization: new samples are different from the training data

x Same as training Diffc?rent from t_rain.ing’
samples but ‘same distribution
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Generative modeling: some important properties

4. Generalization: new samples are different from the training data

x Same as training Diﬁt?rent fro_m t_rain.ing’
samples but ‘same distribution
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Generative modeling: some important properties

5. Conditioning can allow us to ‘tighten’ the distribution

<no condition> “kangaroo” “Kangaroo lying down”

Related: in language models, writing a more specific prompt
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Generative modelmg two popular types

¢ Examples

Diffusion models

Flow models

Variational autoencoders

* | Generative Adversarial Nets (GANs)

Latent variable models (LVMs) |

Diffusion
model

“‘Map noise to data”

Autoregressive models (ARs) Examples
Large language models (LLMs)
LLM LLM LLM .
“ . . ” Multimodal large language models
Sample one piece at at a time T ; ; (MLLMs)

Once upon Once upon & ——IOn«::e upon a ti:ﬂel

!

This lecture is about latent variable models like diffusion - are SOTA in image output
Next week is about autoregressive models like multimodal LLMs - SOTA for language output

Serena Yeung-Levy
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A few examples of generative model tasks in images

Text-to-image Super-resolution

“A kangaroo
lying down™

Image editing with xt

“Turn it into a Western”

Notice how the output is a ‘distribution’. Many reasonable outputs for one input.
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A few examples of generative models in biomedicine
MRI denoising

o 1
Noise model §  Denoising function ¢

Synthetlc data generatlon

/ N

Random
Gaussian

I
I
I
I
Ka ot |,
I
B o sl [
oL
QKV Output: CXR
R = I
ex I
I

“Self-Supervised Diffusion MRI Denoising with Generative Diffusion Models”
“A vision—language foundation model for the generation of realistic chest X-ray images”

Protein reconstruction from EM

Particle density map

Particle image Latent variable

. Jﬂ
Image pose #

De novo protein design

Forward (noising) process

'M(O.ﬂ m Single

2 step

Gau§5|an - % ret ‘_’K Protein
noise NG (:. structure
’ .
XT u Xt Xl-1

_
Reverse (generative) process

“CryoDRGN: reconstruction of heterogeneous cryo-EM structures using neural networks”
“De novo design of protein structure and function with RFdiffusion™
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Sampling



Sampling in three Latent Variable Models

1D gaussian Variational Autoencoder (VAE)

Distribution of Heights

Neural net, fe

O—F+@ @—F>C

Think about sampling in terms of random variables.

Diffusion model

] - -+ [
f or f Ot

@) > (@) > G - = (T)

Serena Yeung-Levy BIODS 276: Adv. Topics in CV and Biomedicine Lecture 7 - 33

James Burgess



Sampling a simple 1d Gaussian

*
f9 xw@u, o)

Distribution of Heights

z~N(0,1)

-2
¢

/5\

Here, the noise-to-data function is very simple
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Sampling a variational autoencoder

(2) (@)

z ~N(0,I) f9

Neural net, fe

Architecture can be anything. A classic one is stacked CNN layers
Dimension of "z" typically smaller than "x’

Other models are sampled the same way, e.g. GANs

Serena Yeung-Levy
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Aside: full VAE architecture

The full VAE architecture has a second neural net, but it is not used in sampling

Neural net, g Neural net fy
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Sampling a diffusion model

Noise to data with multiple steps

@) () > Gy > ()

2T NN(O,I)

The number of timesteps, "T  is a design choice. A common choice is T=1000
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Sampling a diffusion model

Noise to data with multiple steps

@) () > Gy > ()

2T NN(O,I)

One neural net for each timestep,fgt
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Sampling a diffusion model

Zt — |‘IIHM e 21

Use a single neural net for all steps, and condition on 't’
Parameter sharing makes learning easier, and reduces total # weights
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Typical diffusion architecture: the UNet

64 6
128 64 64 2
> > > | _'>
N o]
(2] 0|
™) of O
N| Of ®© X >} ]
t + = B 8 CE
x x x
S E
[Tel ¥e] WTe)
'128 128
256 128
‘
‘
N
(=3 Ol ©|
NMH E QLM 2l 2
NN o '
' 26 20 512 256
1% ':l 3 BER: =>conv 3x3, ReLU
3 &N
Hak 2{ TS 8 = copy and crop
gl » ¥ max pool 2x2

4 up-conv 2x2
=» conv 1x1

The U-Net architecture.

Intuitively, the bottom of the U-shape captures ‘higher level features

Serena Yeung-Levy
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Typical diffusion architecture: the UNet

Use self-attention layers from transformer

to each bock

Positional
Encoding

Serena Yeung-Levy
James Burgess

Add & Norm

Input
Embedding

128 64 64 2
t > > LdbL db e ' t 1
---3T S &
_______ ol of of o)
oo __e=="T <[ >l >
t -y G T all A 8 8
x| xgxy 0 __=e==T
~Nloflol 200 ==
% BB -7
Co-zTITEE-TTTT ¥ 106 126
JEPPEELLE 256 128
“E§SSIIIsooooTmmmm oo B B e L L R LT L
~ Tt T ™ =} ol ©
- —--zlalle LS e
~o ELEL N e R
. R e 512 256
e i s =»conv 3x3, ReLU
= o= 8
S S =& copy and crop
¥ max pool 2x2
o 4 up-conv 2x2

=» conv 1x1

The U-Net architecture.
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Typical diffusion architecture: UNet timestep condition
't" is a scalar. How to pass it to the Unet? Zt — “III]I]HH — Zi_1

Position
Answer: positional encoding (like in transformer) t '[ encoding ’ H

Typically added at each feature map layer ——— e—

I

Not shown: timestep dimension j added to channel i in the feature map.
The € is projected to size ¢ (the channel dimension) with a linear layer
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Aside: UNets in diffusion are from biomedicine

6 4
p -
. . . tile o segmentation
U-Net: Convolutional Networks for Biomedical 319 94 map
Image Segmentation :
' 128 128
256 128
Olaf Ronneberger, Philipp Fischer, and Thomas Brox e
o] xfl & Sl E B
Computer Science Department and BIOSS Centre for Biological Signalling Studies, S T t
University of Freiburg, Germany Joll> . .I R, BEL)
ronneber@informatik.uni-freiburg.de, =0zl 3 I . rlj i = copy and crop
WWW home page: http://1lmb.informatik.uni-freiburg.de/ s c[-.-..- ¥ max pool 2x2
s 3y 1024 45 3 4 up-conv 2x2
%-z_:_ =» conv 1x1

& &

The U-Net architecture.

Unet architecture was created for biomedical segmentation.
It's a rare case of mainstream ML taking an idea from an application space

Serena Yeung-Levy
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Training



Training: how to learn the noise-to-data map

How to learn the parameters from data?
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VAE training (this will help understand diffusion)

(2) (@)

z ~N(0,I) f9

To model p(z|z)we want pairs (z;, ;) but only have access to L

@\ p(z|z) > ()

— —
e

|dea: jointly learn to map the data to the noise AND the noise to data.

“Auto-Encoding Variational Bayes”
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Neural net
for p(z|z)

Neural net
for q(z|x)

|dea: learn to map the data to noise, and back to data at the same tim
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' Neural net
for ¢(z|x)

Neural net

Idea: learn to map the data to noise, and back to data at the same time
*It's more standard to draw it like this
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VAE training (this will help understand diffusion)

@w« p(z|z) f@

' Neural net Neural net

First loss term: reconstruction Lyecon = ]Eq(zla:) [p(:c|z)] — ||£E - 57“
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' Neural net Neural net

First loss term: reconstruction Liecon = ]Eq(z|a;) [p($|z)] = ”37 — 37“
This can be viewed as ‘compression’ if z is a small vector
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VAE training (this will help understand diffusion)

** the real VAE is more complicated than that
You can read details in this good blog post which also
introduces diffusion models
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https://calvinyluo.com/2022/08/26/diffusion-tutorial.html

Diffusion training as a hierarchical VAE

RV
VAE graphical model @ p( | ) $@

— —-—
il I

Diffusion models are like VAEs but with a few key differences
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Diffusion training as a hierarchical VAE

RV
VAE graphical model @ 2)( | ) $@

—y -
_— - =
_—ee o e o ==

Key difference #1: diffusion has a hierarchy of latent variables
p(zt—12t)

@».,@»@» e (D)

q(7)71)
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Diffusion training as a hierarchical VAE

RV
VAE graphical model @ 2)( | ) ’@

— —
e o am m = = =

q(z|x)
Key difference #1: diffusion has a hierarchy of these vars
p(zt 12t)
EAEEY

Key difference #2: the q(z:|2:—1) is a fixed Gaussian diffusion process:

q(z¢|ze—1) = N (285 Vasze—1, (1 — o)1) W+ . _

*and (X is a parameter
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Diffusion training as I(ear|ni)ng to reverse noising
P\Zt—1]%t

Sample t,
Apply noise: q(2¢|2—1)

Use Unet to reverse the noise

|I||][| i\‘ Zo(2t,1)

Reconstruction loss IE15~U(2,T) [C(at) “29(2,5, t) — 2t—1 “]

t—>
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A sketch of how to derive VAE and diffusion

Matching the data distribution leads to max likelihood principle

argming Di 1, (Pdata | Po) = argming Ezrp,,,, [logpe(z)]

Introduce a latent variable, z

log po(z) = 1og [ po(a,2) More steps:
z - Notice p(z|x) is hard to estimate - introduce variational
=lo / z)pe(x|z)dz q(z[x)-
: zpe( Jpe(zl2) - Force each distribution to be Gaussian, with

parameters predicted by neural nets.

- Show that the lower bound is a good lower bound

- Do some symbolic manipulations so that all terms are
tractable to compute

< / log ps (2)ps (x]2)dz

z

A good blog post: Understanding Diffusion Models: A Unified Perspective
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https://calvinyluo.com/2022/08/26/diffusion-tutorial.html

“Score based models” are similar to diffusion

Key point: score based modeling is fundamentally the same as diffusion modeling.
The score-based modeling perspective is interesting

Assume the data space is 2d.

Contours are probability density values, p(z)

\

N

N
AN N N O Yy

- - - —
Jih
| ]

~ e = el e

==l : ,
E== I Arrows are the score: V log p(z)
- Sy
L T A A ' . .
T ; ; : : : Sampling: start somewhere random in space.
4 . . .

e AN Then follow the arrows until you reach a high density area.
RSN

AR ===

L ‘\‘\‘/ *a

[]

Good blog post: Generative Modeling by Estimating Gradients of the Data Distribution
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https://yang-song.net/blog/2021/score/

Implementing Diffusion models - & diffusers library

« Diffusers -

) Search documentation #¥K
V0.303 v EN v ® ) 25521 Biffusers
GET STARTED _
N
~ . D« ffusers
Quicktour i p ¢ 7
Effective and efficient diffusion
Installation
TUTORIALS Diffusers
Overview
Understanding pipelines, models and @ Diffusers is the go-to library for state-of-the-art pretrained diffusion models for generating images, audio, and even 3D
schedulers structures of molecules. Whether you’re looking for a simple inference solution or want to train your own diffusion model, &
AutoPipeline Diffusers is a modular toolbox that supports both. Our library is designed with a focus on usability over performance, simple over
Train a diffusion model easy, and customizability over abstractions.

Load LoRAs for inference
) ) The library has three main components:
Accelerate inference of text-to-image
diffusion models

State-of-the-art diffusion pipelines for inference with just a few lines of code. There are many pipelines in & Diffusers, check
Working with big models o K . o

out the table in the pipeline overview for a complete list of available pipelines and the task they solve.

LOAD PIPELINES AND ADAPTERS Interchangeable noise schedulers for balancing trade-offs between generation speed and quality.
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More advanced sampling



Conditional sampling

Recall: we want to be able to add conditioning information

<no condition> “kangaroo” “Kangaroo lying down”
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Conditional sampling

Solution: pass the condition info to the Unet

Before: unconditional sampling

t > |

After: with a condition

c = “a dog” =P |

Nﬂuu”

o

St —1 e
e

—

St —1 B
oo

Te loss is almost the same

Eim2,1) [C(at) - [|26(2¢, T) — 2¢l[]

After
Eiv21) [Cloy) - ||20(2e, 8, ) — 2|



Implementing conditional sampling

Class-based conditioning General conditioning via cross-attention
Encode the same way 't is encoded Much more common

ondltlonln

emanti
Ma
= e T T — -

> ( “Denoising U-Net €y |21 Text

Repres
en}atlons

C [ Positipn H
encoding

L J To
——— Q
(& I— - . e ! . \ )
c [ ) p crossattention switch  skip connection concat




Conditional sampling in practice with “guidance”

Sampling (using ‘score matching’ perspective) e :

We move in the gradient direction %ﬁ:‘w AETEc g

. ‘l\\ T P B A= - h

R e AN RS Qi B

) V(B lOg p(w) &?‘;jififi AMMAAMAA X e 0 oA

& ‘ l ‘ MANANA N XA 4 ) » A

Now we do conditioning: e R

V.1 \;&;J//’/";H*\

.’Bogp(w|c) LR T B T S S g N )

.‘.,,,,,/ffHH

LN b} v 4 » * A A T e t_'r - g

Guidance says: i AR ===
1] H g g . . ” ‘ ( ==

let's balance the unconditional and conditional directions T TITIT *“ﬁﬁ:ﬁ

WAt

V. logp(z) + v -V, log p(zc)
Good blog post: Guidance: a cheat code for diffusion models
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https://sander.ai/2022/05/26/guidance.html

Conditional sampling in practice with “guidance”

The 7Y parameter lets us trade off diversity and fidelity

c="A stain glass window of a panda eating bamboo”

Good blog post: Guidance: a cheat code for diffusion models
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https://sander.ai/2022/05/26/guidance.html

Conditional sampling in practice with “guidance”

Guidance has an unconditional and conditional term
V. logp(z) +v -V, logp(z|c)
Problem: we train V; log p(z|c)  so how to get V log p(x)

Answer: Use the same model, but let ‘unconditional’ be a class
p(z) = p(z|c = 0)

In training, for 10% of samples, set the condition to this.

Good blog post: Guidance: a cheat code for diffusion models

SO UL BIODS 276: Adv. Topics in CV and Biomedicine

James Burgess
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https://sander.ai/2022/05/26/guidance.html

Faster sampling - schedulers

T=1000 usually. This means 1000 model passes to make an image

Different samplers (like DPMSolver) can reduce to 20 steps without changing the model

* Diffusers v
Q Search documentation #HK

V030 v ENv @ ) 2551

In diffusers library, look up “schedulers”

MAIN CLASSES

Models

Schedulers

Diffusion Pipeline

Logging
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Faster sampling - distillation

T=1000 usually. This means 1000 model passes to make an image

Teacher Model
(large neural network)

T pt’ o @
I,if‘ié .:’)
Classic distillation: big model %l_’ J &: g

\d,’
teaches smaller model s q
of®
o "

Diffusion distillation: High ‘T’ model teaches low ‘T’ model
See blog post The paradox of diffusion distillation
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https://sander.ai/2024/02/28/paradox.html

Important diffusion model designs



DDPM

Denoising Diffusion Probabilistic Models

Jonathan Ho Ajay Jain Pieter Abbeel
UC Berkeley UC Berkeley UC Berkeley
jonathanho@berkeley.edu ajayj@berkeley.edu pabbeel@cs.berkeley.edu

Po Xt— 1|Xt)
@ O—OZ
)

Flgure 2: The directed graphical model considered in this work.

DDPM is *mostly* the model we have described up till now
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Stable Diffusion or Latent Variable Models

Recall: VAEs can do data compression and reconstruction

Neural net, g Neural net fy

“High-Resolution Image Synthesis with Latent Diffusion Models”
“Score-based Generative Modeling in Latent Space”
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Stable Diffusion or Latent Variable Models

|dea: instead of diffusion models on pixels, do diffusion in a compressed latent space

Diffusion
(DDPM)

Latent
diffusion
(Stable
Diffusion)

VAE

VAE

f9t+1

“High-Resolution Image Synthesis with Latent Diffusion Models”
“Score-based Generative Modeling in Latent Space”
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Stable Diffusion or Latent Variable Models

|dea: instead of diffusion models on pixels, do diffusion in a compressed latent space

VAE

Choose a VAE with low distortion

Key insight: VAE can downscale images a lot while
maintaining semantic information.

L

Distortion (RMSE)

Diffusion in latent is much more efficient

“High-Resolution Image Synthesis with Latent Diffusion Models”
“Score-based Generative Modeling in Latent Space”

Serena Yeung-Levy

| Semantic Compression | I

— Generative Model:
Latent Diffusion Model (LDM)

80

60

- I Perceptual Compression |

20 — Autoencoder+GAN |
. ‘;
LN ) L ]
h=

Rate (blts/dlm)

Lecture 7 - 72

James Burgess BIODS 276: Adv. Topics in CV and Biomedicine



Stable Diffusion or Latent Variable Models

Latent Space R Conditioning)

. Diffusion Process emanti
Map '

Denoising U-Net €y Text

Repres
entations

Pixel Space L

v & e

denoising step crossattention  switch skip connection concat ~——

“High-Resolution Image Synthesis with Latent Diffusion Models”
“Score-based Generative Modeling in Latent Space”
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DALLE-2

CLIP objective

“a corgi
playing a “Compositional
flame o P generalization”
throwing = I s
trumpet” @éo
________________________________________ - o 9 O
O=>0>0
e NG
prior

“Hierarchical Text-Conditional Image Generation with CLIP Latents”

Serena Yeung-Levy
James Burgess
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Text “A Golden Retriever dog wearing a blue
+ checkered beret and red dotted turtleneck.”

Frozen Text Encoder

Text Embedding
Y

Text-to-Image

Diffusion Model
Pretrained language- . B
only model Y
(others use CLIP > Diffusion Model

Sprouts in the shape of text ‘Imagen’ coming out of a

iyl ook language encoder)

256 x 256 Image

Y

Super-Resolution
Diffusion Model

1024 x 1024 Image

Teddy bears swimming at the Olympics 400m Butter-
fly event.

“Photorealistic Text-to-Image Diffusion Models with Deep Language Understanding”

Serena Yeung-Levy
James Burgess
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Evaluation



Evaluation

Common issues

X

Desiderata for diffusion models

High probability region Low probability regions

R

Sampled more Sampled less

J Sampling likelihood should match
the data likelihood

-' “ /
Fidelity: samples not

DlverS|ty not sampling :
the whole distribution from the right distribution
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Evaluation

Desiderata for diffusion models

High probability region Low probability regions

Sampled more Sampled less

/ Sampling likelihood should match
the data likelihood

Serena Yeung-Levy BIODS 276: Adv. Topics in CV and Biomedicine Lecture 7 - 78

Challenge: how to evaluate distribution in this
“semantic latent space”

Approach: embed with a pretrained network, e.g.
‘inception network’ trained on ImageNet

Network

L Zq

*choice of network will depend on data
E.g. MRI images should not use networks trained on ImageNet

James Burgess



Evaluation: Frechet Inception Distance (FID)

|dea: generated samples should match a target distribution, e.g. the ImageNet test

set
— O

Reference dataset Generated dataset

1) Map dataset and embeddings to embeddings
2) fit a Gaussian to each distribution of embeddings
3) Measure a distance between those distributions

dr (N (1, ), N (1, 2))* = || — p' |3 + tr (2 +3 - 2(22’)§>

Serena Yeung-Levy
James Burgess
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Evaluation: precision and recall

(a) Example distributions (b) Precision (c) Recall

Figure 1: Definition of precision and recall for distributions [25]. (a) Denote the distribution of real
images with P, (blue) and the distribution of generated images with P, (red). (b) Precision is the
probability that a random image from P, falls within the support of P.. (c) Recall is the probability
that a random image from P, falls within the support of P,.

“Improved Precision and Recall Metric for Assessing Generative Models”
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Evaluation: CLIP score

Idea: image should be close to its text prompt in CLIP space

Text

Encoder 1 1 1 1

T T T3 Tn
— I I, T, I1~T2 I, T3 I, TN
: — L LTy (Ll LTy - Dy
- ¥
- 4 il
L] Image
‘& i | > S -~ Iz, I3T, IgTy - Igly
i
— Iy InTy InT, IyTs IyTy

“CLIPScore: A Reference-free Evaluation Metric for Image Captioning”
Serena Yeung-Levy
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Evaluation: CLIP score

Idea: image should be close to its text prompt in CLIP space

pepper the Text
aussie pup Encoder

i

" .
- 4 il
!6} Image
: Encoder
7 i |

T

‘Kangaroo lying down” — otee ——— | €4

I,T;

I

13 'T1

Iy

I,'T,

I,T,

IzT,

Iy T,

I;Ts

I T3

I3Ts

IyTs

17 'TN

I Ty

I3 Ty

IyTy

f 0 score(e;, e;) (ei, e2)

~ Tlelllec

Image
C—
Encoder

“CLIPScore: A Reference-free Evaluation Metric for Image Captioning”

Serena Yeung-Levy
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Evaluation: compositional generalization

People are interested in composing concepts in novel ways in diffusion models

Concept categories: object  texture  color shape style  number spatial size
: . il Stage 2:
A small pink duck Four iiay, rectangular In a cubism style, four Concept Evaluation
standsonahillwitha  Sushipieces with a tiny, gray, glass- .
ietallic texture. The glas_s.-hke textuye are textured, rectangular Convert to questions A;tgg‘i:?
image is photorea"sm pOSItloned behind a tray |apt0p3 are positioned « Does the image contain a horse? v
. 5 s . « Is the style of the image cartoon?
A0 expressmmst Style' on top of a table. « Is the color of the horse gray? v
. . . « Does the horse have a glass texture? v
« Is the horse behind the tree? v
X
Text-to-image All correct?
model
No
Full Score: 0
1)
b V i

k=7

This benchmark uses automatic eval using an image recognition model

“ConceptMix: A Compositional Image Generation Benchmark with Controllable Difficulty”
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Diffusion beyond text-to-image



A few examples of generative model tasks in images

Text-to-image Super-resolution . o
i [— Image inpainting

“A kangaroo
lying down™

( -) Latent Space ) Conditioning
@— & Diffusion Process emanti

Map

7 Text

Denoising U-Net €y
E-

Pixel Space L

_1 To
N —

denoising step crossattention  switch skip connection concat

Repres
entations
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Textual inversion: learning to prompt new concepts

|ldea: learn an input “word” to capture a new concept from a few images, and generate it

invert

Input samples ——— “S..”

nvert

Input samples —— 3 “§.,”

“An oil painting of S,.” “App icon of S,.”

“Painting of two S
fishing on a boat”

{ “A photo of S,” 1
]

Vol

Tokenizer

bbb

N

508 701 73 (*)

Lo

Embedding Lookup
Vol
Vsos V701 V73 U,
U

Text Transformer

a

(e E——
Input Sample

Text Encoder

“A S, backpack”

co()

\_Generator @/ \Noised Sample /

“An Image is Worth One Word: Personalizing Text-to-Image Generation using Textual Inversion”

Serena Yeung-Levy
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Controlnet: adding new conditions to text-to-image

If we start with a t2i model like StableDiffusion, then it should be easier to learn to map

other conditioning information

¢ T e U

X

!

jmemnennnannees | e,

zero convolution

— >

Input Canny edge

[ neural network J

[

neural network

block (locked) [ trainable copy J

<SSR 1
Input human pose Default “chef in kitchen” “Lincoln statue”

“Adding Conditional Control to Text-to-Image Diffusion Models”
Serena Yeung-Levy BIODS 276: Adv. Topics in CV and Biomedicine

T
zero convolution
e
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General theme: better control of image generation

“A maw’ and a 8 scuba diving”

“‘MoA : Mixture-of-Attention for Subject-Context Disentanglement in Personalized Image Generation”
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Zero-1-to-3: rotating objects in 3D

Key idea: rotate objects by conditioning diffusion on starting image = angles

Input Synthesized Input Synthesized
' Input View (RGB)
"+ Down 30° Left: 90° | ‘ [ Up 45° Right 60°
Input Synthesized Input Synthesized
”- m\ ” d
‘ )

‘ ) : — Latent Diffusion Model \ :
“a( Down: 25° Right: 95° ) B w0 Up: 45° Left: 60° [ Gaussian Noise Output View (RGB)

“Zero-1-to-3: Zero-shot One Image to 3D Object”
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Diffusion on other data types

“A person kicks with their left leg.”

Human motion
“MDM: Human Motion Diffusion Model”

y

Forward (noising) process

o B PR
Proteins PN A

step

“ . . . . Gaussian ~ % 5 i Protei
De novo design of protein structure and function with nose ARBER --. & ‘—Tﬁh};{tz@ & swucture
RFdiffusion” : ol

g
XT u X! X!-‘l u XO

Reverse (generative) process

Language
“Language Modeling by Estimating the Ratios of the
Data Distribution”

study ants bear burrito skyline song
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Diffusion representations for dense perception tasks

|ldea: Unet activations capture meaningful content at the pixel level

K-Means Clustering of
Frozen Diffusion Features

Features from Unet

“Open-Vocabulary Panoptic Segmentation with Text-to-Image Diffusion Models”
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Diffusion representations for dense perception tasks

|ldea: Unet activations capture meaningful content at the pixel level
So: use it as a backbone in segmentation

Open-Vocabulary Panoptic Segmentation
Prediction from ODISE

N mask predictions {m,}f\i 4

:%5 Text-to-Image Diffusion UNet
X @ binary mask
) % ) loss

= ———  MaskG
noise as enerator * Frozen during training

. . |
- . |
Implicit Captioner T ‘, i ‘, T I ‘, ? category lal
| 1 1 1 1 1 1 | "
lmage T . = - ‘superwsed‘by
MLP Implicit Text Embedding ] N mask embeddings {z;} fi ) image caption

category dog, cat, person, ..., cross entropy
labels television TC i) IT (Cogori) Lec
EEOO or

image two cats are watching dog | | Kirain / Kword text embeddings L grounding L
caption | and person in the tv... - loss G

or

AM_‘
i
2
m
™3
o
o
Q
e
\]
&

“Open-Vocabulary Panoptic Segmentation with Text-to-Image Diffusion Models”
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Diffusion representations for dense perception tasks

|ldea: use Unet activations and find point-point correspondence by feature similarity

Source Point DIFT Predicted Target Points

Copy features from Unet

/
|‘|||1

Use vector dot product to find most
similar point in 2nd image

cross-instance cross-category cross-domain

“Emergent Correspondence from Image Diffusion”
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