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Introduction

I Diffusion Models

« Diffusion model& AtESiA D2td nF20| O|0|X| dHd 7ts

Imagen 3, 2024 Stable Diffusion 3, 2024

https://deepmind.google/technologies/imagen-3/.
https://stability.ai/news/stable-diffusion-3-medium



https://deepmind.google/technologies/imagen-3/

Introduction

I Classifier-Free Guidance (CFQG)

« CFGE= diffusion modelO| 1&Z O|0|X|E M/d5t7| fet EAQl HAY

CFG X CFG O

“Two cats on the ground”




Algorithm 1 Training

Preliminary: Diffusion Models o

2: %o ~ q(xo)

3: ¢~ Uniform({1,....7})
4: €~ N(0.1)

5:

Take gradient descent step on

A\ ||e —ep(varxo + V1 — dte,t)HQ

6: until converged

I Diffusion Models

« Training: forward process& AF&3diA| O|O[X[0f =O[= 7} & ZE0| Y

Forward Process

xtz\/c_r—txo‘l' 1—C_ft6 ENN(O’l)
T
» » €o (xt’ t) Exo,e[lle — €9 (X, t)”z]
Model output
X0 X4

Ho, J., Jain, A., & Abbeel, P. (2020). Denoising diffusion probabilistic models. Advances in neural information processing systems, 33, 6840-6851.
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Algorithm 2 Sampling

Preliminary: Diffusion Models (O

2: fort=1T,...,1do

3 z~N(0,1)ift > 1,elsez =10
I Diffusion Models 4 i1 = b (x - Jestle(xit)) + vz
5: end for
+ Sampling: Zf A[E OfCf 20| = XN[ASIH H0|H 49 6: return xo

Ho, J., Jain, A., & Abbeel, P. (2020). Denoising diffusion probabilistic models. Advances in neural information processing systems, 33, 6840-6851.
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Preliminary: Diffusion Models

I Diffusion Models and Score

« Score: 21 =& ZE 9| gradient

- Diffusion model2| t& 17H2 score matchingl 2 & = AUS
score = V,logp(x)

€g (xt' t)

1/1_6_(1:

score =V, logp(x;) = —

7
/i
!
!
/
!
f
f
f
t
}

Data distribution




Preliminary: Diffusion Models

I Unconditional to Conditional Diffusion Model

« Diffusion model2| output2 scoreZ X 75

- 574 distribution0f| A samplingdt?| #I5A= &7 distribution?| scoreg &

« Unconditional diffusion model2 &8l = classifierE Z-&3lAl conditional distributionO| A sampling0| 7=
Algorithm 2 Sampling
L xr ~N(0,1) plaly) = 2
2. fort="7T,...,1do pLY
% N0, D)t > 1, else 2ol ) logp(xly) = logp(ylx) + logp(x) — logp(y)
4: Xp_q1 = ;at X — ;_Og €o(x¢,t) ) + 012
5: end for f( o Vy logp(x|y) = [Vy logp(y|x) i+ Vx logp (x)
6: return xo Classifier ~ Unconditional

gradient ~ Model output
Diffusion model output — Score




Classifier Guidance

B Classifier Guidance (CG)

« Conditioning term&| scale= 7| % EA}

O -

« Conditioning term2| scaleg 7|2 &= A= 7|E distribution2.C} sharpeningE distribution0| A sampling

V,logp(xly) =V, logp (x)

_|_

Vy logp(y|x)

Unconditional
Model output

Vielogp(x|y) =V, logp(x) +w -V, logp(y|x)

Classifier gradient

Classifier Guidance

Vylogp(xly) =V, logp(x) + (w+1) -V, logp(y|x)

= V,llogp(x) +logp(y|x) + w - logp(y|x)]
= Vy[logp(x)p(y|x) + logp(y|x)"]

x V,[logp(x|y) + logp(y|x)"]
= Vi logp(x|y)p(y|x)"™

Probability Density
o o
[N w

o
=

o
=)
T

o©
»

p(xly) < p(x|y)p(y[x)¥

ply|x)*
— ply|x)?
— ply|x)3?

-4

10



Classifier-Free Guidance

I Classifier-Free Guidance (CFQG)

« CGE MY g5 = classifier/t 2R

« A0 &5 E classifier 10| unconditional, conditional 222 -85 AM guidanceE & + AUS

« Conditional model & Al €™ == 2 conditions M AH3HA unconditional 2E 2 &

Vylogp(xly) = Vilogp(x) +w -V, logp(y|x)
=V, logp(x) + w - (Vylogp(x|y) — V,logp(x))

=(1—-w)

1V log p(x)

+w

Unconditional

Model output

- Vy logp(x|y)

Conditional

Model output
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Perturbed Attention Guidance

I Perturbed Attention Guidance

ECCV 2024, Korea University
52| 218 (2024 8E 16

Self-Rectifying Diffusion Sampling
with Perturbed-Attention Guidance

Donghoon Ahn*! Hyoungwon Cho*'  Jaewon Min'
Wooseok Jang! Jungwoo Kim'! SeonHwa Kim*
(= (=}
yun Hee Park: yong Hwan Jin Seungryong Kim'?
Hyun Hee Park?  Kyong H Jint? Seungryong

'Korea University 2Samsung Electronics

https://ku-cvlab.github.io/Perturbed-Attention-Guidance
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Perturbed Attention Guidance

I Perturbed Attention Guidance

« CFG= conditional model0| A O|O|X]|

« Unconditional modelO|A{ O|O|X[E Hde M= CFGRI &2 7|52 ot= HH=E X ¢

M
z
x

Ot

rir
N

Pertﬁrbed Self-Attention
(b) PAG (Ours)

Ahn, D, Cho, H., Min, J,, Jang, W,, Kim, J,, Kim, S,, ... & Kim, S. (2024). Self-Rectifying Diffusion Sampling with Perturbed-Attention Guidance. arXiv preprint arXiv:2403.17377.
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Perturbed Attention Guidance

I Perturbed Attention Guidance

« CFG+= unconditional output2 anchor &f
- PAGE ®SHX

|
. Yot MEBe

e OFAl conditional output2 2 extrapolate
He MES UEH HAS Solf W (self-attention layerE identity matrix=)
7| & diffusion model E&

=

appearance
~ KT
V, logp(x|y) A(Q¢, K¢, Vi) = Softmax (Qi/at Vi = AV,
= (1 —-w)-Vylogp() +w -V, logp(x|y) N e—
HOHX| = Aot=
sample sample

PSA(thth Vt) = IV; = V4,

Ahn, D., Cho, H., Min, J,, Jang, W,, Kim, J,, Kim, S,, ... & Kim, S. (2024). Self-Rectifying Diffusion Sampling with Perturbed-Attention Guidance. arXiv preprint arXiv:2403.17377
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Perturbed Attention Guidance

I Perturbed Attention Guidance
« CFGE unconditional output® anchor #0FA] conditional output2 2 extrapolate
- PAGE #oHA| = HMES UEXC HAdS Sl 4d (self-attention layerE identity matrix£)

. ABl= ME2 J|Z= diffusion model &

Perturbed Self-Attention

(b) PAG (Ours)

Ahn, D, Cho, H., Min, J,, Jang, W,, Kim, J,, Kim, S,, ... & Kim, S. (2024). Self-Rectifying Diffusion Sampling with Perturbed-Attention Guidance. arXiv preprint arXiv:2403.17377.
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Perturbed Attention Guidance

I Experiments

Baseline

PAG (Ours)

Ahn, D, Cho, H., Min, J,, Jang, W,, Kim, J,, Kim, S,, ... & Kim, S. (2024). Self-Rectifying Diffusion Sampling with Perturbed-Attention Guidance. arXiv preprint arXiv:2403.17377.
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Perturbed Attention Guidance

I Experiments

« CFG2re| 22t S SoliM dd=l= O[0|X| EEE|E SHAZE & US

CFG

CFG + PAG (Ours)

“A man hoiding a “Acandleislitina “Thezebrainthe “Adogsittingina

“A man that is

“A cat is nuzzling

up to a dog's glass up to his large glass goblet zoo have both piece of luggage standing near a
snout” face” with other candles grassy and sandy on a floor” plane in the grass”
around it” areas within their

enclosure”

Ahn, D, Cho, H., Min, J,, Jang, W,, Kim, J,, Kim, S,, ... & Kim, S. (2024). Self-Rectifying Diffusion Sampling with Perturbed-Attention Guidance. arXiv preprint arXiv:2403.17377.
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Perturbed Attention Guidance

I Experiments

Chef

rr
[Of

L)

I
fujo
Rl
HT

« Self attentionS B & s}

(2) (b) (c)

Fig. 10: Ablations study of self-attention map masking strategy. For the eval-
uation of FID [17], we sample 5K images from ADM [10] ImageNet [8] 256x256 un-
conditional model for each method. Black entries indicate the masked (set to —o0)
elements of the Q: K/ / v/d component in Eq. 12 before the Softmax operation is ap-
plied. (a) Replacing attention map with identity matrix. FID: 32.34, (b) Random
masking (ratio: 0.25). FID: 40.20, (¢) Random masking off-diagonal entries (ratio:
0.25). FID: 39.49.

Ahn, D, Cho, H., Min, J,, Jang, W,, Kim, J,, Kim, S,, ... & Kim, S. (2024). Self-Rectifying Diffusion Sampling with Perturbed-Attention Guidance. arXiv preprint arXiv:2403.17377.
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Autoguidance

I Guiding a Diffusion Model with a Bad Version of Itself

« 6 4¥ arxiv 27H, NVIDA

Guiding a Diffusion Model with a Bad Version of Itself

Tero Karras Miika Aittala Tuomas Kynkiinniemi
NVIDIA NVIDIA Aalto University
Jaakko Lehtinen Timo Aila Samuli Laine
NVIDIA, Aalto University NVIDIA NVIDIA
Abstract

The primary axes of interest in image-generating diffusion models are image
quality, the amount of variation in the results, and how well the results align with
a given condition, e.g., a class label or a text prompt. The popular classifier-free
guidance approach uses an unconditional model to guide a conditional model,
leading to simultaneously better prompt alignment and higher-quality images at
the cost of reduced variation. These effects seem inherently entangled, and thus
hard to control. We make the surprising observation that it is possible to obtain
disentangled control over image quality without compromising the amount of
variation by guiding generation using a smaller, less-trained version of the model
itself rather than an unconditional model. This leads to significant improvements in
ImageNet generation, setting record FIDs of 1.01 for 64 x64 and 1.25 for 512x 512,
using publicly available networks. Furthermore, the method is also applicable to
unconditional diffusion models, drastically improving their quality.

Karras, T., Aittala, M., Kynk&anniemi, T., Lehtinen, J., Aila, T., & Laine, S. (2024). Guiding a Diffusion Model with a Bad Version of Itself. arXiv preprint arXiv:2406.02507.
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Autoguidance

I Classifier Free Guidance

Conditional model

CFG= H|O|H &

=4
=
e X
=

unconditional model 2 C} H|O| E

2xg o ¥ oty
o ool REO| MO 22 & E ohatt REA 70| Ee V|HMeE HY = S
« SiY 7I0|E= high-density YO 2 LT I
X | ‘
Bl Conditional i Yy = D Ko
I . ! 2 —\ [\
\ \o* \ - »\ "\1 2 » % 1 - .\
/ o \\ oty L 2/ o “ V - N\
. ° ; o . o .
B Ratio " e N
N - - N
V, log p(x|y) 4 /‘“\ / \.,\y\//‘. 9 x /
= Vylogp(x) + w - (Vy logp(x]y) — Vy logp(x)) L \ —% | tx X s | x
= Vylogp(x) +w- (Vx log —;;(Cg) ;—-::. ‘/ /.,\, oh ® % o T o«
(@) p1(x|c; omia) (b) po(x; omia) (c) Ratio p1 /po
Karras, T., Aittala, M., Kynkaanniemi, T., Lehtinen, J., Aila, T., & Laine, S. (2024). Guiding a Diffusion Model with a Bad Version of Itself. arXiv preprint arXiv:2406.02507
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Autoguidance

I Autoguidance
« Autoguidancet unconditional model(UM) L4l conditional model(CM)%| degradation2 =72t 2 &

training iteration &2, 2E AO[= L)
« UM2 CMit MZ CHE taskE é_*ﬁ MEZ COHE GY0M Ol B2 - Z2X2E SH0M guidanceE &
- CMO| EH 2 ML S e YoM o247 -l — B0t SHO|ME guidance

(a) Ground truth (b) No guidance (¢) Classifier-free  §(d) Naive truncationj (e) Autoguidance
cuidance (ours)

Karras, T., Aittala, M., Kynkadanniemi, T., Lehtinen, J., Aila, T., & Laine, S. (2024). Guiding a Diffusion Model with a Bad Version of Itself. arXiv preprint arXiv:2406.02507.
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Conclusion

IAcceIerating Diffusion Models

« Classifier Guidance
> Conditioning term2| scale= 7| 27|
» Classifier-Free Guidance
> Classifier 810| guidance &
» Perturbed Attention Guidance
> Unconditional model &&0|M M8 4= U= guidance 7[8 At
« Autoguidance

> DegradationO| = 2 Z £H guidance A|1'E2 2= guidance 7|8 X[t
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