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BACKGROUND: Diftusion

Overview

Use variational lower bound
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BACKGROUND: Diftusion

xt = v @Xo + V1 — aze

Let a;=1-p5; and a;= Hle Q;

T
q(xilxi1) = N (x5 v/ 1 — Bixe-1, B1)  q(xurix0) = | [ a(xelxea)
t=1

The equation can be written as:
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BACKGROUND: Diftusion

To maximize po(xo) ,

 —logpe(x0) < — log pa(x0) + Dxr(g(x1:7|%0) || pe(x1:7|%0))

= —logpo(x0) + Exypq(xrixo) [log

q(x1.7|x0)

= — lo xo) + E,;| log —— M —

g’pe( 0) q[ ® Pe(xozT)
CI(XLT\XU)
= | log == <
q{ . pa(XO:T) ]

g(x1:7|%0) ]
pe(xo:T)/Pe(Xo)

+ 10gpe(Xo)]

Use variational lower bound
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BACKGROUND: Diftusion

xt = v @Xo + V1 — aze

With a long series of derivation...

q(x1.7|X0) T
TR0~ Byl De(a(xrlxo) || polxr)) + 3 Du(a(xiafx:,
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BACKGROUND: Diffusion % = Va1

With a long series of derivation...

T

E, [log LT X0] 1 (qoerfo) || polx)) + 3 Dicularesbes o) || po(xeca )~ logpofiolsa)
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With another long series of derivation...
Le = Exge| oz lle(xe, %0) — po(xe, )]
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BACKGROUND: Diftusion

Simply, we have

e
L =y hrises [“Et — €o(xt, t)HZ]

= Etf1,7),x0,e1 [”et —eg(V arxo + V1 — ey, t)Hﬂ

Main steps of diffusion:

(T —— \
X =V aXo+ V1 — ae I — log pa(x0) < ]Eq[log q(xl:Txo)]
I Po(X0.7)
________ - ’ '
______________ .
(i, 10g 4T ) _ gty (gertes) Il poxr) + 3 Diculate 1l o) Il poxe 1150))— ogpofxals)]
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BACKGROUND: Stable Diffusion

Latent diffusion model

= Latent Space
-—I . Diffusion Process | %I
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Liput = Eggyeononye | lle — eo (2, t)3]

; Q
Attention(Q, K, V) = softmax (
Vd

where Q = Wg) - i(Zi),
K =Wy m(y),
V= W%ﬁ) - 79(y)
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BACKGROUND: CLIP

CLIP and OpenCLIP

(1) Contrastive pre-training

Pepper the
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(2) Create dataset classifier from label text

(3) Use for zero-shot prediction

A photo of Text
Encoder

Image A |
Encoder g

4 Y v
T 1% | T

LT | )Ty | IyTy

1Ty

18



OUTLINE

* Authorship
* Background

e Method

* Experiments

 Conclusion



METHOD

How to do classification task using diffusion model?

Generally,

Stable
Diffusion
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METHOD

How to do classification task using diffusion model?

Generally,

Cat =

Stable
Diffusion

Dog =)
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METHOD

Quick Review: main steps of diffusion

I X = vV oXo+ V1 — dye | —log pg(xp) < Eq[log —q(xlzﬂxO)]
Pa(XQ:T) :

) I
] = Eq[Dxr(q(xr|x0) || po(x7)) + ZDKL q(x¢-1/%t,%0) || po(x-1|%+))— log pg(xo|x1)] }
Li 1 Lo

l____'_' Ir L1

. Use variational lower bound
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METHOD

How to do classification task using diffusion model?

Theoretically,

o(Xt—1 | Xz, ¢) dxq.7
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METHOD

How to do classification task using diffusion model?

Theoretically,

o(Xt—1 | Xz, ¢) dxq.7

||{:]ka

sl 9 /
X1:T

Bayes’ rule:

p(c;) po(x | ;)

po(ci | x) = >, p(c;) pa(x | c;)




METHOD

How to do classification task using diffusion model?

Theoretically,

o(Xt—1 | Xz, ¢) dxq.7

||{:]ka

sl 9 /
X1:T

Bayes’ rule:

p(c;) po(x | ;)

po(ci | x) = >, p(c;) pa(x | c;)

Suppose  p(ci) =y ,
We can use ps(x|c;) to predict class.



METHOD

How to predict po(x|c;) ?

Using definition 1s too slow:

pe(xo | ) /XL

The variational lower bound:

Xt 1 \ Xt, C XmT

||{:]ka

logpg(xp | ¢) > E

q(x1.7[x0)
po(Xor) ]

q(x1.7 | X0) —log ps(x0) < Eq{log

po(Xo.T,C
q[log G( 0:T ):|



METHOD

f q(x1.7[%0) B a I
Eq[l } — Ey[Dkw(g(xz[x0) || pa(xr)) + D | Dxr(q(xe-1/x1,%0) || pa(xs-1[x:))— log pa(xo|x1)]

l pa(XOT) - " S t:2\_ i A i P l
— e i — — —— — s e . e e e e DY
L™P° = Epvfi e le: — €o(xe,t)|7]

We have
Po (XO:T: C) 2

1 >E, |1 = _E,. [|le — ep(xs, C
ERa(my | 5 2 By [Og q(X1.7 lxo)] b [lle = ol OIF] +
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METHOD

Combine with Bayes’ rule,

exp{—Ey [lle — ea(x¢, ¢;)|I*] + C}

po(ci | x) ~ Ej exp{—E¢ ¢||le — ea(xz, ¢;)|*] + C}

__exp{—Ey[lle — ea(xs, ) |I°]}
2 exp{—Eqc[lle — eo(xe, ¢;)|1?1}

How to predict exp{-E: [l — eo(xi.c;)[2]} ?
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METHOD

Combine with Bayes’ rule,

exp{—Ey [lle — ea(x¢, ¢;)|I*] + C}

po(ci | x) ~ Ej exp{—E¢ ¢||le — ea(xz, ¢;)|*] + C}

__exp{—Ey[lle — ea(xs, ) |I°]}
2 exp{—Eqc[lle — eo(xe, ¢;)|1?1}

How to predict exp{-E: [l — eo(xi.c;)[2]} ?

Monte Carlo!
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METHOD

In short,
We just use Bayes’ rule and Monte Carlo to classify.



METHOD

In short,
We just use Bayes’ rule and Monte Carlo to classify.

Question:
1. Why Monte Carlo can predict exp{-E:[lle — cs(x:, ¢;)|?]} ?
2. Why we can use lower bound?



METHOD

Why Monte Carlo can predict exp{—E:[llc — eo(xs,¢;)[]} ?

Indeed, it’s hard to predict real value.
But we only need relative value.

exp{—Ey [lle — ea(x¢, ¢;)|I*] + C}
2_j exp{—Es.c[lle = eo(xz, ¢;)||°] + C}

po(c; | x) =~

__exp{—Ey[lle — ea(xs, ) |I°]}
2 exp{—Eqc[lle — eo(xe, ¢;)|1?1}

1

- 2 exp{Eelle — ep(xe, €)1 — [le — ea(xe, ¢;) %]}
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METHOD

Why we can use lower bound?

Error: |l€ — eg(z¢, ¢)|?
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METHOD

How to choose 1 ?
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METHOD

How to choose ¢ ?

Accuracy

l ‘ = Uniform
50 A -
.l i 51N
= 1000
n = 475, 500, 525
20 1 / 75,5
- Even 10
10 +— I =k I
10 o -

Number of trials per class

35



OUTLINE

* Authorship
* Background

e Method

* Experiments

 Conclusion



EXPERIMENTS: Why does 1t work?

Input Image

DDIM Inversion
w/ BLIP caption

DDIM Inversion
w/ human-modified
BLIP caption

DDIM Inversion

w/ correct class name
as prompt

DDIM Inversion

w/ incorrect class
name as prompt

DDIM Inversion

w/ incorrect class
name as prompt
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EXPERIMENTS: Zero-Shot Classification

Zero-shot? Foodl01 CIFAR10 FGVC Oxford Pets Flowers102 MNIST STL10 ImageNet ObjectNet

Synthetic SD Data 12.6 353 94 31.3 22.1 27.9 38.0 18.9 52
X

Diffusion Classifier (ours) 77.9 76.3 243 85.7 56.8 17.4 94.2 58.4 38.56

CLIP ViT-L/14 93.1 94.5 32.7 93.7 79.3 62.6 99.5 73.5 68.5

OpenCLIP ViT-H/14 02.7 97.3 42.3 94.6 79.9 78.2 98.3 76.8 69.2

Why not as good as CLIP ?

1. A prompt designed for CLIP

2. Training domain without LR, unaesthetic images
3. Choice between log-likelihood and high scores



EXPERIMENTS: Relational Reasoning

Winoground Benchmark

[[score(Cy, Iy) > score(Ch, Ip) AND score(Ch, I1) > score(Co, I1)]

-” o -

(a) there is [a mug] in (c) a person [sits]anda (e) it’s a [truck] [fire]
[some grass] dog [stands]

(b) there is [some (d) a person [stands] (f)it’s a [fire] [truck]
grass] in [a mug] and a dog [sits]

Object Relation Both



EXPERIMENTS: Relational Reasoning

Winoground Benchmark

Model Object Relation Both Average
Random Chance 2510 25.0 250 25.0
CLIP ViT-L/14 27.0 25.8 87.7 28.2
OpenCLIP ViT-H/14 39.0 26.6 ST 33.0
Diffusion Classifier (ours)  41.8 253 69.2 34.0

Mask

"a bird eats a snake"

Diffusion Classifier £4 OpenCLIP {4 CLIP

"a snake eats a bird"

Diffusion Classifier {4 OpenCLIP X CLIP

"there are more "there are more flowers
ladybugs than flowers" than ladybugs"

"the taller person hugs
the shorter person”

X Diffusion Classifier X OpenCLIP X CLIP

"the shorter person hugs
the taller person"

young person"

an old person”
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EXPERIMENTS: Supervised Classification

Results with fewer augmentation

Method 1 oo
IN IN-v2 IN-A  ObjectNet

ResNet-18 74.1 57.3 15.0 26.6
ResNet-34 78.1 59.8 10.5 31.6
ResNet-50 79.7 61.6 9.8 35.6
ResNet-101 82.2 632 19.5 38.2
ViT-L/32 79.0 61.6 26.3 29.9
ViT-L/16 81.0 66.6 25.6 36.7
ViT-B/16 83.4 66.6 30.1 37.8
Diffusion Classifier  78.9 62.1 22.6 32.3

Average over 3 distribution shifts

— =
- )
tn [

1 1

40.0 1

[O5) (98] (S
s h g4
L o wn

I I 1

Y Diffusion Classifier
ViTs
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74 76 78 80
ImageNet Accuracy

82
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CONCLUSION

« Diffusion model can be used to zero-shot classification task
 Diffusion model has competitive scores in classification

* Exact choices made during diffusion training affect the classifier

pG(XO;T,C) 9
1 B I (] = —E i
ng@(XO | C) = g [Og Q(Xl:T ‘ XO):| i,€ [HE Eﬁ(xtaC)H } il

2
€; — €g(/ @, X + /1 — @y, €, ¢5)




Thanks for listening!



