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Generative Models

GAN: Adversarial / X Generator

training G(z)

VAE: maximize x =m 12z =6 "
variational lower bound q¢(z|x) po(x|2z)

Y
~

Y

Flow-based models: x|, Flow J oz > Inl/frse . x/
Invertible transform of f(x) f(2)
distributions
Diffusion models: X0 . X1 - Xo . Z
Gradually add Gaussian - - - - - - - [ -------- TR *-------
noise and then reverse
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Denoising Diffusion Models

Use variational lower bound
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Denoising Diffusion Models

Use variational lower bound
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Denoising Diffusion Models

T
po(Xo.1) = p(XT H (x¢—1[x¢), Po(X¢—1]%¢) = N(Xe—1; po(Xt, 1), Bp(Xt, 1))

Use variational lower bound
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Denoising Diffusion Models

T
po(Xo.1) = p(XT H (x¢—1[x¢), Po(X¢—1]%¢) = N (Xe—1; o (Xe, 1), Bp (X, 1))

Use variational lower bound
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Denoising Diffusion Probabilistic Models

E [—log po(x0)] < Eq {—bg Po(Xor) ] =E [ logp(xr) — ) log po(Xe—1lXe) | _
Q(X1:T|X0) >1 Xt|xt 1) 1

= E [DKL( (xrlx0) || p(x7)) + Y Dxcr.(a(xe-1[x¢,%0) || po(¢:—1x¢)) — log pa(xo|x1)

t>1 e

LT Lt—l LO
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Denoising Diffusion Probabilistic I\/Iodels

Ea| Di(aCxrlo) | pxr) + 3 Dic (a0 | poCxia o)) ~ oz pofsolxa)|
LT t>1 Lt 1 Lo

q(x¢—1[%¢,%0) = N (%15 £, (X¢, X0), BtI)a

where 1, (X¢,Xg) = @ﬁt X + vau(l __Qt_l)xt and (3, = L= o 1515
1 — oy 1 — oy 1 — oy
Lit—C =T |- |, (Xt(xoae)a ~ (x¢(x0, €) — \/1——5%60 — o (xt(x0,€),1) 2]
” 20:: Vou
9)
= E, . 12 ! (Xt(Xo,E) — B _ e) — po(x¢(xq,€),1) 2] (10)
T 207 || Vo 1 — oy
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Denoising Diffusion Probabilistic I\/Iodels

£ [DKL( (x7|x0) || P(x7)) ‘|‘ZDKL( (xt—1]xt,%0) || po(xi— 1|Xt)) logpg(x0|x1)]

LT t>1 Lt—l Lo

57 2
Fx,. e { He—eg \/_X0—|—\/1—Ozt€ ||]

2Jt Oﬁt(l — Oét

Algorithm 1 Training Algorithm 2 Sampling
1 repeat 1: xp ~ N(0,I)
2: XONQ(_XO) 2: fort=1T,...,1do
3‘ L~ IJ{/I}(I(f)O%H({l’ s T}) 3: z~N(0,I)ift >1,elsez=0
L e~ , . ) L
5: Take gradient descent step on 4 X = e (X — grmareo(x, )) + 017
Vo HE—EQ(\/@_tXO—F\/].—@tE,t)Hz 5: end for
6: return xg

6: until converged
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Denoising Diffusion Probabilistic I\/Iodels
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Denoising Diffusion Implicit Models

Improve DDPM because:

1. T =1000 is too big. Accelerate!

2. Retraining is disturbing. Same objective!

3. Results are stochastic. Deterministic sampling!
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Denoising Diffusion Implicit Models

Improve DDPM with:

1. Non-Markov chain

2. Same marginals, different joints
3. Modeling the uncertainty with o,
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Denoising Diffusion Implicit Models

Review objectives of DDPM:

£ [DKL( (xr|x0) || p(xT)) ‘|‘ZDKL (q(x¢—1]xt, Xo) | po(xt— 1|Xt)) 10gp9(x0|x1)]

LT L - LD

T
q(z1.7|x0) : HCJ(th\mt 1) mmmp  do(zir|vo) = Go(@rl0) | [ g0 (@imi|zs, 0)
t=2

@ Po @_‘_ . @ — @ ««~—p—9—— @—’ .

Q(mzlwl)
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Denoising Diffusion Implicit Models

Review the special property of DDPM:

q(xi|xo) := N(xy; Voyxg, (1 — ay)I);

Lt — /0T
QU(wt—l|wt wO) - N (\/@tlwo -+ \/1 — Xy — O'g t 7 at 0 EI)
- kg
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Denoising Diffusion Implicit Models

Obijective:
JU(E@) = Ewolqua (:BQ;T) [log qu(ml:T'wO) o ]-ng9 (a:OZT)] (1 ].)
T T
— EwO;qua (xo.7) log do (.’BT|.’B0) + Z log QJ("Bt—l |mt7 wO) — Z logp((;t) (mt—l ‘-’Et) — 10gp9 (:L'T)
t=2 t=1

20



NEX TR

PEKING UNIVERSITY

Denoising Diffusion Implicit Models
Sampling: | Po

iiiiiiiii

€T =/« Ty — V1 ateg)(mt))
t—1 = / t—1( NG

"
. g

-~ “direction pointing to a;”
“ predicted &¢”

—l-\/l—oz_ —o2. )+ o
A t—1 t g(tz tCt

random noise
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Denoising Diffusion Implicit Models

What does o; represent:

Xt—1 = \/C_lft—lxo +4v1—ai-1€11
— / - 2
— \/at—lx(]‘l' 1_at—1_gt€t+0't5

— _ X; — VX
= 4V 0_1Xg + 1—Oit—1—02— + o€
v \/ o

— . Xy — \/ X0
Qo (Xe—1]%¢,%0) = N (X153 vV @ 1X0 + /1 — @1 — U?tx/l—_‘t, ;1)
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Denoising Diffusion Implicit Models

What does o; represent:

X1 = \/C_lft—lxo +4v1—ai-1€11
- / - 92
— \/Clit—lxo—l- 1_at—1_gt€t+0't€

/ Xt — VOoX
— \/@t—IXU‘I' 1 — a1 —O’?t _t 0 + o€
]_—Oft

— . Xt — \/ X0
0o (Xt-1]X¢,%0) = N(X¢-15 v/ 0t1X0 + /1 — 01 — U?tx/l—_‘t, ;1)

O-tZO:Et_:l:Et
O¢ :\/1_§t—1 = €r—1, €t lld

@ity
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GAN Inversion

Sampling &
Latent space Generation

x = G(z), z=N(0, 1)

(a) invert real image into latent space
z*= arg min (G(z), x)
=

(b} manipulate the inverted image in
the latent space

x = G(z*ny) x = G(z*n,)

n
el

Decrease age Add smile

Feconstruction& Manipulation

Xia, Weihao, et al. "Gan inversion: A survey." IEEE TPAMI, 45.3 (2022): 3121-3138.
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GAN Inversion

Optimization
Encoder

Hybrid
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Extract Diffusion Inversion

* The generative process in DDIMs is defined in a non-Markovian
manner, which results in a deterministic denoising process.

« DDIM can also be used for inversion, deterministically noising
an image to obtain the initial noise vector.

* DDIM inversion is unstable in many cases.”

* Amir Hertz, et al. Prompt-to-prompt image editing with cross attention control. arXiv preprint arXiv:2208.01626, 2022.
27
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" Recon. MSE = 0.069 Recon. MSE = 0.077 R
=

‘A bananais laying Recon. MSE = 0.003 Recon. MSE = 0.038 Recon. MSE = 0.014
on a small plate”

“A couple standing econ. MSE = 0.011 Recon. MSE =0.050 Recon. MSE = 0.044
together holding Wii

controllers 28
next to a building.”
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Extract Diffusion Inversion

 DDIM inversion relies on the local linear assumption.

N bie(wy,t)  xp1 — bpe(wp_1,t)
g A+ a¢

 Recall:

Xt 1 = \/@t1xo + V11— 1€

— \/dt—lxo + \/ 1 —ai-1 — O'?Gt + Ot€

29



Affine Coupling Layers

* Widely used in flow-based models.

2 =|z,,2
2q = W(zp)za + ¥(2p)

2 = (2 — () /¥ (2)
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EDICT-Invertible

« Observe the similarity of
2o = U(2p)za + P (2)

and
Ti_1 ‘= Q4T + th(IL‘t, t)

, replace second x; with y;

Ti—1 = Ty + bre(ye, t)
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EDICT-Invertible

Ti—1 = atTy + bee(yy, )
IS Invertible

xp = (T4—1 — by - €(y, 1))/ ay

Define the updating function: Ti_1 = azxy + by - €(yy, t)
Yi—1 = QY + by - €(xi—1,1)
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EDICT-Invertible

Ti_1 = a;xy + by - €(yg, t)
Yi—1 = QY + by - €(xp_1,1)
IS invertible
Yi = (Ye—1 — by - €(w—1,1))/ay
Ty = (Ti—1 — by - €(ys, 1))/ ay
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EDICT-Invertible

The gap between defined procedure and DDIM depends of the
gap of x;, x;_, and y;. should be x,

Ti_1 = atxy + by - €(ye, 1)

Yi—1 = QY + by - €(xp—_1,1)
™~ should be xt\ should be x;
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EDICT-Stabilization

Directly using it is unsatisfactory due to error accumulation.

EDICT x EDICT y

(No Mlxm) _(No Mixing)_ EDICTy

Baseline

EDICTX
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EDICT-Stabilization

Propose mixing layers:
' =pr+(1-py, 0<p<1

to stretch them closer.

inter

Ly — Q¢ °.’Ilt—|-bt 'G(yt,t)

: . |y (inter)
yznter = a; -y + by - E(minter’ t) t Xt Xt-1
Ty 1 =1p- xz’nter + (1 . p) ) yinter (*t ) *
B ¢ t inter
yt yt yt-1

Yt—1 =P - yi”“e"" +(1—p)- x4
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EDICT-Stabilization

Orig. Cosine Similarity
Prompt Generation of (X¢, yt)

A couple of
glasses

are sitting
on a table

— p=0.5 — p=0.9 — p=0.95 — p=1
— p=0.8 — p=0.93 — p=0.97

A long-haired
cat sitting
outside

with leaves
on the
ground

J 1

0 Timestep 50
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EDICT-Application

While EDICT can theoretically operate on either pixel-based or
latent-diffusion models, we present the latter case in this work.

Noising w/ condition Cj,4s., denoising w/ condition Ciqrget-
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Reconstruction

COCO Reconstruction Error (MSE)

EDICT EDICT DDIM DDIM
(UO) (©) o ©

50 Steps 0.015 0.015 0.015 0.030  0.420
100 Steps 0.015 0.015 0.015 0.027  0.471
200 Steps 0.015 0.015 0.015 0.023 0497

Method | LDM AE

Table 1. Mean-square reconstruction error for COCO-val using
the first listed prompt as conditioning with G = 7. The latent
diffusion model autoencoder (LDM AE) 1s the lower bound on re-
construction error. Using half precision increases 50-step EDICT
(C) MSE by 6%. More step values are in the Supplementary.

N I 7K P2
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Editing

-

q) 0 1 . A ;0.5

2|70 A 4 06

Qo024 ¥ AT Q0.7

V)]
v v v A )¢ 0.8
Q. 5 0.3 * o9
a. ¢ DDIM C
— >

@ v DDIM C P2P N

© o5 A DDIM UC P2P

e o EDICT

E v

0.1 0.2 0:3 OT4 015 0j6 0j7
CLIP Score (bigger values better)
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Real Image Edited Images
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“A lake” “A giraffe in ..” “A car stuck in..” “A castle overlooking .."

L T —
“.. covered in snow in “.. after a flood”
the mountains
“A statue” g alone giving
a thumbs-up”
‘ : . 43

“.in the fall®

“An impressionistic

“Awaterfall in the ' A cubist
mountains” painting of ..” painting of ..”



Original Image DDIM DDIM P2P DDIM P2P DDIM SDEdit EDICT
Unconditional Conditional Unconditional

|.

Original Description “A stone church”— Image edit using prompt: “ A stone church in wildflowers”



Conclusion

* A method to promise the invertibility of diffusion steps.
» Performs well both on conditional and unconditional cases.
* Less changes on irrelative regions with editing.

* No FID scores.
* [nsufficient comparison.
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Thanks for your listening!
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