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Generative architectures

GAN:
‘ocTA3aTeNbHoe obyueHve

VAE:
makcummsauus ELBO
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HTM30BaHOrO M306paxeHus
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Diffusion models:

Gradually add Gaussian
noise and then reverse

Advantages

« Show better performance
« No adversarial training
« No mode collapse

Disadvantages
* Large inference time



Denoising Diffusion Probabilistic & SBER Al
Models (DDPM)

« Forward diffusion process - iterative noise addition

* Reverse diffusion process - iterative noise removal

Forward diffusion process (fixed)

Data Noise

Reverse denoising process (generative)



Forward diffusion process & SBERAI

Forward diffusion process (fixed)

po(xt—1|xt)

Data Noise ?

Sa_——-

q(x¢—1|xX¢) is unknown
X0 ~ ¢(X) — a probability density of the real data (images in our case)

il
a(x¢xi-1) = N (x5 /1 — Bixs-1, BeX)  q(x17|x0) = H q(x¢[x¢-1)
t=1

{B: € (0,1)}L,. — dispersion of the size of each step t

Xt = youXe1 + V1 — o€

= Voo 1Xe—2 + V1— oo 1€ o x; = ag X0+ /(1 —az) € , where €~ N(0,1)
ety = 1— fianday =[x ol
= Vaxo+ V1 - aie , where q(xt|x0) = N (x¢; v/arxo, (1 — ar)I)) — probability of
i e
€ _1,€i_2, - ~N(0,I) transition from  X() ¢

€:—2 merges to Gaussians



Noise scheduler & SBER Al
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Reverse diffusion process © SBERAI

Process of generation (ideal situation): Probability of a step in the reverse process:

1. Sampling X7 ~~ N (x7;0,1)

Q(Xt—1|xo)
Q(xt—1|xt,xo) = Q(xt|xt—1,x0)m
2. lterative sampling  X¢—1 ~ q(x¢—1|x¢) t1520
) ' X, 1|%s,%0) = N (%s_1: f1(xs, X0), ;1
Diffused Data Distributions q( t 1| b 0) ( t 1’“( b 0)"Bt )
X, Parameters of the distribution:
X b ¢
% 1 f I - _ Voau(l—aya) n 014
ax) ax) ax) alx) - a(xp) - 1—ay g
Y M R R ,Bt = 5 = ',Bt
q(xolx;) q(x;[x,) q(xs[x3) q(xsxy) q(x.1]xr) 1 — O

We need to approximate:

p0(xt—1|xt) == N(xt—l; lJ’B(xt, t), 20(xt7 t))



Training of a reverse diffusion process © SBERAI

_ Reverse denoising process (generative)

Data Noise
— Eq(xo) log po(xo) = Lvig = Eq[DkL(q(x7[x0) || po(x7))
= —Eq(x) log ( / PO(XO:T)dxlzT) T t
_ po(xo0:T) + Z Dri(q(xe—1]xt,%0) || po(xe-1x¢)) — log pa(xolx1)]
p(XT) == N(XT; 07 I) = "Fat) 108 (/q(xl:Tlxo) q(x1:7[x0) dXI:T) =2 Lea Lo
= o 2 — _E I E pG(XO:T)
Pe(X¢—1|xt) = N (x¢—1; no(x¢, 1), 071) o) 9 (et ) g 7)) o 41460 (o5 50— 75— ()
p@(XO:T) 0
—— < —Eqy, ) log L2XOT)
Trainable network = TglonSE q(x1:7[%0) Dy (q(xe—1]x¢,%0) || po(xe-1[x¢)) = e, x0) = ol I
(U-net, Denoising Autoencoder) ) [Iog q(X1:T|X0)] = Lus KLGWXe—1iXe, X0) I PolXe-1Xe 28,
dla7) Po(xo:T)



Training and sampling strategy S SBERAI

Algorithm 1 Training

As we know xg = V%(Xf — V1= ae:) 1: repeat
t 2: %o ~ q(Xo)
. Va :  t ~ Unif s
'B(Xt XO) = \/a_t(l — at_l)xt + Qi1 tXO = : <Xt - 1= Gf) 3- i [j{;l(looil)n({l, ,T})
’ N l1—a 1—a RN A—a. ~ ;
t t Ve e 5: Take gradient descent step on
g p
Here €; is a noise added to the sample xg. Let our neural network v ”6 69( FeXo + I — Gge t) ”2
— €V V1 — e,

approximate this noise by €g(xt, t) 6 il d
. untu converge

Le1 =Exgpe [%Ilﬁ(xt,xo) — po(xt, t)||2] Algorithm 2 Sampling
B[, (Va0 + V= ree, )] L: xr ~ N(0,1)
20¢(1 — &) Be 2: fort=1T,...,1do
Simplification [5] 3: z~ N(O, I) ift > 1,elsez=0
i 1 1—ay
Lsimple _ ]EtN[l,T],xo,et [||€t _ 69(\/0_(_tX() + /1 — arer, t)||2] 4. Xt—1 = \/_Ol_t (Xt — MT—ag €p (xt) t)) + Otz

5: end for
6: return x




Base architecture — U-Net & SBERAI
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GAN & SBER Al

Generator

G(z)

Discriminator

o 5" o (x) s (12 (+0)))]
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Mpo6nembl GAN’oB

Low diversity
(mode collapse)

Non-
convergence

& SBER Al

Instability
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Wasserstein GAN & SBER Al

Generator | | l = (i)
|| x| i 2 1) = @)




Kandinsky 3.0

A cute corgi lives in a house made out of sushi.

Flan-UL2

Latent Diffusion
Deep U-Net

& SBER Al

Flan-UL2 Encoder embeddings.

Image
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Adversarial Diffusion Distillation

CAS Tstudent = {Tl, e Tn}

t € Thoachor = {1, ... 1000}
€, € ~ N(0,[I])

d(z,y) distance metric e.g. ||z — yll3 |

adversarial loss

for i i
... forward diffusion process __° _, real
— /fake
i m Discriminator
> (7]
OO R (R distillation loss
Ty = azzo + 0 ADD-student Zg(xs, 8)

xS ()@ )

stop grad

Ty = oy + o€ DM-teacher

& SBER Al
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Adversarial Diffusion Distillation

8 € Tstudent = {Tla ..

e, e ~ N(0,[I])

333 — (13(130 + 0-36

T,

ADD-student

adversarial loss

Zo(xs,s)

& SBER Al

15



Kandinsky 3.1 & SBER Al

Adversarial loss on every step

Generator - Kandinsky 3.0

Discriminator — Freezed Kandinsky
3.0 DownSample part + Heads

20x inference time boost
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NpumMepbl reHepauumn

A Pikachu with an angry expression and
red eyes, with lightning around it, hyper
realistic style

Kandinsky 3.0

Distillated
Kandinsky 3.0

A panda is playing a guitar

& SBER Al

A Pomeranian is sitting on the Kings
throne wearing a crown. Two tiger
soldiers are standing next to the throne
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