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O . I n t ro Yonse il Inelgence

Generative Model

6eEM

xi”Pdata

i=12...,n Model family

1) Generation: If we sample x,.,,~p(x), this new data should look like original one.
2) Density Estimation: p(x) should be high only for true x. (Outlier Detection)

3) Unsupervised Representation Learning: Be able to learn the data’s structure.
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Generative Model

Taxonomy of Generative Models

Model does not explicitly
Model can Generative models compute p(x), but can

compute p(x)/ N‘nple from p(x)

Explicit density Can compute Implicit density

/ wimation to p(x) /\

Tractable density Approximate density Markov Chain Direct
Can compute p(x) Diffusi/f,r?%dej\ Generative Stochastic| Generative Adversarial
- ﬁitgée/g;/le;s[l)\ée / WWorks (GSNs) Networks (GANs)

NICE / RealNVP Variational Markov Chain

(FSFI?SVRD Variational Autoencoder | Boltzmann Machine
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0 . I n t rO Yonse il Inelgence

Diffusion Model

Motivation

Dynamic Equilibrium of Diffusion

i_
'
'

© Dye Molecules © Water Molecules
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0. Intro

Diffusion Model

Overall Architecture Forward Diffusion Process = Encoder in VAE
(By adding Gaussian Random Noise)

Use variational lower bound

G S -

-

.
.................................. *

Reverse Diffusion Process (Denoising) = Decoder in VAE
(Goal of the Diffusion Model = Denoising DPM (DDPM))
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0. Intro

Diffusion Model

Q) Why Diffusion Model Works?
A) Vanilla VAE has single latent variable, while Diffusion Model has 1000 to 4000~Inf latent variables!

< VAE > < Diffusion Model >

po(Xt—1/X¢)
05 -0 85 ~Oq

‘\ fI(x|x 1) 3
,

X ) X=d(z) ; o £

loss = [|x-X|12 = ||x-d(2)|]F = [|x-det) |

Encoder Encoder
Data Prior Data
-« - -4
Decoder Multi-step Decoder

10
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0. Intro

Diffusion Model

Q) Why Diffusion Model Works?
A) Vanilla VAE has single latent variable, while Diffusion Model has 1000 to 4000~Inf latent variables!

Deco ‘
der A

N 1=
q(x¢—1 I;(:)_is—l:n—known 7 d er

< Diffusion Model >

Encoder

Data e
- <4— < Lﬁ Deco kﬁ
Multi-step Decoder e~ [ der -~

11
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1. DDPM

Forward Process

= Adding small amount of Gaussian noise

vs. VAE: Not having parameter in encoder < Diffusion Model >

(pre-defined Noise Generator = Hyperparameter!)

Do (Xe—1[X¢)
= H@ @H O

[l A
i (lext 1) P

a(xe|xi-1) = N(xi; /1 = Bexe-1, Bil) L B
i §
q(x1:7|%0) = H q(x¢[x¢-1) Encoder

Data

< < <
Multi-step Decoder

13
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Yonsei Arfificial Intelligence

1. DDPM

Forward Process

= Adding small amount of Gaussian noise
Xp = +Jax_q +/1—ae,wheree ~ N(0,I)

to the sample in T steps, producing a sequence = V@ (T Txes +T=tae) + JI—a;
of Noisy sampes x_1 to x_T. (able in 1-step!) = Vaerres + (Yad = a e +T=ac)

X B (scaling down) variance from previous image

= X -;\/a:txo + .1 —ae
g(x¢|x¢-1) = N(x¢5 /1 — Bixe—1, i)

T
q(x1:7[%0) = H q(x¢|x¢-1) q(xilx0) = N(x¢; vVaxg, (1 — &)I)  where, o, := 1~ f;, &; := H Qs
t=1

s=1

. q(x7|x0) = N (x1; v/arx, (1 — ar)I) = N(xr;0,1)

14
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1. DDPM

Reverse Process

Forward = Gaussian // Reverse = ???

In 1949, Feller showed that the reverse will also < Diffusion Model >
be Gaussian for very small variancep>0. o
Then, how can we estimate it? @_) H@ - @_) _"
Po(Xe_1xe) = N (Xe—15 po(Xe, t), So(Xe, 1)) 5..,,,?‘.’f;_i'?f?’?%?"_'f."ﬁff”. .....
Encoder
Data
<+ 4— <«

Multi-step Decoder

15
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1. DDPM

Reverse Process

— . = £ Xi—1, — 0
e g(x:[x0)
1 —Ja N 1% )2 X; — Joux;:)?
x exp [ — ( Xt 1) ( _ﬂf lxﬂ) _( £ _t f) ))
2 \ ﬁf 1 — (¥; 1 1 — ¥
1 [(x? -2 /%% 1 + X2, . X2 | — 2/ 1XoXe 1+ @ 1Xp (X — Japx:)?
= g —_— —
Xp 2 \ ﬁt ]. — (’]‘.’f 1 ]. — C_Ift
1 (/v 1 . 2./0x 2./cx
= exp (__ (—t + - )Xf_l - ( ' X¢ + - )Xt—1+c{xrsxtr]))
2\ ﬁt I —ay ﬁf. 1—ﬂ’f1

= ot 1 _ a: + Bt =1—C_¥t—1_
ﬁt_l/(ﬁt—'—l—ﬁit—l) U(ﬁt(l—ﬂit 1)) I — B

ann) = ( Xo /( l—lcizt_l)

Uf Cftl 1—05f1
A\/_l—(}it ]_) ﬁ(—}i 1
—Ct't C_I'.'
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Yonsei Arfificial Intelligence

1. DDPM

Reverse Process

() Recall that when we merge two Gaussians with different variance, (0, a3I) and N'(0, 31), the
new distribution is A'(0, (63 + o2)I). Here the merged standard deviation is

\/(1 —ay) oyl — o) = \/1 — .

Thanks to the nice property, we can represent xg = %(xt — +/1 — a€;) and plug it into the

(o

above equation and obtain:

Vau(l — a_1) o Vaih 1 (x; 4/ 1—aei)

1—C_Et l—C_tt &t

_ :
= a;=1—pFyand a; = |];_; @i

17



1. DDPM

Reverse Process E, \DKL(Q(XTEEG) | p(XT))J+ DZIPKL(Q(Xt—llxt;}iO) | Pa(xt_llxt))Jj logpgr(xgxlﬂ
Thanks to the nice property, we can represent xg = %(xt — +/1 — &;€;) and plug it into the

above equation and obtain:

- 1#(1‘.,3(1 = ait_l) 4/ &t—lﬁt 1 —
2 j
7 1_a, Xt 1 T— i 3 (=i =y Q€s)

L, = DKL(Q(xt|Xt+1=x0) || PB(Xt|xt+1)) forl <t <11

KL Divergence between
two Gaussian Distribution

Yai

Yonsei Arfificial Intelligence

18
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1. DDPM

Reverse Process

The loss term L; is parameterized to minimize the difference from i :

Make NN of 8 estimating noise!
Input = initial noise x_0 + time step t

( 1— a;
e = — B
=

r 1
Lt = ]EXD,E

e, 30) — pao(xe, )]?]
2] 24 3x,, 1)

].—O:’t

— Exo,e

1 1 1
sl—=(x - =) -
L 2|25 v Vv1—ay VO
=== ]E:X[],E — (1 — at)g

. e — ealxe,8)]1?
L 20,(1— @)|[Z6]3 t

* e — eol/aama + v/1 — Faen, D)
L 204 Q 0l|3

eolxo,)) I

- ]Exﬂﬂf

Algorithm 1 Training Algorithm 2 Sampling
1 repeat I: xr ~ N(0,T)
2: XDNQ(XD) 2: fort=1,...,1do
PN 3{}1(130;1;1({1= T 3 z~N(0.I)ift > Lelsez =0
-oer ! . _ 1 l—a
5:  Take gradient descent step on 4 Xe—r = NGCTS (Xf - \/ﬁe@(xt,t)) T 0z
Ve He — €g(v/ X0 + V1 — aye, IE)H2 5: end for
6: until converged 6: return Xo

19
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Yonsei Arfificial Intelligence

1. DDPM

Results

R O
Bl

Share x;o;

Figure 7: When conditioned on the same latent, CelebA-HQ 256 x 256 samples share high-level attributes.
Bottom-right quadrants are x;, and other quadrants are samples from pg(Xo|X¢ ).

20
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Yonsei Arfificial Intelligence

2. LDM

Motivation

DDPM works well compared with VAE!

. . GAN: Adversarial , Discriminator Generator ,
Con) The dimension does not change. Lhdversaral x| | X 1 z ¢ %
= Computationally inefficient
= Inflexible Generation VAE: i ) e . S ecoder »
variational lower bound g4 (2[x) po(x|z)
Stable Diffusion arises here! (by LDM)
Flow-based models: Flow N | O Jx!
Im?er’cibﬁasfranlgf?)r; 2f * f(x) ‘ f (=) *
distributions
Diffusion models: _
Gradu:ITyc;dd gazsssian KO ——= X1 ¥ T PR
noise and then reverse

22
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2. LDM

Motivation

Q. How can we reduce the training and inference cost?

A. Conduct main task of feature extracting (= Semantic Compression) with lowered dimension,

and do remaining task (= Perceptual Compression) using Autoencoder while lowering dimension!

o

| Semantic Compression I
] — Generative Model:

4 Latent Diffusion Model {liDM) Ln*:gnl; DI'FF'SiDn HOJG‘

s I Perceptual Compression | Ny )
20 — Autoencoder+GAN ‘ '
0 ; ol b o2k ) — |Encoder | — | Diffigion Model | — | Decoder
0.5 : K
Rate (bits/dim) s C

Noise
t: Cm&ﬁnn

80

60

Distortion (RMSE)

23
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2. LDM

Architecture

N -
Latent Vector Otlsy |
Image ’EV‘W Forwag, Vectn, 5 cent

Latent Space (Conditioning

. 7 -
. ¥Diffusion Process emanti
Map '
t

Denoising U-Net €g

-

Repres |
entations

denoi

' @ Re/var@)uﬁfmww@tep
ng step crogsattention switch skip connectior\ concat :
De-Nosng {,ﬂ«‘pw

17, t'O’
%@W%fgw P"e’t"wwd/ with skip B
(;O‘W‘pf W WI’OM
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Results

CelebA-HQ 256 x 256 FFHQ 256 x 256
Method FID] Prec.T RecallT Method FID | Prec. + Recall 1
DC-VAE [63] 15.8 - - ImageBART 2] 9.57 - -
VQGAN+T. [23] (k=400)  10.2 - - U-Net GAN (+aug) [77]  10.9(7.6) . .
PGGAN [39] 8.0 - - UDM [43] 554 - - s .
LSGM [97] 792 . ) StyleGAN [ 1] 4.16 0.71 0.46 Text-Conditional Image Synthesis
UDM [43] 7.16 - - ProjectedGAN [70] 3.08 0.65 0.46 Method FID | 1St Nparams
a st _ -
LDM-4 (ours, 500-5) S11 0.72 049 LDM-4 (ours, 200-5) 498 0.73 0.50 CogView' [17] 27.10 18.20 4B self-ranking, rejection rate 0.017
LSUN-Churches 256 x 256 LSUN-Bedrooms 256 x 256 LAFITET [109] 26.94 26.02 75M
Method FID P Recall Method FID P Recall GLIDE* [59] 12.24 - 6B 277 DDIM steps, c.f.g. [32] s = 3
etho + rec. ecall 7 ctho + rec. 1 ecall T Make-A-Scene™ [20] 11.84 - 4B c.f.g for AR models [98] s = 5
DDPM [30) 7.89 - - | BART [2! 5.51 - -
et R T _ el he ) ) LDMKL8 2331 2003:0m  1.45B 250 DDIM steps
PGGAN [39] 6.42 - - UDM [43] 457 - i LDM-KL-8-G* 12.63  30.29+042 1.45B 250 DDIM steps, c.f.g. [32] s = 1.5
StyleGAN [41] 4.21 - - StyleGAN [41] 235 0.59 0.48
StyleGAN2 [12] 3.86 - - ADM [15] 190  0.66 0.51
ProjectedGAN [76] 159 0.6l 0.44 ProjectedGAN [76] 152 0.61 0.34
LDM-8* (ours, 200-s) 4.02 0.64 0.52 LDM-4 (ours, 200-s) 2.95 0.66 0.48

25
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Results

CelebAHQ FFHQ LSUN-Churches LSUN-Beds ImageNet

e

input result

Text-to-Image Synthesis on LAION. 1.45B Model.

°A street sign that reads "A zombie in the ‘An image of an animal "An illustration of a slightly 'A painting of a ‘A watercolor painting of a "A shirt with the inscription:
“Larent Diffusion” style of Picasso’ half mouse half ocropus’ conscious neural network’ squirrel eating a burger’ chair that looks like an octopus’ “I love generative models!” *

.
( LATENT
DIFFUSION

Generative
Models!

26
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3. DIT

LDM Revisiting

Latent Space N féond'rtionina
- Diffusion Process emanti
Ma
27 Text

Denoising U-Net €g

Repres
entations
e
(H-___::_"""'_.——ﬁ’
i O ——
Pixel Space IL

denoising step  crossattention "~ Denoising UNet

skip connection concat

y Reverse Diffusion Process

as a backbone..? ]

28
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3. DIT

LDM Revisiting

DDPM uses U-Net backbone for reverse diffusion process, and so does LDM.

Yonsei Arfificial Intelligence

However, U-Net's inductive bias is not crucial to the performance of Diffusion Model.

N

Diffusion Transformer (DiT)
= Adapts Vision Transfomer (ViT) architecture that operates on latent patches
= Can inherit best practices and training methods from other domains

= Retains scalability, robustness, and efficiency

Vision Transformer (ViT)

=
i MLP
Transformer Encoder
st - 89 0) D8 D) @ DO D
[iasa) e [ Linear Projection of Flatiened Patches |
| ]
.\!]|_

29
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Architecture

DiT Block
[ \ Input Tokens T = d
/| —
/
/ e 2 HEEEEEEEEEEEEEEN
Noise > // B T = (1/p)?
32x :iz x4 32x :iz x4 l/ F::(;’f‘(‘:"njf:rd
1
Linear and Reshape / Scale, Shift Jab2
' / 1
Layer N
Layer Norm / yer: o
1 pr—
N X DiT Block Scale 51|

! T \\ Mutti-Head

Patchify =~ Embed '\ Seif-Attention ;
\ ! Y1.P1

| Scale, Shift  +—— . . . . . .

: | \\ “ Figure 4. Input specifications for DiT. Given patch size p x p,
TO:L.SG(: Tlme?tept \\ erpar i M'I'P a spatial representation (the noised latent from the VAE) of shape
32?;? N Label y \ nputTokens _ Condliioning I x I x C'is “patchified” into a sequence of length T' = (1 /p)2

\ /| with hidden dimension d. A smaller patch size p results in a longer
Latent Diffusion Transformer DiT Block with adalLN-Zero sequence length and thus more Gflops.

30



N x

Noise iz
32x32x4 32x32x4
4 4

Linear and Reshape

' /
Layer Norm H
1
DiT Block
1 I
Patchify Embed '\
|
Noised Timestep t
Latent '
32x32x4 Labely

Latent Diffusion Transformer

YONSEI ARTIFICIAL INTELLIGENCE | YAI

Scale
! Pointwise
Pointwise Feedforward
Feedforward
1
Seaia, San 1252
1
Layer Norm
: a
Scale —1 |
1
Multi-Head
Self-Attention
1
Scale, Shift Jub
1
Layer Norm MLP
i 1
\ Input Tokens Conditioning |

DiT Block with adaLN-Zero

DiT Bloc :Ln

Pixel Space

denoising step crossattention

g

Diffusion Process

~ é N
kst
Latent Space ) (Conditioning)
emanti
Ma
Text
Repres
entations

Q
KV

switch

skip connection concat

E]
L

Yai

Yonsei Arfificial Intelligence
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% FID (Frechet Inception Distance): Metric for feature distance between real & generated images

100

80

60

FID-50K

40

20

tett

XL/2 In-Context
XL/2 Cross-Attention
XL/2 adaLN

XL/2 adaLN-Zero

100K 200K

300K 400K

Training Steps

Training Steps

Training Steps

Training Steps

Training Steps

200 s/8 —— S/4 —— 512
B/8 B/4 —o— B2
150 L/8 —o— /4 == | f2
x XL/8 —o— XL/4 —8— XL2
(sl .-
A 100 R \‘M#\,
fr
50
200K 400K 600K 800K 200K 400K 600K 800K 200K 400K 600K 800K
Training Steps Training Steps Training Steps
5/8 B/8 (W] XL/8
e S/4 B/4 o L4 —— XL/4
\ —— 52 —o— BJ2 == L2 == XL12
S \‘\‘K‘__‘_\‘ \““\‘ \\‘v«.‘_\‘
200K 400K 600K 800K 200K 400K 600K 800K 200K 400K 600K 800K 200K 400K 600K 800K
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Class-Conditional ImageNet 256 x256

Model FID] sFID| IST Precision?  Recallt
BigGAN-deep [2] 6.95 7.36 171.4 0.87 0.28
StyleGAN-XL [53] 2.30 402  265.12 0.78 0.53
ADM [9] 10,94 602 10098 0.69 0.63
ADM-U 7.49 513 127.49 0.72 0.63
ADM-G 4.59 525 186.70 0.82 0.52
ADM-G, ADM-U 3.94 6.14  215.84 0.83 0.53
CDM [20] 4.88 - 158.71 - -
LDM-8 [48] 15.51 - 79.03 0.65 0.63
LDM-8-G 7.76 - 209.52 0.84 0.35
LDM-4 10.56 - 103.49 0.71 0.62
LDM-4-G (cfg=1.25) 3.95 - 178.22 0.81 0.55
LDM-4-G (cfg=1.50) 3.60 - 247.67 0.87 0.48
DiT-XL/2 9.62 6.85  121.50 0.67 0.67
DiT-XL/2-G (cfe=1.25) 3.22 528  201.77 0.76 0.62
DiT-XL/2-G (cfe=1.50)  2.27 4.60 278.24 0.83 0.57

Table 2. Benchmarking class-conditional image generation on

ImageNet 256 x256. DiT-XL/2 achieves state-of-the-art FID.

Decreasing patch size

YONSEI ARTIFICIAL INTELLIGENCE | YAI

Increasing transformer size

Yai

Yonsei Arfificial Intelligence

33
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Yonsei Arfificial Intelligence

4, DDPO

Motivation

Goal: Train generative models to generate certain condition of images

satisfying Aesthetic Quality and Compressibility

Aesthetic Quality

Pretrained

35
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Yonsei Arfificial Intelligence

4, DDPO

Motivation

Goal: Train generative models to generate certain condition of images

satisfying Aesthetic Quality and Compressibility

One Possible Approach: Train generative models to align given prompts using RL concept!

Compressibility: llama

36



4, DDPO

Motivation

Markov Decision Process (MDP)

An agent acts according to a policy t(als), and trajectories are t = (sy, ag, ..., S;, a7 ).

state

:[Agent}

-

reward

R,
E* Rr+1
E Sr+1
;h

- Environment

\

|

action
AI

TRL(T) = Erropirim) | Limo Rlse ar)

Yai

Yonsei Arfificial Intelligence

37
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4, DDPO

Diffusion as MDP

Denoising as a multi-step MDP. We map the iterative denoising procedure to the following MDP:

S; = (c,t,x;) m(ay|sy) éPt—:i()'it—l | X, ¢) P(siy1 | se.ay) = (6c:5t—135xt_1)

. X _ s [r(x0,c) ift=0
— _ = |\, .(‘) 0 I R " —
a = X1 po(so) = (p(e), o7, N(0,1)) (se,a) {0 otherwise

JDDRL(Q) - ECNp(c), xo~pa(xo|c) [T(XU:C)}

1) State: Condition (Context, text) c¢ + Diffusion time step t + Image at time step t x;

2) Action: Denoised Image x;_,
3) Reward: Only computed in the final image by the given condition r(x,, ¢)

— Optimized by policy gradient estimation

38
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4, DDPO

Diffusion as MDP

Ways to set the reward
Aesthetic Quality: LAION aesthetics predictors (trained on 176,000 human ratings)
Compressibility: File size of the image after JPEG compression

Prompt Alignment: Prompt comparison with Vision-Language Model's generated image caption

' ™ r ™
[ “what is happening ] ) LL&VA BERTScore

in this image?”
i . similarity-based
ﬁ —» | “a monkey is... ]—IF @ —> rewnrd

" S . v

!

“a monkey washing dishes...”]

Diffusion
Model

A

39
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i D D P O Yonsei Arfificial Intelligence
[

Results

Pretrained Aesthetic Quality

a dolphin riding a bike ——

Prompt Alignment

0.84

0.81 /_”N
0.78 /

0.75 a5
ez

——— anant playing chess —

BERTScore

0.72

0.69

10k 20k 30k 40k 50k
Reward Queries

= ... riding a bike
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Results
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5 . S u m m a ry Yonsei Arifcial Itelligence
Summary
Diffusion Model
DDPM (2020) LDM (2021)
Denoising noise assuming Gaussian Diffusion + VAE (encoder-decoder)
DiT (2022) DDPO (2023)
Diffusion + Vision Transformer Diffusion + Reinforcement Learning

So, what can we do next for Diffusion?

43



Yai
YONSEI ARTIFICIAL INTELLIGENCE | YAI

Yonsei Arfificial Intelligence

5. Summary

Reference

Ho et al., Denoising Diffusion Probabilistic Models, 2020. (NeurlPS 2020)

Rombach et al., High-Resolution Image Synthesis with Latent Diffusion Models, 2021. (CVPR 2022)
Peebles et al., Scalable Diffusion Models with Transformers, 2022. (ICCV 2023)

Black et al., Training Diffusion Models with Reinforcement Learning, 2023. (ICLR 2024)

Kyungwoo Song, STA3145 <Reinforcement Learning> Lecture Note, Spring 2024,
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