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Generative Models

Classical Supervised Learning
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Image credit: SDXL: Improving Latent Diffusion Models for High  -Resolution Image Synthesis https:// arxiv.org/pdf/2307.01952



Diffusion Models

Learning to generate by denoising

A Denoising diffusion models consist of two processes:
A Forward diffusion process that gradually adds noise to input

A Reverse denoising process that learns to generate data by denoising

Forward diffusion process (fixed)

Daa Noise

Jinseong Park




Many-to-one: Text-to-image generation

Image credit: https://github.com/me anna/CVAE_CONV Image credit: SDXL: Improving Latent Diffusion Models for High  -Resolution Image Synthesis https://axiv.org/pdf/2307.01952

Regression-based Model Latent Diffusion Model
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Sketch-to-Image: coarse-grained control

Image credit: https://github.com/CompVis/stable  -diffusion
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Image editing and composition

n a bucket gettang a hadreut

Input images

Figure 1. With just a few images (typically 3-5) of a subject (left), DreamBooth—our Al-powered photo booth—can generate a myriad
of images of the subject in different contexts (right), using the guidance of a text prompt. The results exhibit natural interactions with the
environment, as well as novel articulations and variation in lighting conditions, all while maintaining high fidelity to the key visual features

of the subject.

Image credit: DreamBooth: Fine Tuning Text -to-Image Diffusion Models for Subject -Driven Generation https://arxiv.org/pdf/2208.12 242
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Diffusion “prior” for image restoration

Super-Resolution Colorization

) N Y A\
(¢) Robust to synthetic/real-world noise (d) Flexible in solving complex degradations

Image credit: Zero -Shot Image Restoration Using Denoising Diffusion Null -Space Mo del https://arxiv.org/pdf/2212.00490
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Molecule Generation

Fieure 3. Selection of samnles eenerated bv the denoisine process of our EDM trained on OM9 (un) and GEOM-DRUGS (down).

(™
E -0.1 F (¢ < . )=100

low energy — stable structure - likely to appear - high probability
high energy - unstable structure = unlikely to appear = low probability

Jinseong Park Equivariant Diffusion for Molecule Generation in 3D, ICML 22
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Generative Models

Generative models

A Generate images, audios, time series, etc.
A GAN, VAE, Flobased models, Diffusion models

GAN: Adversarial
training

VAE: maximize
variational lower bound

Flow-based models:
Invertible transform of
distributions

Diffusion models:
Gradually add Gaussian
noise and then reverse

Discriminator

D(x)

Encoder
q4(2(x)

Generator

G(z)

Decoder
po(x|z)

Flow z Inverse

X > > > _ —
f(x) (=)

Xo —+ X1 — X2 —— T R——

Jinseong Park

13



Generative Models

Generative models

A Commonly aims to transform an input exampbéo a latent vectorithat can be easily sampled
from a known distribution.

A For example¢x 0 (' h,).

A . Can represent some features.
A*: Cat, Dog,
A ,: Black cat, Wh — —
A Generally, we call thiencoder. GAN: Adversarial | | | | x | —.|7ectminater L2 e —
training D(x) G(z)
VAE: maximize % Encoder Eﬁ | [ Decoder <
variational lower bound g (2[x) po(x|z)
. Flow ,_| Inverse /
Flow-based models: - v Z — o X
Invertible transform of x f(x) [ f 1(2)
distributions
Diffusion models: X0 7
Gradually add Gaussian | “je---| Tle--{ Tje-------- FRr ot --------o
noise and then reverse

Jinseong Park 14



Generative Models

Generative models

Ve

A For a sampled, we transformito an examplean.o

A Since we map input examples to with a known distribution,

we can generatenfinite examples.

A Generally, we call thidecodet

GAN: Adversarial < || x Discriminator | Generator 1
.. X
training D(x) G(z)

VAE: maximize - Encoder Jzl Decoder <!
variational lower bound q0(2(x) po(x|2)
Flow-based models: x Az > Z > Inlnl-':rse L x
Invertible transform of f(x) (=)

distributions
Diffusion models:' X0 X9 Z

Gradually add Gaussian == [ ---mmmm- MRREEE EEEEEEEE
noise and then reverse

Jinseong Park



Generative Models

Generative models
A GAN and VAE: encoderinverse decoder.
A Flowbased models (ODE): encoder = inverse decoder.

A Diffusion modelsls it natural?

GAN: Adversarial < || x Discriminator | Generator 1
.. X
training D(x) G(z)
VAE: maximize - Encoder Jzl Decoder <!
variational lower bound q0(2(x) po(x|2)
Flow-based models: x Az > Z > Inlnl-':rse L x
Invertible transform of f(x) (=)
distributions
Diffusion models:' X0 X9 Z
Gradually add Gaussian == [ ---mmmm- MRREEE EEEEEEEE
noise and then reverse

Jinseong Park
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Variational Autoencoder (VAE)

A Variational Autoencoder (VAE) models the data distributionsing a conditional Gaussian decoder:
A Latent prioraD” (ThQ

A Conditional decodem(aJ® =~ * (&R (&) , where' Rt are neural networks.

A Even thoughy ¢g is simple, themarginal m=® is complex and flexible.

o @ n@Qs fW@dn@Qs

Probabilistic Encoder

g (2]x)
Mean Sampled
@ latent vector
Probabilistic
X [——™ ———-.—» Decoder > xr
po(x|z)
a
Std. dev
_ An compressed low dimensional
z=p+to0Oe representation of the input.
€~ N(0,I)
Latent
Representation
Input Output

f - |
Encoder Decoder

Jinseong Park https:// www.mathworks.condiscoveryautoencoder.html



Variational Autoencoder (VAE)

A Q.How do we estimate mm . m _q ?

A A. MaximizeELBO! (Or minimizenegative ELBO) §
n (@ n@)Qa n (do)n(®Qad

A ELBO (Evidence Lower BOund) provides a lower bound on the ldikelihoodi T/Q@d}—8

I in@n= 1 I0g)n @Qd on (60 fl 6k
Log-likelihood
I In@— il O (1§ (g agi-)

ELBO Gap to true posterior

A Thebetterr] (a) can approximate the posterigy ad}—, the smaller the KL divergence.

A Smaller KB EBLO gets closer to true Higelihood

Ve

A Training goal: Jointly optimize both—and%dto maximize the ELBO over the dataset.

Jinseong Park 19



Standard VAE Objective

A VAE objective consists of two termste@onstruction loss and aprior regularizer.

() M (o[l TNQa] O 1 (G4 ¢

Reconstruction Loss Regularizer
A Standard VAE Example
A Ppriorf) (¢) =~ THO.
A Gaussian Encodernry (4l =~ * wh o with diagonal .
A Gaussian Decoder ) (6l =~ "Q(@h "Owhere, Tis a fixechyperparameter.

Jinseong Park

20



Limitation of VAEs

A Standard VAE Example
A Ppriorf) (&) =~ mhO.
A GaussianEncoderry (4c) =~ * @R & with diagonat .

A Gaussian Decodern] (i) =~ Q(&)h, ‘Owhere, Tis a fixechyperparameter.

A Q. Is aGaussian distribution sufficient as the variational approximation for the posterior distribution?

I In@n- fiHe O (1 (ewA Gui-)

ELBO Gap to true posterior

A The ELBO becoméght when the variational distributiorj (09 isidentical to the true posterior distribution
N oLt

A Will the true posterior distribution) Gxd}— be close to a Gaussian distribution?

Jinseong Park 21



Hierarchical VAEs

A Motivation: Go Beyond a Single Latent Variable
A Standard VAEs use a single latent variakiie capture all variations in.

A Can we improve expressiveness by using a hierarchy of latent variables?

A Make a hierarchical VAE.
A Datapoint: x — x,

T
Do (XO:T) = Po (XT) H pe(Xt—l |CUt:T)
A Latentvariables: z — x;.7 t=1

[For simplicity,

the graph s
for Markovian
case.] Data point Latent Latent Latent
pg(X0|X1,--- 7XT> pg(X1|X2,--- 7XT> pQ(XT—1|XT)

Jinseong Park https:/mhsung.github.io/kaistcs492dfall-2024/ 22



Hierarchical VAEs

A Markov Assumption on Latent Variables
A Assume the latent variables followMarkov chain.

A The generative model becomes: .

po(X0:1) = po(X1) Hpe(xt—1 |1)

A The variational posterior becomes:

T
q¢(X1:T|XO) = H C]¢(Xt|l‘t_1)
t=1

qp(x11%0) qp (x21x1)

nt Latent Latent

Data poi
Pe (Xo|x1) Po(x1]x2)

q¢(xr|xr_1)

po(X7_1|x7)

Latent

Jinseong Park https:/mhsung.github.io/kaistcs492dfall-2024/
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Hierarchical VAEs

A Markov Assumption on Latent Variables
A Assume the latent variables followMarkov chain.

A The generative model becomes: .

po(X0:1) = po(X1) Hpe(xt—1 |1)

A The variational posterior becomes:

T
q¢(X1:T|XO) = H C]¢(Xt|l‘t_1)
t=1

A ELBO
log p(x¢) = 10g/p0(Xo:T)dX1:T

X1. X
= 10g/p0(Xo:T)q¢( 1.7 | Xo) dx1.T
qe(X1.7 | X0)

po(Xo:1)
dg (X1:7 | X0) |
pQ(XO:T) 1
qo(X1:7 | X0) |

= log E% (x1:7|%0) [

(¢ Jensen’s Inequality)

> By (xrorIx0) llog

Jinseong Park https:/mhsung.github.io/kaistcs492dfall-2024/ 24
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Machine Learning

Minimize the loss function with data, model, and optimization

Empirical Risk Minimization

[ Ed, fl orp
Image Loss function Transformer,
Words Optimization (SGD) CNN, RNN
Data Training Model
4
S — 8 -
g 14
O o lEAt | | =« m "Q {
¢ |

Jinseong Park 26



Machine Learning

Optimization: (Stochastic) Gradient Descent methods

A For loss functiorfl, we update the weights—

Empirical Risk Minimization

— i)

1) A

Avoiding
Minima

Smoother
Iteration

Y

- SGD
—— Momentum
//////I//I//I/’//,',’,’,/I 7 - NAG
A fa—
”I’/’/’,’,”I’Il,l’/,,’,'”lllll[l,l;'ll,,l 7 Adagrad
"’””"'7';',”"'/""',3,","',"1'1',"";} Adadelta
4
4 ity Rmsprop
v
=y
M)
0 e PR

%
ESSATK,
2%,
0,;0'00
S5,

KR

50,50, X0

SGD
Momentum
NAG
Adagrad
Adadelta
Rmsprop

Jinseong Park

http://www.yaldex.com
https://shuuki4.github.io/deep% 20learning/2016/05/20/Gradient

-Descent-Algorithm -Overview.html

27



Gradient of Probability Density

A If the probability density function (pdf) is differentiable, we can compute the

gradient of a probability densitysCore functio

Score function  Vx log p(x)

N N N S N e B e A e . |

CNATATATATA SR A A R A A 4 A 4 »
\\\\“‘L‘*“LL ,‘J
\\\‘b***"’bb -
SERRDpetedsd: o
SEIPRRgastds. o
‘\i"".vllddlllAki\
NANNY VYO v f A 4 4 4 A A b N
LAY Y Y « 4 4 4 4 & A M 2 X
DR, s o LA TR X
e T A SO R RN S B
L s s o v RN
L |44‘4¢\***‘\\

44444—*\\“‘\
[ | 11 DERERERE I B .
I: »\vv‘\\\\\\\\\
H.l_a.«_.t;_balw\\\\\\\\\\\

pdfy @ vs. Scoré (®

Jinseong Park Song, Yang, and Stefano Ermon. "Generative modeling by estimating gradients of the data distribution." NeurlPS 2019. 28



Gradient of Probability Density

A If the probability density function (pdf) is differentiable, we can compute the

gradient of a probability densitysCore functio

Score function  Vx log p(x)

p(z) V.. log p(z)

0.35¢

0.30 5

0.25¢

0.201 s s s s
-10 -5 5 10

0.15¢

0.101 _gl

0.051

10

-10 -5

(=]
(4]

Jinseong Park https://yang-song.net/blog/2021/score/ 29



Score-Based Models

A Q. What is the most general model family of models that can be efficiently traine
via score matching?

A A. Score-based Models

A Directly learn the score functiosy(x)  (vector field of gradients)

so(x) 1= Vyx logpa(x) : R — R

Neural Network

z - "\\\\\\ h /R /W - “ ’ ’
A Observation: i o - - i 3
A Scorebased models generalize traditional § § AT TS = =
likelihoodbased generative models. t t i f AR I+ 3 A
WANAYINANS 4 AN

A Autoregressive models : : i t i i R N s . T

4] \iif////’/frf\\

A" Normalizing flows SO T

S ——

A EnergyBased Models (EBM) = : ::::( ==
RRIniE==

~ - - e e e \ \

» w \\\\\\\ ’A

Jinseong Park https://yang-song.net/blog/2021/score/ 30



Score-Based Models

A Formal Framework:

A Estimate thescore function from i.i.d. sampleswithout access to the explicit density.

Probability density i.i.d. samples fronPdata (X) Score function approximation
Pdata(X) X1,X2," ", Xp 89(X) ~ V4 10g Paata(X)
\“b—““ﬂ.““ LY U O O | rr or o»
. .'_:..- e TATATA TR R A R A A A 4 4 v v s s s
\\SoIIiiii
- SR VTSI
D S TR - v v Lo e e
R RS2 PPN
'
€ yvverrneoToiiiiinin
LU U I B B A Y
— — \11!!7!;»;‘:'::::::::
DD SSSASPITE R R RS
. R Y S I B
: SEREREEEeA i
- . iz
171-\\‘\“"‘-*"“&"‘-‘-\\\
'flll!““‘““‘q“h‘-ﬁ“\\
T R R e e T T T e \

Jinseong Park https://dee pgenerativemodels.github.io/ 31



Score-Based Models

A Objective: Minimize theexpected squared distandeetween the model and the true score

1
5 Boxmpana [HVX l0g Paata(x) — s0(X)||5

A Use neural networks to model the score functiefx)

s9(x) = [s0.1(%),50,2(%),* ,59,d(%)]

A Requirements:
A The score model must be computationally efficient.

A Must the model represent proper score function?

Jinseong Park

32
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DDPM (NeurlPS 2020)

Denoising Diffusion Probabilistic Models

Jonathan Ho Ajay Jain Pieter Abbeel
UC Berkeley UC Berkeley UC Berkeley
jonathanho@berkeley.edu ajayjOberkeley.edu pabbeel@cs.berkeley.edu

Jinseong Park 34



What are diffusion models?

Inspired bydiffusion process (Brownian motion)
A’ Brownian motion (Physics) M“””H ~

A Ito Process (Economics)

Diffusion models learn the reverse process to recover data from noise

Forward process adds noise to data

1’0 Xi¢— 1|xl
—> C— o —

i o

Image credit: Denoising Diffusion Probabilistic Models https://arxiv.org/pdf/2006.11239

Diffusion models learn the reverse process to recover data from noise

Jinseong Park Image credit: https:/quantgirluk.github.io/Understanding -Quantitative -Finance/brownian_motion. html



Denoising Diffusion Probabilistic Models

A DDPM consist of two processes:
A Forward process adds noise to data.

A Reverse process generates data from noise by denoising.

Forward Diffusion process (fixed)

n
»

Data . Noise

A

Reverse generative process

Ho, Jonathan, Ajay Jain, and Piedbeel "Denoising diffusion probabilistic modeldleurlP$2020.
Song, Yang, et al. "Scevased generative modeling through stochastic differential equatid@.R2021

Jinseong Park 36



Denoising Diffusion Probabilistic Models

A Consider a special case of thtarkovian hierarchical VAEs, where:
A Thelatent variables X1.7 have the same dimension as the datax

A Thevariational posteriors ¢, (X:11|X¢) arenot learned, but insteadpredefined.

Qo (Xe11]Xe) — q(Xes1]Xe)

A This setup forms the foundation of diffusidiased generative models.

qg (x1|x0) q¢ (x2]x1) qe(xr|xr_1)

nt Latent Latent Latent

Data poi
pe (xo]x1) Po (x1]x2) Po (X7_11x7)

https:// mhsung.github.igkaist-cs492dfall-2024/

Jinseong Park 37



Terminology

A Forward Processgredefined noise process):

CI(X1:T|X0) = Q(Xt|Xt—1)

a8

A Reverse Processléarned denoising process): -

po(X0,X1:7) = po(X7) HPG(Xt—1|Xt)
t=1

qg (x1|x0) q¢ (x2]x1)

Po (Xolx1) Po(x1]x2)

q¢ (xXrlxX7-1)

Latent
Po (X1 |%7)

https:// mhsung.github.i¢kaist-cs492dfall-2024/

Jinseong Park
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Forward Process (Data © Latent)

A In the Forward process, the transition distribution is specificalpredefined as:

q(xt|xt—1) = N (%45 v/ 1 — Bexe—1, BI)
A Where {8 € (0,1)}/.; isa sequence aime-dependent noise scales, with:

Br1 < By <o < PBr

A Adds gradually increasing Gaussian noise to the data at each timestep.

qg (x1|x0) q¢ (x2]x1) qe(xr|xr_1)

Data point Latent
Pa (xolx1) Po(x1]x2) po (X7—1|x1)

https:// mhsung.github.igkaist-cs492dfall-2024/

Jinseong Park 39



Forward Process (Data © Latent)

A Note that the reverse step Pa(x¢—1|Xt) becomes a Gaussian form only wheris smallf( L p 8

q(x¢|x¢—-1) = N (x¢; V1 = Bexi—1, Be])
A Common Strategies for 11§
A Learned.
A Constant
A Linearly or quadratically increased.

A Follows a cosine function
Nichol and Dhariwal, Improved Denoising Diffusion Probabilistic Models, ICML 2021.
A EDM

Karras, Tero, et al., Elucidating the design space of diffdisisad generative modeldleurlPS022.

https:// mhsung.github.i¢kaist-cs492dfall-2024/

Jinseong Park 40



Reverse Process (Latent © Data)

A In the Reverse (Generative) process, the transition distribution isnodeled as:

Po(x¢—1|xt) = N(xi—1; o (X, t), Xo(x¢, 1))

Neural Network (U-Net)

A Why Gaussian?

A Ifaqd ,the reverse step po(Xi—1%t) s wellapproximated with the variational distribution of the

same form as the forward procesg(x:|x;—1)

G (x11%0) qe (x21%1) qe(Xrlx7_1)

Data point Latent
Pe (Xo|x1) Po(x1]x2) pe (xr—1|x1)

https:// mhsung.github.igkaist-cs492dfall-2024/

Jinseong Park 41



Diffusion ELBO

A How to minimize thenegative ELB@ this case?

po(Xo.T) }
—lo = —lo 1) dx1.7 < By, (xrrixe) | — 10
L=E, {_1 pe(X0.1) ]
q<X1:T|XO>
T T
=E, |—logp(xr) — Z] Do (Xt—1|%¢) (-.-pe(Xle:T):pe(XT)Hpe(xt—llxt), q(xl:T|x0):Hq(xt|xt_1)>
t>1 Xt|xt 1) t=1 i=1
=Eq | —logp(x Zlo Po(xi—1[X) _logp—e(Xo|X1)
B t>1 Xt|xt 1) Q<X1|X0>

Ho, Jonathan, Ajay Jain, and Pieter Abbeel. "Denoising diffusion probabilistic models." NeurlPS 2020.
Luo, Calvin. "Understanding diffusion models: A unified perspective."arXiv preprint arXiv:2208.11970 (2022).

Jinseong Park 42



Diffusion ELBO

Reconstruction Term fl

A This term iddentical to the VAE reconstruction loss, but appliedonly to the final reverse step 6 © 0 8

A Usually, MSE loss in DDPM.

_]EQ(Xl 1%0) [log Do (XO ‘Xl )]

4 PREALD IANPRCAS Qo rlr_y)

Latent Latent Latent

Data point
P (Xo|x1) Po(x1]x2) pe (xr—1|x1)

Ho, Jonathan, Ajay Jain, and Pieter Abbeel. "Denoising diffusion probabilistic models." NeurlPS 2020.

Luo, Calvin. "Understanding diffusion models: A unified perspective."arXiv preprint arXiv:2208.11970 (2022).

Jinseong Park
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Diffusion Models

A Training and Sampling

A Training
Same as sampling0 D A0 Q
Algorithm 1 Training
1: repeat
2: xo ~ q(x0)
3: t ~ Uniform({1,...,T})
4: €~ N(0,I)
5: Take gradient descent step on

Vo ||e — eo(W/arxo + V1 — aye t)||2

6: until converged

Lsimple = Exowq(xo),ewN(O,I),tNL{(l,T) [HE - 60(@ X+ V1—aye, t)HQ}

Jinseong Park



Forward Convergence

Forward to arbitrary t step

A Let] P T 8 q(xefxi1) =N(xs V1 = Bixi—1, Bl
q(x¢|x¢—1) = N(x¢; vJarxe—1, (1 — o)1)

{ay € (0,1)}?:1 a1 > Qg > --- > Qr.

A reparameterization trick
Substituting recursively, X1 = Va1Xg+ v1—aje
X = y/oexX) + V1 — age;

T2 = \Jaox) + V1 — age
= /az (Vaixo + V1 — aq€g) + V1 — azeg
= Vaoa1xg + Vaz(l — aj)eg + 1 — aze;
= Vazarxg + V1 — asan & where & ~ N(0,1)

o q(xa|x0) = N(Vasarxg, (1 — asaq)I)

where €o0;€1 NN(Oa I)

Then,

Ho, Jonathan, Ajay Jain, and Pieter Abbeel. "Denoising diffusion probabilistic models." NeurlPS 2020.

Luo, Calvin. "Understanding diffusion models: A unified perspective."arXiv preprint arXiv:2208.11970 (2022).

Jinseong Park
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Forward Convergence

Forward to arbitrary t step

A One-step Forward Process

q(xe|x-1) = N(\/OTXt—la (1—al)

Xt|Xt 1
O . ol =

A Multi-step Forward Process (Closed Form)

q(x¢|x0) = N(Vauxo, (1 — a;)I) where Qi = Ha%
i=1

Xt|Xt 1
L Il Sl =

s

Ho, Jonathan, Ajay Jain, and Pieter Abbeel. "Denoising diffusion probabilistic models." NeurlPS 2020.

Luo, Calvin. "Understanding diffusion models: A unified perspective."arXiv preprint arXiv:2208.11970 (2022).

Jinseong Park
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Forward Convergence

Prior Matching Term |

A This term i®quivalent to the KL divergence term in VAE.

L1 = Dkr (¢(xr|xo)|lp(x1))

A But note that there is nothing to be optimized;

Ve

A q(xr|%0) and p(xr) are predefined.

qg (x1|x0) q¢ (x2]x1) qe(xr|xr_1)

Latent
Po (Xolx1) Po(x1]x2) Po(xr_1|x7T)

p(xr)

Ho, Jonathan, Ajay Jain, and Pieter Abbeel. "Denoising diffusion probabilistic models." NeurlPS 2020.
Luo, Calvin. "Understanding diffusion models: A unified perspective."arXiv preprint arXiv:2208.11970 (2022).

Jinseong Park 48



Parametrization

Lsimple — EX()NQ‘(X()),€NN(O,I),tNZ/{(1,T) [l |E - 69( Va Xo+ V1 —aye t>||2}

A Three options to define variational distribution me (0 |04,
1. Mean predictor Hp(0 {19,

po(xi—1]x¢) = N (pg(xt, 1), ;1)

2. 0 predictor 0p(0 y9d,

po(Xt-1|x¢) = N (\/a_t(l - dt_l)xt + —Mﬁg(xt,t), 6?1)

]_—dt 1—55t

3. " redictor’ (0 fi4

1 1—
po(xi-1|x¢) =N (\/Qf_t (Xt - —Odtée(xt,tﬂ ; 57?1)

Jinseong Park
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Diffusion Model in Continuous Time

A In acontinuous time setting, the data perturbatiofforward) process is described by the following
stochastic differential equation (SDE):

A ADHd : Drift coefficient
| A "Qo6 : Diffusi fficient
dx = f(x’ t)dt + g(t)dw 0 : Diffusion coefficien

A QU Infinitesimal white noise

(called Brownian motion)

Forward SDE Prior Reverse SDE Data

Data
@ dz = f(z,t)dt + g(t)dw _)@— dz = [f(z,t) — ¢*(t)V, logp(z)] dt + g(t)dw

po() pi(x) > pr(z) pi(z) > po(z)

Song, Yang, et al. "Score-based generative modeling through stochastic differential equations.” ICLR 2021.
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Score matching and diffusion

A Score based Generative model

A Denoising Score Matching

min By 40,7 By o o00) Bxce e e 300) |88 (X, £) = Vix, 10g g1 (x4 [0) 13

Re-parametrized sampling: X; = ;Xg + 0;€ € ~N(0.1I)

2
Xy — Xy W — WX
Score function: Vy, log q.(x:|xg) = —sz( : ; o) — _% —
€g(X¢. 1t
Neural network model: sg(x,t) := _ €0l 1)
Tt
1

- mﬂiﬂ Eyus0.7)Ex, m'qg(xn)]E'emAr[U,I}? e — €a(x:, )| 15
t

=) Same objectives as derived with variational approach

TiXo + Or€ — WXg

Jinseong Park



Commonly used model architectures

Convolutional U -Nets

Losenad

Fined- fuscion

Leamed, forced
waight noem

Embedding
Nowse  Class
level  label

l 1 LA
Cones

PosEmb

1 (T8
Lincar
Haas
SiLu

=
Lincar
Bias

(#)+ Lincar
¥

Sy
l Tox

To cacoder and
decoder blocks

Encoder block
leput Embedding
RC, B

R_ .
/ E:

SiLu
Dropout
Conv 3+3

Haas

(—
Output  Skip

Image credit: Anadyzing and Improving the Training Dynamics of Diffusion Models
https:// arxiv.org/pdf/2312.02696
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Image credit: Scalable Diffusion Models with Transformers

https:// arxiv.org/pdf/2212.09748
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Diffusion Sampling

Ve

A Training and Sampling

A Sampling

Algorithm 2 Sampling

. xp ~ N(0,I)
cfort=1T,...,1do
.z~ N(0,I)

1
2
3
4 xp1 =|= (xt - \}%ee(xt,t)) + oz
5
6

: end for
. return xg

N - 1 f
q(xi-1|x0, %0) = N (%15 i (%, %), BT, i (Xt XD) = \/ﬁ (Xt - \/ILL_QIG)

—— Reverse stochastic process

Reverse process. Image courtesy of Yang Song. https://yang-song.net/

Jinseong Park
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Diffusion Sampling

Diffusion Models — Pros and Cons

A (+) High quality samples Q. How can wespeed up the reverse process

A (+) Strong Diversity while maintaining generation quality”~

A () Very slow speed

Generative 'y Denoising

Adversarial - Diftusion
Networks/:/ ", Models

Fast

Sampling |

Variational Autoencoders,
Normalizing Flows

Xiao,ZhishengKarstenKreis, anddrashVahdat. "Tackling the generative leaming trilemma with denoising diffugamis” ICLR, 2022

Jinseong Park



Diffusion Sampling

Diffusion Models — Pros and Cons

A Sample generation from the DDPM model is approximatedpx slower than GANs due to the

iterative sampling process.

A Sampling Algorithm:
1. Sampled D~ (THQ8
2. Foro “YE Iphrepeat: 4

. 1
1. Compute # = \/—a—t (Xt —

2. Samplex D (hQ8

3. Compute Xi—1 = ft + 0,2.

1—Oft

V1—ay

€g(x¢,t

) - Neural Network Evaluation

Ho, Jonathan, Ajay Jain, and Pieter Abbeel. "Denoising diffusion probabilistic models." NeurlPS 2020.
Luo, Calvin. "Understanding diffusion models: A unified perspective."arXiv preprint arXiv:2208.11970 (2022).

Jinseong Park
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DDIM (ICLR 2021)

Published as a conference paper at I[CLR 2021

DENOISING DIFFUSION IMPLICIT MODELS

Jiaming Song, Chenlin Meng & Stefano Ermon
Stanford University
{tsong, chenlin,ermon}@cs.stanford.edu

Jinseong Park
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From DDPM to DDIM

A DDPM’s Markovian forward process:

C](X1T|X0 = Xt|xt 1

IIEH

A (6 |6 ) is defined.
A no |w)andn(o |6 o ) are derived fromy(o |6 ).

A DDIM’s non-Markovian forward process:

N

¢o (X117 | X0) = ¢o (X7 | X0) H (x¢—1 | X¢,Xo)

A no |6 )is defined.
A 16 |0 )andi(o |6 ) are derived from(o |6 F ).

TR

D

Jinseong Park
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From DDPM to DDIM

One-step Estimator for 0 in DDPM

A Q. Givend and the noise predictionHio h), what is thebest one-step prediction of 0 (denoted
aso 0 )?
. 1 — .
Xo(x¢) = Eqxoxe) [X0] = —= (%t — V1 — G €g(x, 1))

g

A Why? (Connection to Tweedie’s Formula)
A Givenapriorp 6 and a Gaussian perturbati@tﬁxt|xo) = N(Vauxo, (1 — a)I)
A then by the Tweedie’s For mul a:

EonQ(x0|Xt)[V atXO] =Xt + 02vXt log gt (Xt> N X+ o 56 (Xt)

:\/O_é_tﬁo(xt) —(1-a)- -1

Jinseong Park 59



DDIM

Review: DDPM Sampling Algorithm

A Goal: Generate samples by reversing ldmrneddiffusionprocessusingreverse transition:

1 1—
po(Xi—1 | x¢t) =N (\/—a—t (Xt - \/1?0; éa(xt,t)) ) 531)

A Sampling Algorithm:
1. Sampled D~ (THQ@8
2. Ford “YE Mphrepeat:

[ ~_Lx_ﬂg(xt)\
1. Computelt—\/a_t T Aog, et )

2. Samplex D (hQ8
3. Compute Xt—1 = [t + 0z )

Same as sampling 0 D mp 0 D

Ho, Jonathan, Ajay Jain, and Pieter Abbeel. "Denoising diffusion probabilistic models." NeurlPS 2020.
Luo, Calvin. "Understanding diffusion models: A unified perspective."arXiv preprint arXiv:2208.11970 (2022).
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DDIM

DDIM Reverse Process

_ _ Xt —vVarXo o
o(Xi—1 | X4, %0) =N | Vap_1x —|—\/1—oz_ —o?. o |
o (Xt—1 | X¢,%0) ( t—1XQ t—1 t J1-a, t)

A Sampling Algorithm:
1. SampleZd D~ (08
2. Ford “YE fphrepeat:

1 (Xt — 1 — ¢ ég(Xt,t))

VO

- _ R _ Xt — /Oy )A(()
= /A1 1—q@y_ 1 —0?-

2. Computep Qi1 X + \/ Q1 — 0} o

3. Sampled D~ (THQ8

4. ComputeXi—1 = [L + 0¢Z;

1. ComputeXo(x:) =

Jinseong Park



DDIM

Loss Function

Ve

A TheELBO remains unchanged from DDPM, up to a constant.
A The variational likelihood distributiap 6 © in the reverse process is learned by minimizing

the same loss function as in DDPM:
Eq(x,xo) DKL (a(Xt=1 | X4, %0) || po (%=1 | X¢))]

A No need to retrain the noise predictor!

A The same noise predictbio o , trained for DDPM, can be directly reused in the DDIM
reverse process.

A Using the same noise prediciorud D , you can choose to perform either ti®PM or the

DDIM sampling strategies.

Jinseong Park 62



Consistency models

Make distillated model to enable few step generator of from anyt

Data — - Noise

Combstency Modehy

fe (x']" T) Vo S Pl Brbund | Mark Chen s Seboner

Abwtrac o .

- e ey _
- - -~ Y y -
Ny —— R y >

Lon = || folxe,t) — stopgrad(fo(zs, s))||3

Song, Yang, et al. "Consistency Models." International Conference on Machine Learning. PMLR, 2023.
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Code

https://github.com/JinseongP/cac2026 _diffusion

Jinseong Park
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Conditional Generation

Classifier Guidance

A Goal: How can we make a diffusion model generate samples conditioned on a label?
A How do we model the conditional distribution (ex)0| ¢ AT JHrsing diffusion?

Dog

Ho, Jonathan, and Tim Salimans. "Classifier-free diffusion guidance." NeurlPS 2021 Workshop.
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Conditional Generation

Classifier Guidance

Ve

A Given a condition variableascif r om t he Bayes'’ Rul e:
po(xt | y) o< po(xe)p(y | xt) = po(xe)pe(y | x1)
Classifier from the noisy observation 0 ¢

A From the equivalence d@fenoising score matching and DDPM training:

|
Vx, log po(x¢) = — VieT €o(x¢,1)
- t

A Therefore, theconditional score becomes:

Vx, log (pg(x4)pe(y | X¢)) = Vix, log pa(x¢) + Vi, log pe (y | x¢)

1
_ _\/1—_76%69(:(,5, t) + Vi, logpe(y | ;)

Unconditional Classifier Guidance
score

Dhariwal, Prafulla, and Alexander Nichol. "Diffusion models beatgans on image synthesis." NeurlPS 2021.

Jinseong Park
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Conditional Generation

Classifier Guidance

A Equivalently, for the -predictor parameterization, we have

€(Xt,Y,t) = €a(Xs,t) — V1 — a; Vx, logpy(y | xt)

Algorithm 2 Classifier guided DDIM sampling, given a diffusion model eg(x;), classifier ps(y|z:),
and gradient scale s.

Input: class label y, gradient scale s
xr < sample from N (0, 1)
for all ¢ from 7" to 1 do

€ 69(33:,) — V1 -0 Vg, logp¢(y|39£) Conditional " -predictor
w/l €
Ti—1 < Q-1 (It - ) + /1 — at_1€  peterministic DDIM Sampling
end for
return

Dhariwal, Prafulla, and Alexander Nichol. "Diffusion models beatgans on image synthesis." NeurlPS 2021.
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Conditional Generation

Classifier-Free Guidance

A Q. How can we enhance the conditioning (i #ply stronger guidance)?

A By extrapolating the conditional noise estimate witkidance scaleT T,
€w(Xy,t) = €g(x, 1) — (L+w)V1 —ay Vi, logpg(y | %)

—) _\/;_éw(xt,t) =V, log (po(x:) - po(y | %))

1—Oét

A We can remove thdependency on the classifier mm ¢« 9 ¢ as follows:
(w1)
p(xt | y)
plxe) - ply | 501 o< i) (2 L0)
p(x¢t)
o< p(x¢ | y)(wH) 'p<Xt)(_w)

Conditional dist. Unconditional dist.

Ho, Jonathan, and Tim Salimans. "Classifier-free diffusion guidance." NeurlPS 2021 Workshop.

Jinseong Park
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Conditional Generation

Classifier-Free Guidance

Ve

A Goal: Apply conditional generation without relying on a separate classifier:

A Modify the noise prediction network ttake the condition (e.g. label}oas an additional input:

€<Xt7 t) — é(xta Y, t)
A Train bothconditional andunconditional modelsby using anull condition %},
é(x¢, ,1t) : Noise predictiorwithout condition.

A Q. How can we enhance the conditioning (i &pply stronger guidance)?
A We can extrapolate the conditional noiskl hedd from the nulkconditioned noisé i Fsér) .
A Fon 1

g@(xtayat) — (1 +W)€9<Xt,y,t) _Wéé’(xt7¢7t)

Ho, Jonathan, and Tim Salimans. "Classifier-free diffusion guidance." NeurlPS 2021 Workshop.
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Conditional Generation

Classifier-Free Guidance

Algorithm 1 Joint training a diffusion model with classifier-free guidance

Require: py;cong: probability of unconditional training

1: repeat
(x,¢) ~ p(x,c) > Sample data with conditioning from the dataset
¢ <+ @ with probability puncona > Randomly discard conditioning to train unconditionally
A~ p(A) - Sample log SNR value
e ~N(0.T)
Zy = )X + 0)\€ i> Corrupt data to the sampled log SNR value

6:
T:

Take gradient step on Vg [|€g(zx, c) — 6H2 &> Optimization of denoising model

8: until converged

Algorithm 2 Conditional sampling with classifier-free guidance

Require: w: guidance strength

Require: c: conditioning information for conditional sampling

Require: A, ..., A7t increasing log SNR sequence with A\ = Ay, A7 = Apax
11 z1 ~ N(0,1)

2 fort=1,..., T do

> Form the classifier-free guided score at log SNR A,

3 € = (1 +w)ey(zs. ) — weg(zy)
> Sampling step (could be replaced by another sampler, e.g. DDIM)
4: it = (Zt —J)\tét)/ﬂ)\t .
5: Zi ~ N, (2%, (Eritﬂm) fv(git‘/\tﬂ)v) ift < Telsez =%
6: end for

7: return zr .,

Jinseong Park
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Conditional Generation

Classifier-Free Guidance

A
A
A
A

A (+) Simple and practical: Easy to implement.

(+) Flexible: Can be used not only for labels but also for any additional information (e.g., text descriptions).

A (-) Training overhead: The noise predictor must be trained with both conditional and unconditional inputs.

A () Evaluation cost: The noise predictor needs to be evaluated twice per timestep in the generation process

(once withahonce with null conditiors).

FTATC A AR Ty
ol 1 5199 & o W% 15 19 &
PUERICI IS,  PRETNINE O,
R vt O o) i
llﬂﬂ 50 I 0 e
BIENECYT ™YY

bl?lﬁ.

@w=0 CQw=2 Dw=4

Ho, Jonathan, and Tim Salimans. "Classifier-free diffusion guidance." NeurlPS 2021 Workshop.
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Latent Diffusion Model (LDM)

A 1) Encoder — Decoder structure (Latent Diffusion, not pixel space)

A 2) Classifier-free Guidance (CFG) with Text embedding

A 3) U-Net + self attention + cross attention (condition)

C \ Latent Space Conditioning
-~ Diffusion Process y o emant
Ma
z Denoising U-Net €g 2T Text
x[T 1) Repres
entations

I > I
fixel Spac9 r
76

= : 2 . J

denoising step crossattention  switch  skip connection concat

Rombach, Robin, et al. "High-resolution image synthesis with latent diffusion models." Proceedings of the IEEE/CVF conference on computer vision and pattern recognition. 2022

73
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Flow Matching

Diffusion ModelsForward corruption process, revertiene SDE

A Usually, us&aussian andindependent coupling with & ho

Flow Matching: How to learn the velocity flow @b hi )e

A Generalized version of diffusion modeldq¢ontinuous) Gaussian case

+ Continuous-time Markov process (Xt)()<t<1

Xevn < | Pognys .(Xt)

Flow Diffusion Jump

Jinseong Park https:// neurips.ctvirtual/’2024/tutorial/99531 75



Flow Matching

Flowand velocity

A—w @) 6 (w@)

A continuity equation

. Flow Matching

~ Diffusion

Flow

Wi(x)

Solve ODE 1 l Differentiate

u(x)

Velocity

R XN XXX
SN R N\N ’u’t(x)
DA XN\
Ao
4 \\ ‘\l\ ?
\\ M
T K\ Inﬂo« \ f
N\ (/S
; A\ X N
4 M\ XN\ X 1/ 17

S

a
&)

Jinseong Park
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Flow Matching

Flow Matching

e Sample noise xp, data xy

e Interpolate with t € [0, 1]

xt = tx1 + (1 — t)xo

Model the denoising direction

EXt,t [Xl | th t]

e Flow vy points in that
direction

:De_nois}mj

Lipman et al. 2023

Jinseong Park
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Rectified flow

Flow matching have flexibility to design

Rectified Flow: How about use linear path?
A Rectified flow (ICLR 23) was developed slightly before flow matching (ICLR 23)

& @ W — O @¢—©
Linear interpolation X Rectified Flow Z; Straightened Rectified Flow

Flow Straight and Fast:

Xf: — tX] + (1 . t)X[h t E [01 1]. Leaming to Generate and Transfer Data with Rectified Flow

Kingchao Lin" Ohengyw Gong'
Usrversity of Teass of Austn Usevensity of Tewn of Amtis
xoliubstoxan, e cygonglca . ctexas, eds
=EX; —Xo| X¢ = e
— — — [ of Tenns & Austn
v(z,t) (X1 o | Xt = 2,
Absbrmt

Wr gvewst recubod o, & werprisegly Mg apgronh %0 ey (newsd) o whnary Alrvroeel
uanin 10D il 6 agert Dermens bu rmpirically obwrvad dniucions 7, wnd 1), beuor
rsling + witen] wdeinm b greeveey eealring sal dumes Gender vy varea dher Ldks
Itving dntriwion wmmgort. The ides of ocuied Sow 4 lears e COF o follow the venight
e g B s drwms oo, Wl 7, e St 4 . Th b kel by slving &

- e wpearrs -~ WA o b sty e aded e e mdehs
wihown it adacing eVEs perwmouns heyomd mendeed wper el learsong. The it pathe e wpoxisl
2t pretomed e et Oy B packa ITe 08 Sws Juusta. sl cal be emalnd Cuny wih-

e e met

Ot e DS Quadeny e ven S & wingls Ll A

Jinseong Park Image Credit: Flow Straight and Fast: Learning to Generate and Transfer Data with Rectifiéehgédad_iu, Chengy ugGong,QiangLiu 78



Flow Matching

Nowadays, most flow matching uses linear path
A Marginal flow orM ; is hard. Use conditional flow of pair&dy

A However, the prior distribution is not limited to Gaussian

A Related topic: Schrodinger bridge (in diffusion models), Optimal transport

«Arbitrary X, ~ p,X; ~ g

- Arbitrary coupling (X, X;) ~ 7,1

Why does it work?
» Build flow from{conditional flows}|

* Regress conditional flows

E x x, uf (Xt) - (Xl - XO) H2

Jinseong Park https:// neurips.ctvirtual/’2024/tutorial/99531 79



Flow Matching

For sampling—®w 0 (®)

A Use any ODE numerical solver (e.g., Midpoint)

A Straightline compared to diffusion (pros: fast, cons: less diversity)

Jinseong Park https:// neurips.ctvirtual/’2024/tutorial/99531
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Discrete Diffusion Language Models

DiffusionGemma(June2026,Google)

A https://storage.googleapis.com/gwebniblogpublish
prod/original_videos/dgemma_faster.mp4#t=0.001

A Faster generation speed compared to autmressive models

Diffusion

AIME 2026
Mathematics

Jinseong Park https:// blog.googlénnovation-andai/technology/developergools/diffusion-gemmafastertext-generation/ 82
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Discrete Diffusion Language Models

DiffusionGemma(June2026,Google)

A https://storage.googleapis.com/gwebniblogpublish
prod/original_videos/dgemma_faster.mp4#t=0.001

A Faster generation speed compared to autmressive models

hlowing blue gemstone in the crossguard

Jinseong Park https:// blog.googlénnovation-andai/technology/developergools/diffusion-gemmafastertext-generation/ 83
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Diffusion Generalization

Diffusion Models — Pros and Cons

A (+) High quality samples
A (+) Strong Diversity
A (-) Very slow speed

Generative
Adversarial ,
Networks /

'y Denoising
- Diffusion
", Models

Fast

Sampling |

Variational Autoencoders,
Normalizing Flows

Xiao,ZhishengKarstenKreis, anddrashVahdat. "Tackling the generative leaming trilemma with denoising diffugamis” ICLR, 2022
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Generalization

In supervised models, generalization means

Underfitting

Optimal Fitting

Overfitting

Regression

Classification

Deep learning

https://www. linkedin.com/posts/israel-murimiro-41646a286_model-generalization-in-machine-learning-activity-7413534905101381632-u6xm

Error

Training

Validation

Error

Trisining

Validation

Error

Training

Validation

Epochs

Epochs

Epochs

Jinseong Park

6.S183 IAP 2026: A practical introduction to diffusion models



Generalization

In generative perspectives,

a diffusion model generalizes if it generata®/elandrealisticsamples.

A diffusion model generalizes if

gon log pa(2)]

Average lodikelihood on the

true distribution

IS large relative to the empirical lddgelihood:

1 T
_E :1 ;
o £ Og}‘?e(ﬁf )

Poor generalization

Average lodikelihood on the

training samples

Good generalization

Jinseong Park 6.S183 IAP 2026: A practical introduction to diffusion models
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Hardness of training

Compared to autoregressive, training diffusion models have massive problem:

A Kim, Jaeyeon, et al. "Train for the Worst, Plan for the Best: Understanding Token Ordering in Masked

Diffusions." ICML 2026.

A Prabhudesai, Mihir, et al. "Diffusion beats autoregressive in data-constrained settings." Advances in

Neural Information Processing Systems 38 (2025).

Masked Diffusion

Sampling step: 00/84

Sampling step: 00/30

Jinseong Park https:// ssahoo.condud/
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Hardness of training

Compared to autoregressive, training diffusion models have massive problem:

A Kim, Jaeyeon, et al. "Train for the Worst, Plan for the Best: Understanding Token Ordering in Masked
Diffusions." ICML 2026.

A Prabhudesai, Mihir, et al. "Diffusion beats autoregressive in data-constrained settings." Advances in
Neural Information Processing Systems 38 (2026).

Pareto Frontier on 100M unique data

6.0 I 1000M
: 1000M
1
| &
' M =mmsmmmmmeme e T C O L O Y Loss=355
1
5.0 [ it G U
| Critical
2 ' C te Point g M Z 100M
@ I Compute Poin £ g ;
— 1 < £
] »
1
1 g
1 &
401 , | . v, ™
\ 1 Epoch: | RN o 7l
: . : oM . 7 %, =
Chinchilla Optimal | S0 *\\\\\ \\ \ N
2.37et+15 !
s o o % Lowest Loss for 100M Tokens % Lowest Loss for 100M Tokens
10 10 10 i Y¢  Compute-Optimal model for 100M tokens 0.68M "’;kl,m. 10,65 ¥  Compute-Optimal model for 100M tokens
FLOPS i 10 5‘4] 100 1000 1 10 100 Sl‘]() 1000
Epochs Epochs
=== Diffusion Pareto Frontier =~ === AR Autoregressive: Best loss at 50 epochs (3.71) Diffusion: Best loss at 500 epochs (3.55)

Jinseong Park 88



Diffusion Generalization

Diffusion Models — Pros and Cons

A (+) High quality samples
A (+)Strong Diversity
A (-) Very slow speed

Generative
Adversarial ,
Networks /

'y Denoising
- Diftusion
", Models

Fast

Sampling |

Variational Autoencoders,
Normalizing Flows

Xiao,ZhishengKarstenKreis, anddrashVahdat. "Tackling the generative leaming trilemma with denoising diffugamis” ICLR, 2022
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Code

https://github.com/JinseongP/cac2026 _diffusion

Jinseong Park
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