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sampling

Generative model

Random noise '

One pixel of an observation,
with RGB value (136, 141, 78)

An observation




24&EEY (Discriminative Model)
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75 H=ES (Discriminative Model)
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training prediction
Training data Discriminative model
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An observation

An observation label
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Discriminative modeling estimates p(y|x)—the probability of a label y given ob-

servation X.

Generative modeling estimates p(x)—the probability of observing observation Xx.

If the dataset is labeled, we can also build a generative model that estimates the

distribution p(x|y).
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« HUES LT (Density Estimation)

Training Data Density Function
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o HEARERY (Sample Generation)

Training Data Sample Generator
(CelebA) (Karras et al, 2017)
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Sprouts in the shape of text ‘Imagen’ coming out of a Aphl of a Shiba Inu dog wlh ba kp k idin
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- ¥ E=EEY (Diffusion Models)
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= AR — SAHAE R LS
XHAERLMZS (Generative Adversarial Networks, GAN)
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Discriminator

D(x)

Generator

G(2)

https://lilianweng.github.io/posts/2021-07-11-diffusion-models/
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« NHAERMIZE (Generative Adversarial Networks, GAN)
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asons to Love GANs

Alexel A. Efros UC Berkeley



My 5 reasons to love GANS

1. GANSs set up an arms race

2. GANs can be used as a “learned loss function”
3. GANSs are "meta-supervisors”

4. GANSs are great data memorizers

5. GANSs are democratizing computer art



Generated images

LW

Generative Adversarial Network

Generated
vS. Real

(classifier)

[Goodfellow et al. 2014]




G tries to synthesize fake images that fool D

D tries to identify the fakes

Generator

real or
—

fake?

Discriminator

[Goodfellow et al. 2014]



Loss Function [)

G’s perspective: D Is a loss function.

Rather than being hand-designed, it is learned.

[Goodfellow et al. 2014]
[Isola et al. 2017]
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o BYmidss (Variational Autoencoder, VAE)
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= PREY — o BYRhYes
2 BYmi8ss (Variational Autoencoder, VAE)
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Diederik P. Kingma, Max Welling: Auto-Encoding Variational Bayes. ICLR 2013
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FERRE — Lo BimiSes
T BYmi9s8 (Variational Autoencoder, VAE)

» I EIR BIRAUITEIARE Ep(x) [log pe(X)] SIEEIRS

IR T EIEEY, po(X) OIPRE pe(x) = f po(x|z)p(z)dz

+ po(x) AURRDELIKE, FIRIEZR S DT E AR AN HT S TR

log pe(x)2 Ey, (s)x) [log po (x|2)| —KLlgn (zx)lIp(2)]  yergoossze. ¢ (2]x)
h ~ J |:||:|
likelihood term KL penalty FRIDSS 5T Do (x|z)
XYL R AT XIRL KL Loss

Mihaela Rosca, et al. Distribution Matching in Variational Inference. arXiv, 2018
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- 5 GAN BIX5I

Sy

X

< KL
— 7 v
v 2 z
Generator f \
+ Encoder Generator
Zroall [ v | o
real gen Mihaela Rosca, et al. Distribution
\ K Treal Lrec Matching in Variational Inference.
arXiv, 2018
D, L K

GAN VAE




H = 7 H
G iEEIRYX A
T HimfEes (Variational Autoencoder, VAE)
/:: 7N
'5 GAN Ell\j— Hbtl{'?b( Mihaela Rosca, et al. Distribution
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iBUERY (Diffusion Model)
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Reverse denoising process (generative)

Noise
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ERRT — i BiRE

¥ BUERY (Diffusion Model)
- BUMNEEE: =K R BUIRE, NEGREISH

Forward diffusion process (fixed)

Data Noise

s EINSEBI RSN IS ERRAERIRAF S E]
q(x¢xi-1) = N(x¢; V1 = Bix¢—1, 5])

Jonathan Ho, et al. Denoising Diffusion Probabilistic Models. NIPS 2020




ERRT — i BiRE

iBUERY (Diffusion Model)

Forward diffusion process (fixed)

Data Noise

- Y HISHERIRAE R ZEI0:

q(x¢|x0) = N(xg; vVarxg, (1 — ag)I))




ERRT — i BiRE

¥R (Diffusion Model)
- AR “REEK B0ITRE, NSHEIEIR

_ Reverse denoising process (generative)

4

Data Noise

s BI—AESHYEPIAE BE B/ \E SRR SR
p(xp) = N(x7;0,1)
po(xs—1|x¢) = N (x¢—1; pg(xs, 1), o7 1)
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FRASE — i BEE

BERY (Diffusion Model)

pPeo (Xt—1|xt) — N(Xt—l; H’G(Xta t)a 29 (Xta t))

» BARISRERISHNRE?

. ([FRMHEMEZHITIE
« SRE— MR, NS EIRIR S ENR X RO ¢
- R ET RS IR R B G RIS B S RItIE Mo (Xt 1)
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iBUERY (Diffusion Model)

pPeo (Xt—1|xt) — N(Xt—l; H’G(Xta t)a 29 (Xta t))

* AMIIEEIX —HZL K2

« B IESNEZRR] “KIE (denoise)” (£55R07], LIt ZE MSE

JIFRIR R EL

« BEFUNEI RSN EL, BI—INSS ZEPINSERRUN, HIhEES
« M Xt BTN X0 > FMFGNIAY X0 8852 Xt—1

ISPN
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(](Xt—1|Xt, Xo) — N(Xt—1; I]’t(xtax())a /Btl)
- BNITERIRIE, 15

q(x¢-1|Xt,X0) = q(X¢|X¢-1,%0) qir}([;\l::; )
1, (ke —veaxe 1) (X1 — Vaaxe)® (ke — Vauxo)?
D(exp(_a( lﬁt i 1_&1—1 B ]__l.':_l','f ))
2 -
— ¢XP (_ % {E: T3 —1_%4 )x; 1 — ( g:x_fxt + f\_/?t x0)x¢-1 + C(x, xn}))
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Reverse denoising process (generative)
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HREE — §EEE
T+ AIsEFE gRE
« IMAKHIETISSEFNE SN

o S IZEBNE iR 5B AES)
o LB ABEUEE ImageNet 152

Prafulla Dhariwal and Alex Nichol. Diffusion Models Beat GANs on Image Synthesis. NIPS 2021 67
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- IRERIEKRE

ERIEE TS

- FRUASE — §BE R
NPT LAIERE BU=E

A ER = K

N

Model FID sFID Prec Rec Model FID sFID Prec Rec
LSUN Bedrooms 256 x 256 ImageNet 128 < 128

DCTransformer’ [42] 6.40 6.66 044 0.56 BigGAN-deep 6.02 7.18 0.86 0.35
DDPM [25] 489 9.07 0.60 045 LOGAN' [68] 3.36

IDDPM [43] 424 821 0.62 046 ADM 591 509 070 0.65
StyleGAN [27] 235 6.62 059 048 ADM-G (25 steps) 598 7.04 078 0.51
ADM (dropout) 1.90 559 0.66 0.51 ADM-G 297 509 0.78 0.59
LSUN Horses 256 <256 ImageNet 256 x 256

StyleGAN2 28] 3.84 646 0.63 048 DCTransformer’ [42] 36.51 824 0.36 0.67
ADM 295 594 0.69 0.55 VQ-VAE-2" [51) 31.11 17.38 0.36 0.57
ADM (dropout) 2.57 6.81 0.71 0.55 IDDPM? [43) 1226 542 0.70 0.62

SR3'* 53] 11.30

LSUN Cats 256x 256 BigGAN-deep [5] 695 7.36 0.87 0.28
DDPM [25] 17.1 124 053 048 ADM 1094 6.02 0.69 0.63
StyleGAN2 [28]] 7.25 633 058 043 ADM-G (25 steps) 544 532 081 049
ADM (dropout) 5.57 6.69 0.63 0.52 ADM-G 4.59 525 0.82 0.52
ImageNet 64 x 64 ImageNet 512 <512

BigGAN-deep* 406 396 0.79 048 BigGAN-deep 843 813 088 029
IDDPM [43]] 292 379 074 0.62 ADM 2324 10.19 0.73 0.60
ADM 261 377 073 0.63 ADM-G (25 steps) 841 967 0.83 047
ADM (dropout) 207 429 074 0.63 ADM-G 772 657 0.87 042

Prafulla Dhariwal and Alex Nichol. Diffusion Models Beat GANs on Image Synthesis. NIPS 2021

68



LI}

- RREY — i EREY

S LG BUEE
. IS FMIS BRI
[HZE AT S HMEGRIR RS

=

SUAS ISHEIR LRSS _, ”
by DALL-E 2 A teddybear on a skateboard in Times Square.

Ramesh A, et al. Hierarchical text-conditional image generation with clip latents. arXiv 2022. 69
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¥R (Diffusion Model)
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« EEIYY BUREN|I AN TEE T 1000 > GPU * Day

_ Reverse denoising process (generative)

Noise
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¥R (Diffusion Model)

- TREA2: ZRIEHIKE
- B—2 “KIF" £

IR

RELLGANIE ETF15

ZRMEZHITRIDEIE,
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ERUY BURAIRIRAF

- JggFIWMHRFENEERL L ZMINET sUREEIEICTHIZ,

HEIERA G AMNEATEORBIEERI RS2SR ES

Cheng Lu, et al. DPM-Solver: A Fast ODE Solver for Diffusion Probabilistic Model Sampling in
Around 10 Steps. arXiv 2022.
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= PR BIRYERIN

« GAN, VAEFDiffusion Models =fh&
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Sgneratiyel /o Quality \ [[);??f(:lis'ing
versarial - | Samples /, iffusion
Networks - \ ; \ Models

Fast

Sampling ]

Variational Autoencoders,
Normalizing Flows

R

SHYSFIE :

Karsten Kreis, et al. Denoising
Diffusion-based Generative Modeling:
Foundations and Applications? CVPR
Tutorial, 2022
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High
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Sampling /

VAE ———

Variational Autoencoders,
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= PR BIRYERIN

Diffusion Model

- EICEMNEIRMH T INSHIE

High

Xz ‘\
Generative /\/ Quality ,\ Denoising
Adversarial ;"\ Samples /| Diffusion
Networks - \ J \ Models

Fast

Sampling /

Variational Autoencoders,
Normalizing Flows
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