What is the hottest Al model making waves recently?

250110 Open DMQA Seminar



Many can be the one, but one of them can be ...

250110 Open DMQA Seminar



VOXN

é Diffusion
Models

Time Series Analysis

And Morel

Generated with Al 250110 Open DMQA Seminar



usion Probabilistic Models (DDPM)
€ss: Hl0|E|(xo) + £O|X — g 0= (xr)
Reverse process: #8 0IX (x7) + &£0|1= HH — H0|El(xo)
LO|=E HH5H= reverse processE SHEE 4+ UCHH #Y LO|X226 H0|H 44 Jis

Po(Xe—1]Xe)
@—)...ﬁ@—) —)...—)
K P

q(xe|xe-1)

Score-based Generative Models and Diffu

AH
=

MojLt B 87| —

(i

| X0 )

pd

» wl

Welcome to:
DMQA Seminar(http://dmga.korea.ac.kr/activi

Enhancing prompt understanding in difft

£ 20240158 3
& emzu-~

Mol ER 8] —

Diffusion Models for Time Series

Diffusion models for Time-series

s (@) sae

£ 2020 3se
suou-
© 2otz

wgsa
O sarue X

14 (YouTube)

Mol 87| —

Enhance Prompt Understanding
In Text-to-Image Diffusion Model2

Enhance prompt understanding in diffusi
. @ ome

£ 2020 12827

[cJELEEN

@ =2i2141CI2 A8 (YouTube)

Mol e wI| —

“The Inherent Abiity to Find Semantic Correspondences.

The Inherent Ability to Find Semantic Cot

B e

£ 202441 88 28

Mol gE 8| —

The Two Formulations of
Diffusion Models

‘The Two Formulations of Diffusion Model

o wax »
8 oz v (@ eus

B9 20204 38 229 B9 20244 38159

@ o

Mol e ) — Mol 7] —

Controllable Diffusion Models
A e 9 s

[ 202441 280 169
@ eson-~
9

Tefcha ¢ O 22491 41c12 A1 (YouTube)

Mot e ] — Mot B 7] —

Unsupervised Out-of-Distribution Detecti

Diffusion-based Anomaly Detection

/seminar)

[ == SR —

Diffusion Models Diffusion Models for Tabular Dat

£ 2024¢ 108

(YouTube) O 22121 8ICI2 A18 (YouTube)

oIt R 7] — Mol Ee 27 —

EBl......conmomiconcces D

Direct Preference Optimization with Diffusion Models
DMQA Open Seminar -

Super resolution with diffusion models Direct Preference Optimization with Diffu
o
z s

£ 202401 78 199 B9 202401 58 312

@ onian- @ oo~

€ 222l H(c|

Mol 8| — HojLtEe 7] —

Bnm Out-of-Distribution Detection za

using Diffusion and Consistency Models

Applications of Diffusion Models

g_ el

£ 20230 128 159 £ 2023 118249
@ ex1u-~
O 2221 HIci2 A8 (YouTube)

Mol e | — Moi e 2] —

Eondiﬁonal Diffusion Models

hem
Image Editing with Diffusion Model Conditional Diffusion Models
wax. @ ome , o

® ome & s
£ 202308825 £ 202368 162
9 ow12u- on1an~

HICI2 A8 (YouTube)

Mol Ee ] — Mol g 2] —

with Diffusion Models

Introduction to Personalization with Diffu
- I
w8 was
B 20239801
9 ex 120~

© 2221 bicl2 A1 (YouTube)
Mot B 7| —

32 ving Sampling Speed of
Diffusion Models

Improving Sampling Speed of Diffusion
wzn: @ zp

. @) zva
£ 202302801

 on1u-

© =xriucie

Mol e 2] —




250110 Open DMQA Seminar



é Diffusion
Models

7

XHE

Combinatorial Optimization Problem

250110 Open DMQA Seminar



Open DMQA Seminar

Defying Boundaries -
Diffusion Models in Combinatorial Optimization

Data Mining & Quality Analytics Lab.
X21’d(Minsung Cha)

neCfetm A H Y B et

Data Minin .
o{.. Quoality /\noglytics 250110 Open DMQA Seminar



< X91’d (Minsung Cha)
o DECHSHD UUICHSHR] AHAY
« Data Mining & Quality Analytics Lab. (K| === ZdEH W<=H)

M. S. Student (2023.03 ~ Present)

% Research Interest
 Reinforcement Learning
» Deep Learning Algorithms

*  Optimization

% Contact
« E-mail | djpanda1217@korea.ackr

Data Minin .
o{.. Quoality /\noglytics 250110 Open DMQA Seminar



Introduction

< Z|2 H|o|E| Mo Zadst =& X}2| %2 Diffusion Models
- | OO|H0 Oo|=8 MM 2 F7I5t= 1’ (forward process)t
- LO|=7t FItE HIO|HZRE /& Ho[HE BTz ERISH= 1 (reverse process)= &0l
- GJo|Ee] REE St&otn

5|
- X[ O|0X| S £ OtL|2f, Cidet FHe| nEH HIo|E ¥ 8S ¢let =72 4421 US

— 10 =

Forward Process: ¥ & O|O|E{0f| O|= F7}

N

Reverse Process: .£O|= F7| {|O|E 25 E A& H0|E 53

O|0|X| Z&X: https;//developer.nvidia.com/blog/improving-diffusion-models-as-an-altemative-to-gans-part-1/

Data Minin .
.‘}. Quality /\noglyﬁcs 250110 Open DMQA Seminar



ﬂusion Probabilistic Models (DDPM)
e55: G0[Ef(xy) + =0|= — HE w0|%(xy)

« Reverse process: #g LO|X (xr) + &=0|= HH — H0[E(xo)
« L0|XE ML= reverse processE SHEE 4 UCHY AY rO|X2LE GO|E ¥4 Jks

Oy 0 0z ~©
tl(\\x 1) . AH

Score-based Generative Models and Diffu

HFEX * XM

= <§> — O

= 2022 2&011¢
(3 2514~
O =2zt H|C|2 AE (YouTube)

MojLt B 87| —

Seminar Full Name: Score-based Generative Models and Diffusion Models



- Introduction

< X| X3} 209 C{EX Q! Y|, Combinatorial Optimization(CO)

«  OtHH off SOl Z| XNl E RALL,

- FOT MG =US ”._*Z—T-OP of 7f g T2 1§ ==5t= A0l =8

- EE5 U % = T AL, YEHOo = Che AZEHLY SHE 7Hset ¢ueE
O] XA E J7Ioty 2= oS BAot7| o3&

Naive Approach:
SHM JHsot 42 ROt T
2o|7} 2|20l =S How Hich

X

d= XHol n7HEf'=“|
EFMIBHOFSH B 0| &

1 1 (n—-1)!

nx—X-—=

A Canonical Example of CO Problems: n 2 2
TSP(Traveling Salesman Problem)

Data Minin .
o{.. Quoality /\noglytics 250110 Open DMQA Seminar



- Introduction

x| Xzt

0 =
*** =

ofo| CHEX QI LHA|, Combinatorial Optimization(CO)
SHO|M [ HBHE AL

DIESH= o T 7F

22X sidel 2gdE 3

=Xe| =710 e} sf St

A 65502 = 45571/¢d, 5371/1A|2e B &sHof A 1<

T A

Jal

=]
=

A0|

224 400740{ LT 512 29

XICh 2%CHD isTele U

|‘DZ
)
o
i
==
ry
Hu
>
N
o
0x
H-‘
10
4>
o
o
ne
|0
N
)

ro
N

82IAO|CH Ol XXZ BiSKIHO| AT

2 AN

 BiSEEQ 37|t Aot 0] ko 288 B89 22X AslsiHH S2Ho2 ¢X|

o \J

ol

QK

A Canonical Example of CO Problems:
TSP(Traveling Salesman Problem)

LA =7 BLIOF 20213 78 15, (https/Awwwkinews.co kr/news/artideView htmi?idxno=301954)

S22

%X-I =TT,

N

"ERH 22X} HES

Data Mining

Quality Analytics 250110 Open DMQA Seminar

|0
HU
il
09k
>
ry
=
=°|=|'
uy
N
or
rot

Naive Approach:

SILIY Zhsot A= HOotE
20|17t 220l 25 Ao M FrH
Y= X[Eo| n7li2tH
HAMsofd d=o| ==

(n—1)! 454!
2 2




Welcome to:
Open DMQA Seminar(http://dmqa.korea.ac.kr/activity/seminar)

Machine Learning Driven Heuristics
for Combinatorial Optimization Problems

Core Algorithms

2024.05.17
Data Mining & Quality Analytics Lab. Open Seminar

Machine Learning Driven Heuristics for Cq

anx. € o

] 20244 59 17
(3 97 124] ~
B =222l H|C|2 Al (YouTube)

MojLt HE B —




-

ONVE



DIFUSCO [NeurlPS 2023]

Graph-based Diffusion Solvers for Combinatorial Optimization
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Ho, J, Jain, A, & Abbeel, P. (2020). Denoising diffusion probabilistic models. Advances in neural information processing systems, 33, 6340-6851.
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Graph-based Diffusion Solvers for Combinatorial Optimization
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Graph-based Diffusion Solvers for Combinatorial Optimization
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- Additional Components

Discrete Diffusion & Cosine Denoising Scheduling
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