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O 1 Introduction :Generative Models BrAIn Lab. @

nd Artificial Intelligen

The Definition: Distribution Mapping
v' From Simple to Complex
» Core Concept: ®E|7 CtF7| 7|2 22 & SHT 2H 222 Het
« Mathematics: &% 22X (2)0A MEESHY, A GHO|E X))t FAISHAl Of &
* Z~ Pprior(z2) & X ~ Pgara(x)
v High-dimensional Space
- Sparse Data: X T4l 7t A 20| Jy= HIO[H= =93] EF.
« The Manifold: &A| H|O|E &= 1Xt& 57t & OfF 8F2 (Manifold) 20 =X|
v" Intuition: Shaping the Noise (Sculpting)
* Process: 2|0 Sl= =E0|Z %0} 0= %= (Data)g HO{L{= 12+
* Optimization: Y& T2 Ppoger/t 2H 2Py, 2 AR5 Oret0|E(9) =73.

Latent Space (2) Data Space (X)
Known / Simple Unknown / Complex

Mapping Function (Gg)

Sculpting Probability Distributions from Noise to Reality
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(2 Known Distributions BrAln Lab.£3)

/ Normal Distribution N(u, o%) \ / Uniform Distribution U(a, b) \
A

b

Value (2) /

/ Probabiiity Denstiy p(2)
B
/ Probabiiity Denstiy p(2)
Q

Value (2) /




(02 Sampling Method BrAIn Lab. &9

al Intellic

v How to Get 77

- ARHe g BERAE E:. 01t 1 AROl2] H=(1) Bt d-d7ts.
”01“*71I U ~ Unif(0,1)E Z ~ N(0,1)Z HIZE7}?

v' Cumulative Distribution Function (F)
- £ U X Q =ES FET S (00 MfOIOI

* Inverse CDF(F~1): y=-1-(QFE Ol M 2f2 =2t x=( I:1|O|E1 % HO .
« Mechanism: UE &O0tA F~1& ALASHH 22|= ot 2229 ¥HE 77t =

A < A

- EJ 1
- Fy
o) =
o E y =F(2)
= o (CDF of Target) -/\.
>4 ule-————————————— o fe————
— )]
S = >
S T “
o = Target Sample z
o £

- 30 +

Target Value z

7



02 Likelihood BrAIn Lab. G

| Imtelli

v" Score of the Sculptor
« Likelihood (P(X|0)): 2 & Lt2t0|E o7t D ™E|QY S Off, 252 OO x7t S&E =&,
 Probability vs Likelihood:
* Probability: 22(8)7t X2 I HIO|Hx)E 0=, (O|zh)
+ Likelihood: HIOIHxX)7F FOHR = M =% ()& B7L (AAH/H)

v Maximum Likelihood Estimation (MLE)
"S2[7F 7 GOl (x) 7t L= =HES Z|TH2St= 6§ Ot
_.I

* Log-Likelihood: 52 XMoo 2 HF‘FL(H At ePEd =2 (Ylog P(x;10))
* Intuition: "0 2&0| Of H|O|&& &0t} "HO| =Lt 1 44 5F Al oj7l= d="
§“ Model 1 (6,: Bad Fit) ,~ ~ Model 2 (8,: Good Fit, MLE)
X /
%’ Fixed data pounts High Likelihood
S (observatnons) L(62) - Omre
a Low Likelihood /
= L(61)
:
[
0- g

=
N
w
BN
()]

Data Value (x)
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03 Models: A taxonomy of Generative Models BrAIn Lab. &

and Artificial Intellig

X<t =Xt 75X X=7Z ->X X o2
Mapping & Explicit Density mplict [J;Cg;wesity Approximate Density Diffusion
Probabilty  pery=[[reulcd  xmomy PO = [PlipGids PG = [ Pe [ [Pl
Objective Max likelihood Min-Max Game Maximize ELBO Score Matching
Formula 1_[ P(xe]x<t) minmaxV(D,G)  E,.q[log P(x|z)] — Dx, |le — eg Cxe, DI|°
Intuition “Chain Rule” "Forgery Game” “Manifold Learning” “Denoising Path”
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04 GAN

v Min-Max Game
 Formula: mGjanaxV(D G)

« Discriminator(D): ZI®(1)2t 7IXH0)2e] H4= XtO|E Z|CH =}
- Generator(G): 7IM7F ZIRAZH HO{A XtO| & Z|A2HMin)
v Failure Case 1: Mode Collapse (H2E MK}
v’ Failure Case 2: Vanishing Gradient ('—‘I T 4ot THEX
Input: Noise Distribution P(z) (Normal) Output: Data Distribution P(x)

,’ \ Generator Distribution P,,oge
1 | (Mode Collapse)
I
g
I A\

I/ \1

AN

-1 0 1 Mode A Mode B
Noise Distribution P(z) Real Data Distribution P(x)
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04 WGAN BrAIn Lab.&D

Brain and Artificial Intelligence Lab.

v" Original Definition

+ Primal: W(P., P,) = yeni(gﬁpg) E xyy~y[] 1 = 1]
> Duality: W(P,, B)) = ||]§|l|1p (Ex~p, [f(X)] = Ezep) [f(G(2))])
LSl

 Loss: %Zifw(xi) — %Zifw(G(zi))

Maximize Score
Real Data (Ex~p,[f(x)])

Wasserstein
Distance 1
(Maximized 1
Score Gap) - ;
1-Lipschitz
Constraint

Critic Function

fw(x)

- g : S (Neural Network)
Real (P;) Fake (Fy) Fake Data (G(z)) | Minimize Score
(IE:z~Pz [f(G(2))])

-

(Smoothness)

13



04 Auto-Encoder

Input

X1 X1
X2 / X2
X3 X 3

> ahodd o

D / \ - @
x6 Z x‘6
X7 x\7
x8 x\g
< > < >
Encoder Decoder

Output
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04 Variational Autoencoder BrAIn Lab.&®

Brain and Artificial Intelligence Lab.

- —

| Codingsp — + ——
X : ) y
t

Input Xs _» Codingso — X Output

X6 ] ‘ X6

[ Gaussian ]
X7 noise X7
Xg x‘8
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04 Variational Autoencoder BrAIn Lav.&

al Intellig

v ELBO
« Maximize Likelihood (log P(x))
« Intractable Integral: P(x) = [ P(x|z)P(2)dz
* logP(x) = E;qllog P(x|z)] — Dk (Q(z]x)||P(2))

(z|2 p(Z)]
Encoder )
e p(2)
|+ E In
[ Bl gy
et it 0 Lawn Spmcn 2 conermetomspmpain®  — [ [In p(z|2)] + / 2|z) In 22)
Distribution N(0,1) Distribution _ q (Z ‘33 )
=K q(z|x) lﬂp( Z) _DAL[Q'( ‘:B)Hp(z ]

— l1kelihood — KL
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04 DDPM (ScoreMatching) BrAlIn Lab. &)

nd Artificial Intelligen

Image Domain: Forward & Reverse Process Distribution Domain: Complex to Simple & Back
Forward (Diffusion): Add Noise (q) ComplexData  rorward (Diffusion)  gimple prior Dist.
Dist. pdata N(O0,1)

~ -~ .

Reverse (Generation)  Generated Data

Dist. pg(xp)
_—ZN\
ul s

t=T t=T/2
t=0 t=T/2 =0

Xr

b 4
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04 Flow Matching
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“Brain and Artificial Intelligence Lab.

Score Matching (SDE/DDPM):
Stochastic & Curved Path

L N B
~Velogp sttt o7

-~ Sampl

M’J ~ Curved SDE
Random Noise Trajectory (Slow)
Initialization (xy) .

Generated Data
€ (xo)

'''''

Mechanism: Follows gradients (Score) with added noise.

Path is stochastic and inefficient.

Goal: Straighten the

Ml path for faster sampling
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Flow Matching (ODE/CNF):
Deterministic & Straight Path

Generated Data
Sample (xg)

Straight ODE
Trajectory (Fast)

Random Noise
Initialization (x+)

Mechanism: Learns the velocity of the straightest path
(Optimal Transport). Path is deterministic and efficient.



Conclusions

19



05 Conclusion BrAIn Lab. &

“Generative Models do not just ‘create’ data.
They ‘understand’ the structure of the world”
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