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Figure 1.1: GAN #1188
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1.1.3 H¥HHES

HEFE L https: / /www.cnblogs.com /LXP-Never/p/9706790.html

1.2 Code

L'ﬁﬂiﬁiﬁﬁﬁﬁ%i#:http&//xiaolong—lil .github.io/BlogS/GAN/GAN.ipynH

(1): Pohd:



for number of training iterations do
for £ steps do

e Sample minibatch of m noise samples {z"), ..., 2™} from noise prior
py(2).
e Sample minibatch of m examples {x(V), ..., (™} from data generating

distribution pgata ().
e Update the discriminator by ascending its stochastic gradient:

Vot 3 [log D () +10g (1~ D (¢ (+)))]

end for
e Sample minibatch of m noise samples {z() ... 2™} from noise prior

pg(2).

e Update the generator by descending its stochastic gradient:

Vo, 3108 (1- 2 (6 (=))).

end for

The gradient-based updates can use any standard gradient-based learning
rule. We used momentum in our experiments.

wlnfols s
ONSEME
~[S]s ]
ofsfoluls
1 E

(a) YIZE 0 A epoch M4 R4 (b) VIl 200 4 epoch EHI4E
Figure 1.3: YIZEAE epoch HUA s X LE



Chapter 2

VAE model
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2.1.1 Auto Encoder %54
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Figure 2.1: Auto Encoder 514

VAE #ifJET AB, XA SHAT MR ThEE, HdRfege, WLt
e 2 P AR AL AR RO AP, (R ATI AR OR B K 20 1 SRR (BRDAE e T
—ANEE R A (RS Es) AHBUMRIRZERE 1K) B2 TRXAMERET 4,
£, s AR 2 26

o IXIHENILF RS A—A S, latent space (KB BRI HEF T) |
Wt 2 FE TR A,

o B, latent space MIIEMIE, X 5L A PE KA o



p 4
I

s - >
living [ |
near optimal encoding near optimal encoding
in one dimension in two dimensions
(too much information lost) initial data with many features (less information lost)
A Poind from fine 0pfe, ( O
SPace mmegng, e
once decoded o
V A
diose. poinds i e o
Qo sprce nsh
once decoded
Ay poinds that are close
inthe Catent space are
Similar once decoded

irregular latent space x V regular latent space

Figure 2.2: 1EMIML ) E ALK SZ

1% B AR A0 g 3 2 1) RO A I PR A it A 4 54, ZE AR R R VEE RO
R BN B HREEOT, MR RE— 4,
2.1.2 RIFEM, X4 decoder 1A MIEGE A BRI

& RE IR R 2 1) — L8 75 LA REAL ) 17 3 R R SRR, R BT B R BE AL
AR e A X AN R AR HIORT IO i 7 AN SE S5 R I ER

1. FEMLA R = Ae A B A SR, IX Ui — AN, latent space FJRHB4) %% 1H]
S A S EBEXFIEGI M. JATEA FIZRIRNE WA X R
IR MR SR, " A] PR 2 B AR 0 F XA A5 78 SUI G
2. B—MHNLGST R — AN, XA, BATNAZAE RS A RUE XA
—FER G DLt IE R
2.1.3 VAE B4 X ER ) ?
VAE %#)



latent input
imple put representat nstructi
utoencods (x) d(z)
latent sampled latent input
- input distribution representation reconstruction
aaaaa tional
autoencoders x plzl) z~plz|x) diz)

Figure 2.3: VAE 1 AE X5l

B AR 8 AN A RIRAE 2 (8] F — S R R T, TR — MR A, T 4%
WRABENN— MR AT, ATy 22 AT E E

B q

6,=h(x) =h,(h,(x)) x=fz)

(a) VAE #mfiga% (b) VAE f#hid 38

@@

A

o =h(x) x=1(2)

N(o, I)

loss = C|| —xA||2+ KLIN(: ,0),N(O, )] = C]||x-f(2) || + KL[N(g(x), h(x)), N(O, 1) ]
(c) VAE BE{h45H
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sampling without reparametrisation trick sampling with reparametrisation trick
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(¢*,h") = argmin KL(g:(2),p(2|7))
(9,h)EGxH

= oo (E“% (108 ¢2(2)) — Eng, (log %) )
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Loss = ||z — #* + KL [N (g(z), h(z)), N'(0,1)] (2.1)
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13:

J
KL{g(ela) | p() = 3 3 (log(0?) + 107 — 12) (22)
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Note:5% T ELBO HJ 3 # :https://www.zywvvd.com /notes/study /probability/elbo/elbo/

2.3 Code:

X B A AR S (https: //xiaolong-1il.github.io/Blogs/GAN/VAE.ipynb)


https://www.zywvvd.com/notes/study/probability/elbo/elbo/
./VAE.ipynb

Chapter 3

Diffusion Model
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