o B2 S A R =X A A

(representation learning and
generative model )




0. 5IA

B4RAE8% (autoencoder ) LML —Fl, 2kl 2 e iR A il 5]
fiitl. B4E3E8 (antoencoder ) PIMA— MR b, WTLA™/E 48 (code) 13
A ZMEE AT IR P — DR h = f(z) R g i fl—>k
WHEF RSt r= g(h).

As close as possible

|

- ‘_» NN » 9 NN -y
;J' - Encoder % Decoder '..; .
— | T

F -

L(z. g(f(x)))



MEl6. IR EEE R BP0 H— R 240 4% (Encoder ), 57 ~#BJr2H%
4% (Decoder ), i MAHISAR AP AT LUEAT ARS8 % 0 F # 22 R SR A R o 2
Phas FAERD AR . WA EIR L I EMA EE R — 1905 (code ), &3 B 7 /h—
T pos AREEE 2 — T ARSI — R 0L Edh, Aodd ieeaxm T
BE, B/MEOEN 128 22 52K U ERaX T MES P gifith 2 AT i AR 1Y 280 S id#e

Mgz, EHXAEMEEE, BILEA—T % (code), @I HISaSEER A HL—1
MREEE A ZEdE, K62 M Bt —kEALZHIR A .

NN
Randomly 8 » »
5
generate a vector & Decode lmage '
as code D

5t B ae g ] TR 4E B b2 2] o IR, B midds 5 AL s il
BRI ROR: B gt as e B 1 2R AR T HIT «



A= bELE ?

o P2 oD H R HE F R E R B R . R DUl e

N AR B — LB A REE ) BRI HE A (BT [HREEH &

: =d(e(x))
encoder decoder | ||
_ zd(elx)) o

A RN i 2% e FE, R4 n] e A 1Y, Bl —#l7015

AN

fE

. ==
lossless encoding .

no information is lost
when reducing the
number of dimensions

e

lossy encoding

some information is lost
when reducing the
number of dimensions and
can't be recoverad later

=y
R

-

F

BEEMEERRETER, I HEMER TGIEKE .



A {E SR (Singular Value Decomposition,SVD)

AT DL A = Uzy? 2 10,
AT AN
BIm X nE 7 VDY
fi SR AR AT R i
TR (% VT R .
P URA Wk
L o o (LI

5, Rinlg I
i PR 4E e

RS IMREERE ((RSERD) |, STRRENIEER VT | AIHaNmEsEa ©
(Bt o0),0: ) . AFRIBEEER U |, uﬂ‘ﬂﬁﬁﬁﬁiﬁﬂéﬁi—/\ﬁﬁﬁﬁﬁ%iﬁ{ﬁﬁﬂ



1. F‘TRES (representation
learning )

s REHSTZ Al ERA RERYE, HHEA 40K
Z AR AR AL AR RIE ) . SRS |,

%ﬂﬁ%ﬁlk%?r'%zl?ﬁéﬁﬂﬂﬁé&ﬁ@l_% SN
(EZE7TH ﬁA>,ﬁ@ﬁﬁAL%m~ﬁ%§
I 63 ot EI/J_J/E A, BEWE M AR BRI EHE H R
%ﬁﬁbj? é&ﬁ%ﬁlﬁ&ﬁﬁk AL G RE | A SR




1. F‘TRES (representation

learning )

°ﬁyﬁmm%7Mﬂ%§%LL%

FFIE TR R

FIPEAERFE. B0, AR

7

A AX 2L S

-G B 52 2 *zﬁ%&%
%<ﬂﬁ&%A>@uTﬁWﬁLﬁﬁﬁ“%M”

|

7

AR (CER 7>

M e — I BARTR G R B i o 8 v = Tl 4k
PRFERE, DL/ MU B B B s RE 1

T R 2



1. F‘TRES (representation
learning )

R G O TE W B 2 ST 3 Rk i S L 825 51
I, (HRITR S ) O FFELRY, %
R 5] OISR B R, (R 2R )
1, S B B 2 ST 2 | 4,
WA b1 HCR R UL

T H S XGNFEE, word2vecC. & N IR >
L52 R “Hello, world! 7 N H. BHREEZEZ]
] T HRIES B (NLP) Ezﬂﬁ R BIA

E‘HUL%%E%/I\%%‘E}E@O

il

Lpl.l

@

S

7/



Deep Learning for NLP:
Word Vectors and Lexical Semantics

il R ——
Word2Vec




How to represent words ?

o ARG E CA=B TS (eg. i)
* Naive representation:
one-hot in Rlvecabulary| (very large).

one 1, the rest Os

WO :1 90909090:

7 0,1,0,0,0]

, —. il bl 0,1,0,0,0]
[o]z]oolo] =9 [0,0,1,0,

/ \ AN \ Q.f"lCOdQ\ﬂ :090909190:
Kingy e o 3 0,0,0,0,1]



Problem with words as discrete
symbols

zo |1 L
Mg, 1E3Z, 5978 X
= Example:

U SR ZZ “Seattle motel”, Ay EE JLJCHL 5 “Seattle hotel” ) X
1;%/[ (0]

But:

motel=[00000000001000O0]

hotel=[00000001000000 0]
X P A & storthogonal CIEARZH)) .
one-hot[F] EANFE K Znsimilarity (FHAEL) |
® Solution:

learn to encode similarity in the vectors themselves



Representing words by their
context

* We want:

1.@?%2%@%‘%&%%3@% IR BT |
_‘[«%X —:l;l?lm\o

2 X TR FLAE B DO TR SORBLEE

* Dristributed representation

"words that occur in the same contexts tend to
have similar meanings. "—Z.S.Harris(1954)

"You shall know a word by the company it
keeps." — J.R. Firth (1957)



Distributed Representation
o TEAETHHE AR LR A0 KRR

o iE SRS MAIRAT S
-T2 EAS
o THRALIE KA A
- H HTHUETTE
o HIRTE S AbHE
— HFE LB AL B 1 )7 G AL HE 2R TE &

JU(
o
10 1 G101010
COO101011000

T1011101011

SO v

e AD A A D S
3 OO0 =G
- O o

i

0

1

0

1

-y

4

1

0

) 1
01




Distributed Representation

— N R I R BB B2 modern statistical NLP!

w Y ialw H IE AR, H BT R A T ) A 4R
o fF FHWHIFZ T SR W E R

...government debt problems turning into banking crises as happened in 2009...
...saying that Europe needs unified banking regulation fo replace the hodgepodge...

...India has just given its banking system a shot in the arm...

L /

These context words will represent banking



Distributed Representation

AL R

« A S 0 B, 67 L
SCHA R ] ] B A AR
\Wordh
Vecrors

—s — = —
King — Man + Woman = Queen



Deep Neural Networks
Are Our Friends
B - ’

Ron: FAETREDRAESE S GRIREE )




Deep Learning

Output

g

2 B SR 2 5]

Hidden Layers

o P LRFIEMI A ), HAZ 30
w HEIRHIESE IR, 7 (90
w IRBE A PR T — A 52 STHE SR,
A ORI AL AL ATE 2105 B
o RFE A BT LRI B 2 2, trT DL &

Input

i
\Y



Neural Embedding Models
o LM 2R A E R N TEARE T ML M AR E TR, PLE R
T 5 Brialz [ o8 KRBT .

« Word2Vec M K& CATE R} A DL B ) 5 e 28 iR, H
1, 2 H T Skip-Gram MICBOW P F A Y

INPUT PROJECTION OUTPUT INPUT PROJECTION OUTPUT
wit-2) 4 wit-2)
wit-1) 4 wit-1)

: SUM .
a wit) )
- - it) wit) -
4
wit+1) ' A it
wit+2) 1 wit+2)
cBOw Skip-gram

Mikolov T, et al. Distributed representations of words and phrases and their compositionality. NIPS, 2013.



Statistical Language Model

P(high price) > P(large price)

LR E A, RIHRTHE — AR aR AY
Example:

B/ R BA AT [BERK
P(S)=P(w,W,,W3,W,,Ws,...,W,)

=P(W1) P(W2|W1) P(W3|W11W2)"-P(Wn|W11W21'"1Wn—1)




Window based cooccurence matrix

» Example corpus:
* |like deep learning.
e |like NLP.

* | enjoy flying.

counts |1 __|like | enjoy | deep |learning | NLP |flying |.___
0 0 0 0

0

enjoy
deep
learning

LP

=

flying

Q0 = Q= O N
O gEa O B O N O |
QO = = = O QO O O

2
1
0
0
0
0
0

) BEE D EEE 0D S
= e O (e = EESE O
= BEE O BEDE ) B =
L O O O O = O

Tl



Statistical Language Model

» U E BAHE 2y B mI AT s e AR
ﬁP(Wl,Wz,---,Wm)’ RN HAFAE ] BEtE, /\Eijwl IJW @z{jﬁ\ﬁﬂd
X BOUAR RN *ﬂx?:“t;&ﬁ?kﬁtk SR, HORA R
TR MR E:

P(wy,ws, ..., wy) = P(w;) P(ws|wy) P(ws|w;, ws)

o (0 | Wy Wayywny Wy ) wore Py | Wiy Wayiess Wi a )

w A ENIR B — DR : n oA (n-gram model)
EnyuiB B AL BN R ), BE K T55 Tl L 3CA &4 2
i, X b A R 1 LR AL

Plaw; |ty yWa; ooy Wi ) 82 Py | Wi faetyse 5 W;_1)



Statistical Language Model

T Tri

Plwy,...,wy) = H Plw; | wy,...,wi—1) ~ H Pl | Wy ety » vpt1)
=1

=1

* To estimate probabilities, compute for unigrams and
bigrams (conditioning on one/two previous word(s):

count (wy, wa) count(wy, wy, w3)

p(wa|wy) = p(wslwy, wa) =

count(wq ) count(wi, ws)



Word2Vec: Overview

Idea:

o TWE—/ KB Acorpus CERE)

o LE[E R R P BN RE R s N — A vector (A &)

o P SCARF R EL, H P — S center word (HH
i) ofE Bcontext words (R i) o

o ot A& K similarity (FHALLE) B AEL E
24 T ol probability (HE2)

o Adjust CI%E) A [m) & P RAIX AR




Word2Vec: Overview

Example windows and process for computing P(wey; | wy)

P(we—p | we) P(Weyz2 | We)

problems  turning banking  crises as

| J I J
T i L Y J

outside context words center word outside context words
in window of size 2 at positiont in window of size 2

P(w¢—p | W) P(Weyr | W)

crises as

problems  turning

¥ Y L y I

outside context words center word outside context words
in window of size 2 at positiont in window of size 2




Word2vec: objective function

o 25529 ?ﬂ}?ﬂwl,wz,m wrs Wk B br a1 F e
] BHmH, MﬁuﬂmuWLTIﬂ EIF

Likelihood = L(6) = l l l l P(Weyj | we; 6)

t=1 —msjs<m

Jj#0
6 is all variables

to be optimized

l sometimes called cost or /oss function

The objective function J(8) is the (average) negative log likelihood:

° J(B)-——logL(e)——TZ ). logP(wes; | we; 6)

-msjsm
JES

Minimizing objective function < Maximizing predictive accuracy



Word2vec: objective function

T
1 — ,
JO) ==-2) > logP(we; | we6)

t=1-msjsm
j#0

* Question: How to calcup(w,, ;| w,;6)?

o Answer: BN RwWE AN R E RS
Uy when w (s a center word
Uy, when w is a context word

w X0 ¢ f BT 3CHE o:
exp(ulv,)

P(olc) = —
ZWEV €XP ( ”Ev Uc)




Word2vec: objective function

Exponentiation makes anything positive

Dot product compares similarity of o and c.

Normalize over entire vocabulary
to give probability distribution

e This is an example of the softmax function R" - R"
xpC)

* The softmax function maps arbitrary values x; to a probability
distribution p;

softmax(x;) =



The Details

. U”%ﬁéﬂz

ﬁi%@? SR ELEAE A N, K-S 2 A RR  Ta] R B
tt'lil% Jﬁﬁ%

Training
Samples

Source Text

-quick brown |fox jumps over the lazy dog. = (the, quick)
(the, brown)

The brown [fox|jumps over the lazy dog. = (quick, the)
(quick, brown)
(quick, fox)

The quick- fox|jumps|over the lazy dog. = (brown, the)
(brown, quick)

(brown, fox)
(brown, jumps)

The|quick brown-jumps over |the lazy dog. = (fox, quick)
(fox, brown)

(fox, jumps)

(fox, over)




The Details

° iﬁﬁA/’%‘
S 25 SOAS H BIA HEAT A AR, 0 ML A R SOAR JE A )
AR HONTRIIC R, XA A DL RS 3R] 18 i one-hotgw i R 7~ o

Output Layer
Softmax Classifier

Hldden Layer Probability that the word at a
Linear Neurons - randomly chosen, nearby
Input Vector position is “abandon”

1] Z
0 /
0| o .. “ability”
o = )
10 Z V! '
A1 in the posit - ¥ - .. “able”
rresponding to th l -.
word “ant:

19
10

nnnnnnn



The Details

° K%HTEE/'%'

Gn R BLATAE FH 300 MNRFAE SR 7 — N i) CRAEAN i) A LR R
ANN3004ERI D o A B OB R R 1% 1000017
300%1 (BREAF300MHZTT)

Hidden Layer : Word Vector
Weight Matrix Lookup Table!

300 neurons 300 features

SR 2 A PR ER LR K /)
910000*%300, —->10000
#E i one-hot% A\ a8 1
BRI 2] | — A
3004E [ 7] &

10,000 words
10,000 words




The Details

® [ E Wil I IX AN FIA A FERR YT 2 First, Input word#¥
FAT3HAT T one-hotZfi%. And then?

o ELEP S

® One-hot55 [ /= A EE [ AH 3R 52 B 2 UBLEE ARy i

WA, E R

[0 0 0 1 0] x

17
23
4
10

.11

24 1°-
9 7
6 13
12 19

18 25.

= [10 12 19]

AR IR R AR R AL T —4> “E KGR (lookup

table) 7, BEATHRRETFERS, BEREZERARNETHREN

[E—

PRI FE T E SIS A EEAE . o2 0 %t gl B AN N\ R

<R



The Details

° iﬁﬁ N /'%'2

Zéi:.i‘ﬁ?éélﬁl%ﬁ%)%ﬁ‘]ﬁfﬁ, antsiX A2 —~1%100001 [7]
WM I300M I, TR 2 R — 1
so%ﬁgax@”ﬂﬁ%‘é%%, BRI Bk S —N0-1 2 (8] E

Output weights for “car”

softmax

Probability that if you
= randomly pick a word
nearby “ants”, that it is “car”

Word vector for “ants”

BN X

300 features

=

300 feotures




To train the model: Compute all
vector gradients!

® Recall: 6387 PTAREI 2%
® d-dimensional vectors and V-many words:

Vaardvark
Va

H — Uzebra = dev
Ugardvark

| Uzebra

® Remember: &:AMEA WA F &
o I T REALBLIRI S



Optimization: Gradient Descent

® Gradient Descent (8% T %) Zm/MUARTIEREL J(6)
H1—FfAlgorithm (FHIE)
Idea: X 0 ) HIME, & J@OBIELE, LR E TR -

AiiE— /N . Repeat (EEE)

z=x2—2y2

o

\ | Learning step
:
1 a1 =]
1
: Minimum
! %
1
1
g
Random 6 o

initial value

D>




Gradient Descent

* Update equation (in matrix notation):

prew — Qold . OJVQJ(Q)
|

I a = step size or learning rate I

e Update equation (for single parameter):

new __ pold
07 = 95 — g ] (60)

* Algorithm:

while True:
theta grad = evaluate gradient(J,corpus,theta)
theta = theta - alpha * theta grad



Empirical Result

Country and Capital Vectors Projected by PCA

2 T ; | | | | |
China¢
*Beijing
1.5 - Russia¢ -
Japarx
*Moscow
o *Tokyo i
Turkey: Ankara y
05 —
Poland«
0~ Germany« _
France SNarsaw
w»Berlin
-05 - Italy Paris -
sAthens
Greece«
-1 L Spainx Rome B
% .
-1.5 | Portugal »Lisb(;wadnd
) | | |
-2 -15 1 1.5

Mikolov T, et al. Distributed representations of words and phrases and their compositionality. NIPS, 2013.




Empirical Result

e dogﬁ;ggs dog L RR-g2 ﬁﬁtﬂi;auleﬁgrk [
-4 i T - = =
chicken - cock rahh%:ﬁiﬁ bbit ;pﬁt?mﬁ;ngi?nﬁﬁler staff &? ?id;étir%iﬁir% ?;stw‘--".s
PR | i i) staff - civil servant
donkey - wild ass 354:3*35— g‘,ﬁ i
sheep - sma&*ﬁt—ﬁ a,_:‘ar'! sheep equus - z%bra
sheep - ram |ahl:l;|e:i}: ;:?aEEnter TART
1 : it Iahnrer:-l:t*}n:iﬁurary \E';n:r g;ﬁlener
cralg-galﬁrah_ | _IF-X‘JI' iF dulphinﬁuﬁ}g??agdnlphin f. W B4 " _mﬂ-ﬁﬁ
e tper | FRHE
ﬁ;!li.'-ﬁh%ikﬁ %- ish r , ?gg:ﬁ!ﬁ'{?ﬁr WR-EA =
fish - t-roplcal fish :‘: actor - clown ﬁﬁﬁ-#ﬁf i
actor - matador e

Fu, Ruiji, et al. Learning semantic hierarchies via word embeddings. ACL,2014.



Questions?

AEFAEEMTA?

ASHIMRTEHE ?

§/

BAREEREZD? | ERA R !

0%




o B2 S A R =X A A

(representation learning and
generative model )




2. 4pKiEBY ( generative model )
SR AR DU 220R . St 23 A i R K SR

BT AR N — I TEER 2R, & BN B 4T 0T
FEE W A0 T o A 8 T S A, @ﬁ%ﬁﬁjﬁ_JM%
IR —— WA EERAN DU Jr 22 R o XA A YRR Tﬂ
RS SRR T 0, S RIS B A
SRANE] B AL




2. 4pKiEBY ( generative model )

. AR EEYR

ll

XFREAAZ B 7T 0] DL -& B Hh e b A4 11 s A (= B
?E%%ﬁﬁmﬁm,%ﬁ LR AE IR, SR
AW F /% (R. A. Fisher, 1890-1962)

PR IR Z OB R FRESE S, MEEEE
PR IR,  DARE AU IS B0 A0 R St i3 AT HE T
R SRV AR B B E M St = T, e
pAb T BAE X 8] A 15 6 55 bﬁﬁmEﬁLF
$gg%:%¢%%ﬁ %h% SRR AT

PSR (507 2IR) URE AR BOR ELS A, IR
i

Irnll




2. 4pKiEBY ( generative model )

o DR

DU 22k s T 02 [/ 2722 L3 (T, Bayes, 1702-1761)

1£1763%

ER AR A (e RALIE [ @R .

DU IR YONARAT — R I AT AT LA E = FEPLRY

V. 1%
A

—szﬁ LR RIS, ﬁ‘ﬁTEyJil)ﬁ

5]

o

THE Hle)-P &) pa)
@M@Z” "




2. 4pKiEBY ( generative model )

o DR

ﬂﬂf,ﬁ\ﬁ%?ﬁﬁﬁ%u,@ﬁ%%% SESYEL v ISy Sy
T DU A SO 5 0 15 B 5 R ARG A7 45 2, 7

2 5 ot A
22K 5 i 3

WSS AE B GIN, A

ANE RIS o041, AT 5 B0AS [R] Y 9 W

B A S

=R AT B E R,

FIRTFE
P

N Y P PN R

FINFATRESH
EE TALLE:

Eﬁﬂk/ﬁﬂl‘

N



2. 4pKiEBY ( generative model )

o DR

Likelihood
Prior
Posterior

Normalizing



HH 28 57 2

LR (Generative Model) F1H) AL (Discriminative

Moel)
Y RitE
tj%#ﬁ‘g}i%%%’w(v
5-3
AN

2. 4pKiEBY ( generative model )

N
DN
N
N

—1 a

7 RS R

BERP(Y|X), FAIA

— 1 a

/_
/_




2. 4pKiEBY ( generative model )

RN TR RE

ey
G K. T B e

Generated Content, AIGC )&

SN IR

fﬁ\“’ ﬁﬂx%\

(Generative Artificial Inte

I
SN B 17 U R R
7 (Artificia

e

S

%

ARl N LA
HAK [ %befjﬁhﬁit & e Al F ‘*[‘2

A:%”ﬁ

H
B AR

eq

ence, GAI

BT

1

|gence
1 —
zl;éﬁlz




2. “EpkIEEE ( generative model )

&ﬁk%%ﬁikﬁ%
[ EERE R
Em&ﬁéﬁuﬁmﬁ
XY HIIERE o
F&H=2mr 2 Albu,n_u
SRS o N2
R HEE | Hig
%E4%%ﬁﬂ%ow
HEETR e
< BB g BR G

S NS g

IR BN AU
UE  HEEKHRe
I, | NESErR
I oRTE | S
%4%M&&T%ﬁ@
m | %ﬁ%tﬂ&h V)
wﬁ%ﬁﬁ@%ﬁmﬂmﬁ ﬂ 1

£ RN oAl
ITRELEET R

gﬂ%ﬁﬁﬁﬁgm@o
& ERETRGET S
ST | EELCR
Yagomn<2w | R
TECEREEEETN

Smm RS S

A\
LN




2. 4pKiEBY ( generative model )
2.1. Ni& A 5 B0 A

bk T e P
. LJ L) P M e -'FJX-LE" '\I,IF'

LMY MR AR (Denoising Diffusion Probabilistic Model, DDPM) %ﬁzdzoﬁ%ﬂzi&%tﬂ ,
A RIS TP B R R OKRE T, Bl TP OB R ) K A



2. 4pKiEBY ( generative model )

A VIR, IBREE IR T

1. ZUHA T XA MR, RS AT BEAR XA

A EEMAFL

EHI - A? (SRS R Bt )

I}

2. W RN 50 2 I ZEER 2 B00T L A3 A3 A
5 PS4 R AT REREIT ? (5T Loss I BE i)



2. 4pKiEBY ( generative model )

2.2 KLEW

F— N RERZ T, SeNE A AT,
&% & T L (KLU .

LL\
>t

NA I

(1)its AR : KL(q|lp) = [q(x)

(2)—fA w2 xt it « KL(q||p) # KL(qu;
(3)auftyEE : [0, 00)



2. 4pKiEBY ( generative model )

IR s AUV EL D AT ECT It ELossHy, BAIRERIE—LRAVEIESE, SR
SHRBTHELHHTRE, EEXYEUERRIIT LWL EE— BB
Pjota , BAVERZRINSHE Po(z) , FIURIBKLEEREFEES/MIMNE S 0*

0" = arg m@in RL{ Py (2] Pilz))

RIZAERMNS RS T IHTARERNSEH 0, XEIHERAMAGITHES,
SAMAGTHRORENE: EMUERENRERT, KESZNNRTERENSH O,

0" = arg m{?xEPg(mi) = arg max lagil;ll:Pg(mi) = arg max ;Z(}ng(mi)



2. 4pKiEBY ( generative model )

g* =~ arg max E,.p,,. [logPy(x)]
= arg m{?,xfpdam(m)logpg(a:)dm

= arg rn;;;tx [ Piata(2)logPy(z)dz — [ Pyata(2)l0gPuata (z)dx

_ Py ()
= arg mf?.fodam(:I:)log e )d:E

o B Pata{z)
= arg m;;],x deata( Jlog——— By} dz

. . ata (T)
= arg mgmdem( x)lo g Pa( ) dz

= arg min K L(Piata()|| Py(z))

7 AR NKUBRS FIBL AR, — B TRBS R . LA
VAR AR AR RG2S A AT, s
AT DAL S5 TSR ARSI SRR LR, it SR

f

arg max S logPy(x



2. 4pKiEBY ( generative model )

[~
N
NVe
U

156}

AT 25 |

')
A)
~ _/

ek /N
— MR,

7N

L 2
YA
=)

<RI A
| REHKIER

R IERR



2. 4pKiEBY ( generative model )

2.3. [BAZ E Y

GAN: Adversarial / _|Discriminator | [Generator [
. X X Z x
training D(x) G(z)
VAE: maximize X ,m o Z _@ ol
variational lower bound q¢(z|x] Po(x|2)
Flow-based models: X ,| Flow ol Z > In::lerse . x
Invertible transform of f(x) f (z}
distributions
Diffusion models:. X0 X1 X2 P
Gradually add Gaussian P = ettt S =
noise and then reverse




2. 4pKiEBY ( generative model )

MEBFHEETIAZGIE: BE—MIA ¢ WE— 97 2, BRIBXA » £E— o/
FERETIE—SBoHE p(z|z) , B—2OME p(z]2) . XN 2z BIFRZ AT 8

B p(z) = X, p(2)p(2|2) (@BEFRARK, GMM)
iEg: p(z) = [p(2)p(x|2)dz (H%HT)

Hh p(2) RELAAEERNCREES B (ERNERHS M), XE SRR TSR T



2. EpiREl——GAN

Generative Adversarial Nets (4 %P1 2% )

D. HiBls (R)

| ©
Gla): HERERETE ()

Random vector
from the
latent space

Generated
(decoded)
image

\

{ Generator (decoder) ]—

Mix of real
and fake images

" o —"[ Discriminator ]— “Real,” “Fake”

Training
feedback



2, EpgtEEI—GAN

Generative Adversarial Nets (4 %P1 2% )

Training set V Discriminator

Random E [ I E— | Fake
_ Fake image

Generator

N\
o

1‘11(111 max VD, G) = Bscpp () 108 D(2)] + Eruin,_ ) 108(1 — D(G(2)))]:



A3 41 B Bh 4w h5 2% VAE (Variational Auto—encoder)

Auto-encoder

ml
NN O
input M Encode

C —rrr——
r g, ex o—c: » Decode ’output
’ a2 3 r

c
J3
c; = exp(o;) % e; + my;
e
From a :
€2
normal 5

3
distribution

; ) — ; 2
Auto-Encoding Variational Z{E"«YPU&J (1+0;) + (my)*)
_Bayes,” | o =1




2. EpiE8——VAE

A3 41 B Bh 4w h5 2% VAE (Variational Auto—encoder)

N(O, 1) L —

\/h
| K [ f

o _=h(x) X = f(z)

loss = C||x-xX|? + KLIN(1 ,0),N(0,1)] = C||x-f(2) | + KLIN(g(x), h(:)), N(O, )]
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( Diffusion Model )

FEBEy B EEA (Denoising Diffusion P
Model, DDPM)

robabilistic

LMY HMEZR AL (Denoising Diffusion Probabilistic
Model, DDPM) fi] BLoR Ul , 7 BB EL & AT AE: Hif (A
JHOL AR AN S [m) AR GO FR BT R A0S R A2 X — ok AR

AT I T 2 A BB 1

) A2 IS R

R R, BATVR A — A FEAL R & URi% T 5 e

HEA KN —KEE, XWEFRATE R

ZRHIER
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( Diffusion Model )

¥ BULEE:
%ﬁ%&ﬁﬁ%{%ﬁ‘]ﬁiﬂ%%%ﬁiﬁﬂ%ﬁﬁ“s%%ﬁﬁiﬂ%
5 PR AL 5 (A B . 4 B RR 6 — 5 2 R —
A e AR, BNV USRS R R
RHE: (17 1%0) = f[q(xuxt_l)

Forward diffusion process (fixed)

Data Noise

Define ay = | [(1—5s) = q(x¢|xp) = Nxs; vVarxg, (1 — ag)I))  (Diffusion Kernel)

For sampling: X; = var xo+ /(1 —ay) ¢ where ¢ ~ N(0,1)

/3¢ values schedule (i.e., the noise schedule) is designed such that & — 0 and g(xp|xg) =~ N (x7:0,1))



2, ERIRE— SR E
Eg D|f$f$u5|on Model )

AT IR ERHERS W, BARBEIEMRE—PHENZE, NERIMENRETENE—1
BEISq(xe-1]xt), BBAN—PREVIESXy ~ N (0, I)FHE, ZEihEEstacdnk— BT
AR, FrblkEndi2thsl 2k EEaTTEE.

Forward diffusion process (fixed)

Data MNoise

Reverse denoising process (generative)

it ame(x - 1|Xf)ﬁﬁ%%¥lJ%Aﬂllfﬁtﬁ¢ FATeI AN asE X &5 h. X8, )
PSR E M A— TR0, NS EER—FS AHERE SRS RIS B oRAER:

po(Xo.7) = p(x1) HP&(Xt—l 1%¢)  po(Xe—1|Xe) = N(xe—1; po(Xe, ), Bg(x:, 1))
t—1

XEBp(xr) = N(x7;0,I), fape(x: 1|x:) AEBUNERSH ., SAINSERHGZ8)IZGN
LBy (¢, t) 129 (x4, )AH. Thrl, T EHISEREEEIIXY)ISFHNME, BHSila
B T ERRAE RS,



2. 4pKiEBY ( generative model )

g AL
Emmm— 1AL AL

e

EREREE &7

JF W) 37 AE A

A At H R 4
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