CIESE

9P

;/&%Di/\u \:

7 EFIEN. k-meansBs, RO, REEH
BRERIEMEER, —R&IEN TREMEL., AR HMZE.

PREIR/RZZSHLEN. REBREASINFITE FE
[EoMs. BiRiDes

o

KB — _FiEaaE AT
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HHERF
Bt

0 KRB SRS Thp (x)
O FRIFEHED TP (x| %)

0 Z7tofh
L r-wTE -

e 2

p(x) = o

0 —Joofh
1 _(x—p)?

p(x) =
2102



— M RAP1ITARERNREGF

Interest | Gender | Age BBC Sports PubMed Bloomberg Spotify
Business

Finance Male

Sports Male 21 Yes No No Yes
Medicine Female 32 No Yes No No
Music Female 25 No No No Yes
Medicine  Male 40 Yes Yes Yes No

O BRGEIEDS
p(Interest=Finance, Gender=Male, Age=29, Browsing=BBC Sports,

Bloomberg Business)
O FHEIES
p(Interest=Finance | Browsing=BBC Sports,Bloomberg Business)

p(Gender=Male | Browsing=BBC Sports,Bloomberg Business)
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BFEINFEIp(x), SASHERTSRAHKED (| x;)
&z
B NMEEE R EXITF

ERFIFAMEp (x| x)

A4S
meE=>

x e TN IAREE



T EFES (Unsupervised Learning)

ST EEGEE
D ={xi}i=12.n

HEsF I EEBERERER

[T E

Z > X
R B REYATT

p(x)
IFRIBURRT ( )

¢ (x)
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ZmEFINAE

T EFIHENRE

k-meansB23$
ERS S

eI
BeEERE
EMEZ

:fﬁr 9: INE meE ?—j
SEEIEES
B XT LN



k-meansB23



k-means&3E (K-means Clustering)
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k-means&3E (K-means Clustering)

O IRMEFrERR (cluster) RIZEK
O FEHEZRE A EAfF R, BMERBA N ERIED
(centroid)
O EUATEE
o BB LHIn RS SRR OFERERAYRR
- EMHITIEERIRD
0 HERRINSIATSLE
- ETEEEHEEREIERZE

Slide credit: Ray Mooney
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k-meansB23: &

BRiZSLH2RSERE
x € R4

MeE T, ELBHRC, PRIRATFIIE

Slide credit: Ray Mooney
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k-meansB23: EE

ZFROEIEEEL (x, 1*)
KR LESIEE (L25EE))

d
Ly (x, 1*) =Il x — p¥ |I= z (Xom — Hr)?
m=1
\
RXJLER1SEEE (L15BEN)

d
LiCouk) = Ix = ¥ = ) | — iy
m=1
REIER
X7k
[ 1

Lcos(x, .uk) =1-

Slide credit: Ray Mooney
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k-meansB23Hl—-

P Sl
SIS
R
EEER Ay
R
BRI
Krsy!

Slide credit: Ray Mooney
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k-meansEXMIRAISRE

BRI EMNZ BT RIEREE0(d), HHdRRERIHE]

BOEfE: 0(knd)IEEIHE

IHERL: §1MSEAIRERMIZIENL—IX: 0(nd)

FRIZSIXF NS BNERLR: 0(lknd)

Slide credit: Ray Mooney

15



k-meansERZEBtr

&/IMEEN RS ERXINAVER SRV ORI 75 B HYS A

K

{ur?}i’,ilz 2, M=) =g

k=1 x€eCy XECk

KELBRMENP-hardd
K-means& R E B EREAL
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LR A LARIEREH A I T2

— LM TR RESEURENWSIRE, BEialE IRk

(R AT B AT A RIS SRR AR
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XM

SRR
FITHECIERA TR
ERRR AT
R
R/ TS
(eI R GoE
ERER
T BRI R B SIS
BRI ES

BRI
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k9t (Principal Component Analysis)

IR
;. GITRAUBIRIS
x,: fh/HESER KT 5
ES5%) 5
u: —PMAEARETR X y
RIRTEARRER

. == R
U, . _‘u:zbl];ﬁa

X1 (Sk]]l)

Example credit: Andrew Ng 20



Epks3 3t (PCA)

PCAIK B RBIEHEFIERF=E]

PCAfEH A gEtE R BRI BARIRAITR AL
AY T ER—AHE

ko E/NTEEFTRIGTENHE/MEREHNEPIVR/NE
R —» Rk k< d

21



PCAZETRYLIE

AT
D = (O,
T TR, (EEUIENTT A
BEESERF ORTEEIE] O

1 m
_ =N, D) 50 _
U mzx x\W e x U
=1
HK—BNTENHFE (Fik)
m

1 N 2 . .
FASCT o

i=1
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PCAZETRYLIE

BEERRIYEIRE

=
o
X

-
> X
= X X Ky
Q x

XX
(9}
x . ><>§< X

x XX
w X
X1 (skKill)

v X
X X
% X
x %~
X %
X
X .
" V" X1 (skill)
XX
5
X
X -
>
9
C
Q
'

FE N UREEINEEEERMSE, NfRREER "t
" ERMEARREE (RJik)
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PCAERBZE

PCAKEIREREKRERENAF
H3NTFEERAFHHEREREX T XHAWFERE
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PCA}

FRPEE: BRI

PR OB EuRRF I u = 1)

R E

2

(l)T

x®Ty

MO

x® 'y

lzm LT ® Ty, 5
m i=1
1

m , ~T
=u' —Z x@ x® " )y
M =1

=u'Xu

¥ : Covariance matrix
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ERAISILE

max u'zu

u

st. Jlull=1

1 m
5= _Z NMOMON
m 4
=1

HRIEHRAIR N ER D EHEIEHIK

PERFIEEE

RIEA&AIFIEHERIRIA TR

x ORI R E

yO = w3 x®

g x @]

_;J,Ix(")_

€ R

HIEME

///.
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1

SIE S %[Ol R

X TFHEIEETT AL 42 a
BRiZuEESHERZE u = 1)
FHIEHEw 2Uu = wu
BdNFHIERE-FIHEXT (v, w,)

AMHIAREIESN, ERCHERREESE Y wu

Etﬁ:@ﬁﬂ%g%‘ﬁﬁll«l—%ﬁﬁ .

d
v = (Z wu v = E(UiTU)ui = z V(Ui
i=1 i=1 i=1
Taxa TG U= [uq,uy, ..
d d Wy 0
y = ZuiuiTZ' = ZWiUiUiT =UwuT W 0 w,
i=1 i=1 I =
0 0

T=1
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FHIESS 3 [0l bR

o
-
ATEHUE X = |2 | RENJTERGERS = XX (GREN&%m)
X, |
BEu; ERIFES
| Xu; 12=u! X" Xu; = u Zu; = ul wiu; = w;
BRvEYEZES
d d
I Xv iz =l X(Z V) I7= Z vy Zuv) = z V(Wi
i=1 ij i—1

HEPv(i)x%vEuiJ:E’\J?ﬁ%KFE‘
MERv'v=1, ﬁB/Aarg"rlr}"zg I Xv 1I°= umax
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PCAiJiE

PCAERT LB R A S MG B BB Rk T 2SI
AR R RIS

X, (enjoyment)

X1 (Skﬂ])
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PCARJ{R{L

original data set output from PCA
104 é -
8- 4
[ ]
2
6 °
Y v 2 04 e © l— ®
7 °
-
[ ]
2 4
O T T T T 1 _é I I I I
0 2 4 o) 3 10 -6 -4 -2 0 2
X pcl
w o 08— @ # 1 pcl T I ® o |
0 2 4 o) 8 10 o -6 -4 -2 0] 2 4
y o T o —o & — 1 pc2 | I I - I T
0] 2 4 & 8 10 s} -4 2 0] 2 4

http://setosa.io/ev/principal-component-analysis/

o~ -



PCATJi{L

54

-5

0 T T T
10 -3 0 3

pcl

http://setosa.io/ev/principal-component-analysis/

31



RABIISRNEME:X

KB — _FiEaaE AT



33



34



e T AN =l 1R B

4o || (x (D, x @) . (M)
B B EIENER S D ISR TR

p(x®,z0) = p(x®|z0)p(z ™)

¢ [EEED RS

z® ~ Multinomial(¢)

8. SR %EI’JID

p(z® =j) = ¢; < FIRE M RE BB

x® ~ N (uj, %))

h 4

@ ISR
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SRR

A IRERKN

b D)= )~ logp(x ;b )

=z. log z p(x®)z0; 1, 2)p(20; )

z(l) 1

m .
- Z . logz N (%O uy, ;)b
l= ]=1

WMRRS
ol(p, 1 2) _ 0 o, 12) _ 0 ol(p,u,2)
a0 ou 0r

KARNZfE
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B AICEIRIRTE

WENMEERY, [BEE,ORIFEREWNSESh
UISREATAIEZ D, BBAEHRIUSART LA ET 4L

m . .
l(p,u,2) = Z log p(x®,zD; ¢, u, X)
i=1

_ zm log p(x®|2D; 1, £)p(2D; )
=1

m _ .
- z 1 108 N(x(l)lﬂz(i)lzz(i)) + log p(Z(l); ¢)
L=
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B AICEIRIRTE

taxez\, RAMEHRIA

m

= (1) . . (D).

$3§l(¢,#,2) fﬁi’éZlogN(x 0,2 ,0) +logp(zW;¢)
1=

REZKEE
1 o™ .
4= 2 0 =)

B0 = e
g Z:ﬁl 1{Z(i) =]}

5 2z 1z = 6 — ) (60 - k)
! i, 1{zW = j}
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LEESHW 2, ¢, TEHENHE N IARIETE, VER S

¢ () — ], @. _ P(Z(i) =]';x(i);¢,u,2)
P =k i 2) = p(x@W; ¢, 4, 2)
> p(x®)z0 = L, E)p(z® = ;)
<
=
u, Z /\I:Fl | |
2OWISER AP D = j; §)

@ SRS (x )20 = j; u, X)

REETFEITz VRIENETSHW 2, ¢
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= AHIEEE X (Expectation Maximization)

E-PIR: EAEREESHNEN MR EENRIRS T

M-8R ERSHEELEREERR S MAIER FEKMWEL

AU TE-ZEAIM - S RE RIS

2L



RS o ETHRIEMEiX

iEr={cl -yl

EEEFIKEN {
. e amm (i : o i
{E-step} 3N, j, BBw " =p@E® =j|xD; ¢, 2) -
{M'Step} E'ﬁﬁ 72‘?& bl B
B

1 m .
1 @
¢] mz,:=1 W]

m Wj(i)x(i)
o i=1 ij(i)
g = 2 i “j().(x(i) -w)’ |
i=1 W; )
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—figlER FRIEMEBZE
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—fgiER FREMBiX%

EMEAER:
EENMEMERZE, #IEENUAAR 1Y

EMESASHISTRIEAUIAR—

ELLRA T —RIER TREME L, FHEEIFEIRSHIEMA
NEWSIHIERUE
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ERRAFIL

T IR AORE, XABTEZE. A
E[f (X)] = f(E[X])
ANERf RSO, IPAZERE
E[f (X)] = f(E[X]D
SRS E
X = E[X]

(A1, MRXZEEE)
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ERRAFIL

f(a)

E[f(X)]

f(b)
f(EX)

E[f(X)] = f(E[X])
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ERRAFIL

log(axs + (1 — a)x2)
alog(x1) + (1 — a) log(x2)

Figure credit: Maneesh Sahani

Xy + (1 — ch)Xg
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—RRIER TREMEX: Al

ERENGFEIREED = {x;}iz12,.n, WUAREZFISIRBERT

1EXIE|ZL: XE

zZ X

HA A ENLIRIERED (x, RIS, HFRWHIUAT

N
16) = ) logp(x;6)

i=1
N

= Z logz p(x,z;0)
i=1 VA
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—RRIER TREMEX: Al

EME LRI T aER
BIEREIEXAHTT (MLE) REME

N
0" = arg maxz lo z x® zO. g
0" Lujzy 0 z(i)p( )

{ERMR O, MLERZER

0" = argméixz logp(x®)z®; 9)

=1

EMBEZAMLERE T — M EREIRERS R, IEHUTLATEE

E-2: ¥EXHAN (BF) TR
M-Z&: TR



—BRERTFHEME:E: TR

AN, 1hg, TRz

Y @) = 1,a:(2) 2 0

SHEXTEUAIA

N . N . .
1(6) = Z log p(x®;0) = Z logz p(x®,zD;9)
i=1 i=1
p(x(l) Z(l) 8)
- 1 Z ON
Zl 1 o8 ql(Z CIL Z(l))

: 0,29 6) :
S IR e IRPO% v

FERRAET — log(x) RIMERE]
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—RRIER TRHEMEXL: T#

FA NIz AR g (2)?

AT EEAFIUREZRLIR ( ), FREEEE
p(x®,20;8) = q;(z) - ¢

AT LA

log p(x(i); 9) = logz p(x(i),z(i); 9) = logz qi(z(i))c = Z q:(zD)log

z® 70 G

FE, q;(2)BILAE kG DT

p(x(i), Z(i); 0)
qi(z®)

p(x®,20;0)  p(x®,20;0)

Zzp(x(‘),Z;H) p(x®; 0) p(z*|x*; 0)

qi(z") =



—fgiER FREMBiX%

BEEEFIWEL {
{E-step} BN, ®E

q:(zV) = p(zV1x®; 6)

{M-step} EFSE

N

6 = arg meaxz Z qi(z(i))logp

i=1 Z(i)

(x(i)’ Z(i); 0)

q:(z®)
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EMBIUZETTE

FO W16 M VRREMEIARRESUA RIS, FAIRZIEA

(0D < 1(8¢+D)

IXZRIBEMEL ARSI SRR EREIEIERY, NTIRIEEME

eI S R R
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EMUSELTEIIERD

MOOFHR, BAIEERTENERS
Cli(t) (z®) = p(2@]x®; 6®)
XINEFERIE T ERAFANES

N ) 0. g® N ) 0. g®
L p(xW, zW; gt : p(x*,z\; 0%
(09)=> 10g) qPeHE— =% N g @)logEr
i=1 z(® q; (Z(l)) i=1 7 q; (Z(l))

ARIESE6 VB RAN LIRS RAIAMIERSE

N _ x®, z(D; ge+1)
E3]lig 1(9(t+1))zz 2 _qi(t)(Z(‘))logp( R )
=1 L7 q; " (z9)

N At
>\ QIMGNME p(9,200;619)
At ol ST D o

t=1 z q; (Z ' )
=1(6®)
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EMISST ISR

ANERBATENX

J(q,6) = ZN Do qi<z<i>>log”(x;)(';f§); 2
HRA
1(6) 2 J(q,0)
EME AT ] F4FREFF (coordinate ascent)
E-PIR: ARCREXAM/BE (FHERsm)
S FRIRABNE (BEELK)
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EMIZERTEEE

E-Step

¢ (20) = p(z®]x®; ®)

g(t+1) — argmax _q;” (zD)log

Figure credit: Maneesh Sahani

WA oA
IR A1 Ao A AL
I
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i
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0.5 gt
i
o
DIE ! [\
i
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0.3
0.1
-
- Fad
0.1 0.2 0.3 0.4 n.s 0.6 0.7 0.8 0.8

M-Step =



B4 (154%) ThEsS

- T EFIRNENEETRNCHER, BESEST, HITHIERIE
LA B2 [ARIHBE R ERA R R ANMEIAR]

R TISES TSRS, EARR R B PIRAE A
R SRR (RO ER,

R TISESSNE— A EEIS, NN EEIRER
WHTIR, SRIEAE \SERSRE, —HE S EAUEaT YL, 10
EELEAIRST, 5 AR XRIHSEER, DR

- (R EEAEYE MAEMN SRS R E0 M, LSRRI
TUSEHRRESMERE, HLUCHERTEUR R TR EEAER

- HIEREFY), TaEFIESHIREERNEEEBEAVER, ERE
EED TR, HEERHMEHIREZ RNEEHRS
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[BIRRFEN : #UEAER)

EESIESR D = {x}, FBEHEDHRE qo(x), (EEAILIISGEIR
SLHHED TR p(x)

EHBiR: &RLARLT (Maximum Likelihood Estimation, MLE)

max ) 108 G (x) = MaxEy- o108 46 (0]

X€D

MNESLHERSAFINERE FTEEERERE

Goodfellow, lan, et al. "Generative adversarial nets." In NeuralPS, pp. 2672-2680. 2014. 58



MG SERRNA—EIE

EE— T EE—EiZEEIRIERES q

max Eyp(x)[log qo (x)] max Ey g, [log p(x)]

4% / TG &
MIESLHIEESEFEIRY I TRE A SR RS R
B FEERRERE Al 8eAY S ESCEUERI
iy Yy FEE, BEEEITE p(x)

AKIAE

max—Zlo X
D] g qo(x)
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LRI ML (Generative Adversarial Nets, GANs)

MTEMES, HNEEFTENBIRE

max Ex-gg00log p(x)]
BRI BEEREITE p(x)

I dea: B TAT BB EE AR — MBS S — A SRS R B A
SBH (SEEEERAY) ?

NAETREFIRABIRERTEKRAE



RTINS (Gener

ative Adversarial Nets, GANs)

W

__________

0
—»Q #1558

~ - -

0 FlBle=ilERRRY X 5 B SLEUEF IR A R R RETE

0 &= ERERENET

R RF Bl =S

O G & D #BAT LAtz i 25 R SEH
O BEREST, 3 D AREXD BELHIEIEMRISIRIFR, GALUR

SFRI S ESLEE DT
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HREEEMLE (Generator Network)

x=0G(z0)

M— RS 7 BB — A SESCf) x
WRETRS (TH5) M

AESEER

ERTIAAING 2

STLAE x FEATE 7 MEHERESHST, BRER (:)

B TERIXAIM
N, ToBEY%E2E (Variational Auto-Encoder,
VAE)

BWSEILI: SRREIL (MLP)

G



FI5zEMI4E (Discriminator Network)

P(real | x) = D(x; ¢)

T T B A T (x)

140 D
Logistic fitHEIZEREIHL

AlexNet & @



& pkERFIF Bl RRRILE

| ERENE

x=0G(z;0)
O WIERKS (AIfRi9) /Y
O iR MHEEK
O BWsEWA: SRR (MLP)

Flnl=aRies

P(real | xX) = D(x; ¢)
0 BT R B 45T

o fFan:
- Logistic A2 ERAN
- AlexNet &

®
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LR HTMEE (Generative Adversarial Nets, GANs)

W

4R
—»Q #1528

' G,D
min mlglx](G,D) mlglx]( )

0 BXE BimeREN
](G, D) = IEx~pdam(x) [log D(.X')] + IIEz«/pZ(z) [log(l _ D(G (Z)))]
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HUE
pase A | A A
No s e HRRES
IR 4 / """""""""""""""""

. . .
. & . . . ‘e,
[ L S -
1] L] 1]
[ 1)

Y/ I/ Y/

ERMEE  minmax P HIBIEE  max J®

J(G,D) = Eypyoralog D(xX)] + E,-p, (1) [108(1 — D(G(2)))]
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IR 21

& PR E R CERIEIE D R

HI SR B PR SR RS

W/

N\
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ll&xGAN

o IIZ5F51=28
for number of training iterations do
for & steps do
e Sample minibatch of m noise samples {21, ... 2(™)} from noise prior p,(2).
e Sample minibatch of m examples {z'Y), ... &™)} from data generating distribution

pdala(m)-
e Update the discriminator by ascending its stochastic gradient:

Vo2 3" [0 (+0) +10x (1~ D (6 (=)))].

i=1

end for

e Sample minibatch of m noise samples {z'*/,..., 2"} from noise prior p,(z).
e Update the generator by descending its stochastic gradient:

o, Lolos (12 (6 ())).

end for
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ll&xGAN

for number of training iterations do
for & steps do

e Sample minibatch of m noise samples {21, ... 2(™)} from noise prior p,(2).
e Sample minibatch of m examples {z'Y), ... &™)} from data generating distribution
pdala(m)-

e Update the discriminator by ascending its stochastic gradient:

ng% i [logD (:1:“)) + log (1 - D (G (z“])))} :
end for B I ZREEAES

e Sample minibatch of m noise samples {z*), ..., 2("™} from noise prior p,(z).
e Update the generator by descending its stochastic gradient:

o, Lolos (12 (6 ())).

end for
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FlalzsRYEii Rl

yj Pdata (x) *D Pc (x) ;Ei% D(x) 7%E

Pdata (x)
Pdata (x) + [Ye (x)

NRETLUABIX N &N, EWEHR
BEIAZIGANRIIEAE S

D(x) =

70



MiniMax Game BJ131;

G: mGin mlgix](G,D) D: mg\x](G,D)

J(G,D) = Exporalog D(0)] + Epepp, i [log(1 — D(G(2)))]
— IIE':x~pdata(x) [log D(x)] + [Ex~pg(x) [log(1 — D(x))]
pdata(x) ]
Pdata (x) + Pe (x)
pe(x)

Pdata (x) + Pc (x)

P +p p +p
= ~10g(4) + KL(Paata I =5 + KL(pg | =5—)

L J \ J
! !

=0 =0

= IEx“’pdata (x) [lOg

+IEx~p6(x) [log ]

P98 pe(X) = Pagea(®) LUR D(x) = —Pdea® __ _ g5

Paara(X)+pc(x)
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SRR FRIGAN

1. &Rk 4. RERRSE LRIHE
x=G(z;0) dJ(G,D) dx
dx 00
2. #3l 3. KA ETE LRIEEE
P(real | x) = D(x; ¢) dJ(G, D)
dx

AT ERENSESHAIEE, x WIEIEEHY
](G; D) = ]Ex~pdata(x) [log D(X)] + [Ez~pz(z) [lOg(l _ D(G (Z)))]

fERES: minmax (G, D) F#UBIEE: maxJ(G,D)

72



Eht: AFEIRERGAN

Goodfellow, lan, et al. "Generative adversarial nets.” In NeuralPS, pp. 2672-2680. 2014.
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EfHth: BFEIREMGAN

GANRIZEZ R

E—MREA VA R £ PHIPNREIUAR

Tero Karras et al. Progressive Growing of GANs for Improved Quality, Stability, and Variation. ICLR 2018.
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Eht: AFEIRERGAN

BigGAN (ICLR 2019)

Andrew Brock et al. Large Scale GAN Training for High Fidelity Natural Image Synthesis. ICLR 2019
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AT EEFIRIFEH R4S

PEH R S E—FEBEN R E S | NSRRI A T2 RZS
28 HH W ZR AR TTHY BB LZ 1 R AR
28 B ZRREH I EE

M FEBE L ML SRIE N i B ISR 0 T 2RI TRIGE

J(elele)

000
>

000

000

< (000

6 z~pg(*)
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IB/RZZSH (Boltzmann Machine)

IR EN RIS ERERI S /RAERREZ

i C1ESITER
WIRGZE DN
P =5 =3 e
E(s) =— ) w;sisj — z 0;s;
' i

s; € {0,1}2NEEIT, wiloZ2SE
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PRHIIE/RZZZ24H (Restricted Boltzmann Machine)

O PREBERZENE—FErztie  feature mapping
WLAITEFéﬁX_XlZ% ! EI—LX?SHE@ learned features
NEA IR ]

hidden units

O R oI (FEi) SRRt As
&%, BR—7E

O [T (REHIZRE) mILARTH
NEFARRIZ SR EH TR 1

activation of
hidden units

Fischer, Asja, and Christian Igel. "Training restricted Boltzmann machines: An 79
introduction." Pattern Recognition47.1 (2014): 25-39.



PR#EVEEI/RZZEH (RBM)

learning

hidden units

parameter fitting

training data

O F=3JMER

- MESEH (EHENENTRR
%)

- L& RBM TTLUREHINER

generating

hidden units

sampling

samples

O 4ERRBTER
- MBESEL, FRERTThIHE
NoA% 5 R BT £
BHTRE, ARRHENAYE
i
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FEESMLE (Deep Belief Network)
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