w %% %R R

HAET k-

Pless2 S IRIEZ A G I ARRAE, EAETEM SN, AEILE G TR
ppt AN NBRIEATILS, B 7 RmiHivui, H2id2 @A E-—
SE L Z IR 1) ppt EAGEH

Ps:

AT HE: SRR —F AR, A LR R =B E R 2 A H 2 — RS B2 ppts 25
FILE T CGCEHRILL ATYE ppt AEH& 1 FZIHHER ppt)






















































































































































































































































































































































































































































































































=\

lpntroduction

~UE 3B ki AR
M S0 #24l

Wy ¥ % 3
- &
AR S KRS R 2B v (A S TR
G EIR I — P 5 5

© it H
e hIsmBIF IR B RSP 3 W i e ®

ALk E R b I padth
lnd| BAnTh ﬁ‘f?x“rﬁz:&w&éﬁ.

TR AT LR SN LR P

® 3 B (1% MBS I 4mo R A T TR

@ ZF5omp: P Training Data) _MEmodel) . P( Prediction)

R R |
da*b{ Ffa:\: t‘mﬁf‘vﬁg)%am”ﬂx pateern %Preolwt/on.
' Lzmza - pattern J ﬁ;\,ﬂ"

~ED

> Fw ik

4543 b g SUDSR RO R IR, 33 L RSB L
$edle= Y542+ (FR-Z oA BI)F55L
BYUEHE 123 ve 2153 D EBAESRARILRYS TR

2 AT )| H 3B BAARARAMLER D141 5B 15057 ﬁ%%@w 3

Wa In the ML literature, a supervised learning problem has the NGB RABL
following charactetistics: paiatess

We are primarily interested in prediction.i%ﬁ(“%%ﬂ}#r’i?viin‘l

We are interested in predicting only one thingd% 23 @‘ﬁiﬂ'l%?\ﬁ%ﬁ%

The possible values of what we want to predict are specified, and

we have some training cases for which its value is know .
$84% F35n| 0B RLARIBRE A 2 Iv4E % b A Th B4

©) SR ve sTLRG vs Eﬁﬂk‘%‘
classification 933 ﬂ‘

Supervised Learning

training data
IERETE/)14R5
' ][R =N

BB RT ﬁg%?ﬁ : ﬁ@

d 3T 3T

test data WUkt ErE/ ikt e




































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































L A WA, BFFALL, JoiRs:

FRtRES
JllZx& (Training Set) AT EEREGRS, RELBITSE SR 38
MRS (Test Set) %mﬁ%mﬁﬁ% Egiekes)]le M S TE
£RIGIF,
G (Validation Set) ﬁ?&&ﬁ%ﬂgﬁﬁ—?ﬁ NFIGEMREZE. ThZ
OEREEMIT RS ERESH. GRERSOREE L%k, TASEZEMUNE (RESK

LR EIYETTRY O

"%‘ ve T2 '3

2% (classification) [FIAL, ?hﬂ]@%} M—NRERESE) ©°
w R0, BRRHUSREY. STRYEYERR {%:h@émlgx npz%é%m,wn%o ®

B3 (regression) |alFR, FfiIAEZFmN =3
n B, SREENSH. BENMES, o3

= Sy =i

e Ag 2 Al
T h5E It 1319 ¥4 2 40 BOSRR. B haR R R 4541 WA A TERNE 1
Clustering El}«&

LR
CRRREENGLEFTEL THAPEVL L3 AT Iy Lo TS LD

B RY B B R AR e PR B E a1 A HR AR E M P IR
0 19% %k ABR 5 Constramed C luster;nj

1. 5—aRa: FIERRR HEERR

XERRAIREEERE NTEEERIMNEEFESRZANGE) TLFBTVMER, 8F:

. W IR BRDHIETR T (RELRIF, 2MEDET) |

o FTEXMTEAR" LNREBIRER, BN BRSRERENSE ZMTla,;
o WRERMECUEES": HANIRATANE TSI RESERNERN

o BREE, WAMFERAERERARGUDEE (CNstmitEs) .

2. BTERS: WENERH “ERA

ey T

* Must-link (BZERE) @ IEE XA IURLASEIRE—FE"

* Cannot-link (FEEHEE) : I5E XA NURUMDEIREE";

o M HIRSHTE" REEEMAIILIR (ELANRHREAINIR ~Must-link, FREHRE ~Cannot-link) .

3. B HIEERRMRBE + B

o RETIE: HBERLARMMAER (FAN K-means FIMHFHIRAIBLIERIMNIRELRE) |

o TS EER ETRMNE 075E (HHERBARBENSEMRILENS, BREEREES) .

@17-73&3 Active Learnihn 3

o (BRI SR S HENENO) S ER N,
— % 1%32\70?2)'11*9“\%
o 5XARE, THEISMTATERED, ERERIHIBLEESLRE | DR 713 7% o hAeRiZL a9


























































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































qoe A% $RREBRYBAN, %1 (TR
o WIGHREN: TRhFIMABBOFBIGIGSIBIE! = Whatis the notion of uncertainty?

Idea: Train a classifier like SVM on the training set.

For each unlabeled image, output probabilities indicating class
membership.

Estimate probabilities can be used to infer uncertainty.

A one-vs-one SVM approach can be used to tackle multiple classes.

(4>5&1U?1

% ﬂs?é)lgent) ”:“

=45 N
, AR

E&a9z0.

i G : 17-|§L15’I‘E’J—tﬂ%|3—.f¥‘)lj]ﬂ\
iﬁ.. {HT_ lsaﬂ‘%%ﬁ‘_f’“%“ﬁéﬁﬂ%T 1‘E9EE€JI§, E— N EE
APEMEIEELREXS R AR TR

0 RS (state) RS AR AR BB SIS — T IR R 4R
, BRI E R REUARERMAER.

v FfE(action) I FREBEAIIIMET LRSI, XEiRAY
i?Ji’E;%;ﬁT LS EAIEE, ERIER ABRIERE FEaFRIH
1T,

= SR (policy): BEREMMERTL NS THUTEA T EROKIE, BD
BE—MINE, BRI RIE— RIS NIZ R EIENF

m 32 (reward): E I RERERF B KE— R IZHERMNIAE
FENWES. =, KM SRR FIETNSGS, —
AR FIEERREIPRE R REREIPRET.

[y A

s SBUF SISO FRERATESIMERERE

SRR N EBRE S AR X —REEAEFE

i ek 30 A e I - WIBRKG: gﬁgﬁg&gﬁgmzéﬁa

ARBEI5T FRORREY

Sy — n EERERP, SREAMRIERIARRgIERE

—AEM’E EEERINENS, SREMERE

TR BRI BT MIRE SRS AN A

Ji’t‘*%f"% HIRERX L IR EHRE AR

R BER A2 A DENAX TR E AR STER B R S —
BAEBHELLZAL,

= BRI R AN L T AT,































































































































































































































































































































































































































































































































































































































































































































(5) I FH'E 7

R - —
EEE3
m FBFS (Transfer Learnmg) EVIL,\EE DEVED e Domain) ”
E%¢'+7§'JE9%D»” T3 S EUHE B A E S HER It (Target
AR, AR

» FFENBEFINZORLR: FESEREHNEELSH. 572

= ELFRARSNAY, X—RIRERKZ, EEAEIG=AHE:

- BUERRERENR Biriain iR E (BT P, FImRERFARD)
. Eﬁéi)lléﬂﬁi%ﬂiu

- DTlRBIERR: t%'iﬁﬁ\ UHEIESHERA WA "BRREZR" &)
E: E’Fﬁﬁi)’lﬂ*;ﬁ: NAT "WRER" REEERRE)

> (ESERER: RIEFSEFES AT (WA "BEoR" ESFEREE
. HiEk "EfsoE" E3) .

Y3

u ﬁﬂ'tljzan__l (Feature- Based Transfer Learnlng)

n [ SEEFREES) (Parameter-Based Transfer Learning)

- BSFEES ST L EHAERAY (HEHHT) , &
(e SR S BT ANDIA S, BB TN AR E R

£y T m &SRR
SEHSREARNES, TIVQREE, coir o i
Fine-tuning
L 1&]&%#2} (Instance Based Transfer Learning)
> N =L FEAA_BUEEZN (%’*jjn_%ﬁzli) SHXLEFEA
9 ; *:Aﬁiﬂ -H-ﬁ ALY |£ =2 sl:l\:F
(D)% 3PS X
BRI | nea
= Ny
.—‘—‘, v e BEER, 2RISR m EXIBH128%S (Federated machine ‘
i }E-» T e I;_%ning/Federated Learning) MRZELED
S 2 e %%3 Cgen
Pz s P P j
- :
’w?‘\ vﬁ oo 0 vr‘\
i —m — |
R BIiRRE2 EERE3 e
D iy i g 178 5 | _sre cmmm st B
! - 1R B BHRAEL 2RRA
-_— ba— —wd
ERim1 ERiw2 ERin3 ERifn
. R A A A .
w f - KT' | (1‘ - [ ¢ f |

BXFRF>]

n (EAREEFHES

> EfYS: SE5ENLIEIEEEEKS, MES ID ESBRD. MAEMXET, WSHEE,
FF%HERER, (ERFEHAIZEN.

> IR SE5EAMUE)IGHE, NEEHERERIRSS, RSFRABEEREE
2 BIBLRERERERNLES5E S5EMSEERIER,























































































































































































































= HEEREES

> BRER: 25F)|GHF 1D EBRE, MEESIEERY. NE—XRITMER, A
FEHISIER, {BRFPRHERTE/N.

> 2R $=75 CINEREAXTT, &fFE C SEINEY, BRIARIEE ATIB;, ATIB
DRTEFBECEXIHETEER, HINEXE, FRERESEHENIRSG; A B 25!
HESENEER, CILSITEOREEES, &S AT B, AFl B EREILSH,

= ERFRiEEES

> BB BEMHIEHIFRES, BIIBFIXER. WBESXADE.

FIIE: ERRERSTEAT, BTSSR, BITRERER R
T B3B%3 (FL)

ERSHENE (NBE) LEEDD, REFEMHT

BETR.
fofh RRAARDMERE: RAHIRETN / 1%EEh, FEiE. RRESURS: RSEFERA, SchEing
2ot EXNE QNETEYE LERTHRER) . ;ggﬁ%iﬁﬁﬂﬂﬁ) . RSB RERAER, RAARF

ME  BREREME: S5 NREIRMENE, TEREIERER WEEME: SEATMURMEE, ERHITA)IL,
S W EROIRME (EEAK. 4 Be) APOR PORSSHEMNGSE HUHE 5 "8RG | B9%
SRES. 8 (FEROHEFD) AEPOTIA.

BES | EERSE (RIEMERRGEIE)  HERsST T | EERSE (MEREENUSHEN) | HEEAS RS
IHER | ODIRSES (RLESEHRE) . ¥ (25AREREN)IE) |, FEROESD.
ES








RN EPRREE ¢
)RR %,

® M- SRAS AR G s A AR
© 13- £ 4n BB A FhU TR AR,

— R
1. error(R£): FIENLRIUNAEEFANELREZENER
e training error G2 £): I BAEINGE LR E
« generalization error CZ{LiZZE): EFHFHEAR LR E

2.

2. error rate ($2XK): 5 EHIRAREARER S AEA S HAY B
3. accuracy (FE):1-HEX

4. 1 BI4E (overfitting) :

S RBE (underfitting) : XENMGFHAN—BIERHAESE

3. ¥R R4

1.1n practice we consider the generalization ability, time consuming, storage consuming,

oS0 LU e ST

7%%5@‘%#7# bl 7J 243 iﬂ%éﬂiﬂ]ﬁ:ﬁiﬂ?ﬁﬁ B3

Testing set . Training set

CHJFI)

2. ZREN: WRAERTRSIEELR, BFNRAFARBEREINGEF BN, REINEIRFEAR

ioi

4 %\ 35psRBEYT R
(> Hold-out &Y%

- Hold-out (¥ H43%)
AAEE: HRSHEEDISRAANLRNES, Lb—MEARIKES, J—MENARET
ESLISHRE, ATRFENRRE, FRZLREHEN

EREI:

o YIL/MIR L A9 % 9
eg Pl KT 2D BIRIFHEREGEB AWM, R MR (sampling) B9 [EFE 1555
ﬁ?f/f:\ﬁff TR B 25 FE B 69 RAE 2 38 By @%ﬁ;(stratiﬁed sampling) ., /%0t %t D
1THERHEMFEEE 70% HARBYINSHE S fod 30% HABNRE T, £ D && 500 NEH.
500 PRI, TAERHZEIE S B &E 350 NEF. 350 NRE, i T WEE 150 NEFIF
150 NRBI: % S. T PHREBIHAIZFIRA, WREMITIFE TG / MR IES 69 Z F i/~

ElRE,

« EOREAGHAEBNETEREGRSRETE, EEAGHEN, R

e Training samples/Testing samples=2/1 ~4/1.

d 3 on ? B N N ( 4) 1‘\‘1 l Z\ n ?P-‘ W{)Zaﬂel Evaluation and Selection

’ - N

1 Cross valiolati XX 4Bk . Bootstrapping (B Bh3%)

- Cross validation (38 XIEEs%)

| K38 RARTE /K % RIRE I TEERR/ARENRE

(D=DyUD,U---UDy), (DiND;=2) (i +3) FEIMEHRZADIEKHE R, EERHEOIIBIDAT, B TFRET —HMIHARTN

R, E ST FRIPAE AR AT A 893 2R 4 LD/ 5] A — 2 B SRR AR R [ M F 3R A i
Rz

E—ABARINFHFAART N ABN, ENFNERERART
RAVFEER R D SRR, HER HEM RIS, 8 F

Bt S It ASE ikl PR erh AR B B e e A AR Al Dl SR e A TR A Eal e T e B N3
























































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































| D | 2t
R
[0 02 [Ds [ i [D: [ D6 [ D: [Ds [ Do [ 1]
LEES EIREE S
[D:[D:[Ds[Di [ Ds [ Ds [ D: [ Ds [ Da ] — Wik R 1
[P 102105 [Di [Ds [Ds [ D7 [Ds [Dio] [0 ] —> MkSER2 |39 [T
5 ; : R #m
LS5

[221D: 104 [Ds [Ds [0 [Ds [Ds [Did] —> KL RI0

10 47 X XL H ik 7 & A

kIR ILEYEME: 10

EERFM: AR ERAMATRMIIANEL, KFRZIERFHMNEATFRNNSEEpR, &
LAPE R R B pIRKIT X RISTELE R EYHME

FI: 100R1047 X EIE

» L eave-One-Out \#B-33%)
Leave-One-Out(8&—3%)

| & BN — ;. B amARE, Skem

| nrrsrase s Auant £ sErTmEa
o ESERAL LR

o FERBELBRMERT, II%m MER s ST

e e b

Ll B WP/ TTITR 3 VS W) BESFUAR TV IRHIIRGRZT G/ R HI TATRASFE & 47 &

MRS FIN— LR YL AR RSB AGHm2E. B — BRI
BRI WED, B EREXRHT. 78 4 ET LR VI 2k
A FIE R, Rl E A LB R RO AT S As TWe?

“HBE” (bootstrapping) & —N LK R T R, B HBEL BBIRHE
% (bootstrap sampling) A%Efili [Efron and Tibshirani, 1993] HEAEm *ﬁ
*B‘J#&ﬁﬁD Eﬂ’] ﬁﬁ'ﬂ%ﬁ?‘iﬁﬁ% D’ BHABEHLA D FPhig—1

m%ﬂ%ﬁﬂb%ﬁﬁgﬁﬁ. B, D H—-BIERLLE D

FEWHI, 15— MAFERANHI. 7T A — A R, FEARTE m IR

PR AR ABOR BB (1 — L), DUk
mugm(u;i-)ma_moaes, (2.1)

BIE X A BREE, WIS EERAE D A 36.8% HIREA K thBLYE KA S D
L FRRATAH D' FEVIZRE, D\ D' F/ERIREE; X4, LR Emsia s
WA m MR, ROV H SR B2 1/3 19, ARV
SR LB REA R T-HR. XA RIREE R, 2FFF “ASMET” (out-of-bag

estimate).

FRVT ALY O] by i) BB E A R0 ST PSS

I NEREE: 7

OLAP%E %ﬁﬂ-‘ﬂi

L($:D)=m 1‘%0 IR

S b ar-t
%A%

1’error rate/ accuracy

o .. . ZX .
2' P re c! s‘ o h E ;113‘ Precision(Z4%):The positive predictive value.—EE| MR BERETHE — P‘R& é-k
I~ Recall(E£X): The true positive rate—% B4R 2 TRE|
vecall HXE ?
o R RRALEF
F- 2Xpxp T ZE R
PR gtaiibil TH [ K
I TP (FUEW]) | FN (fiffi)
B | FP (RIEWF) | TN (FH)
R FNRERS DRI
ELRRENEARITSS

R=r v
IBEEENE—IRERTINZES, 8 FINEEEFRRUAZEFINSIENEE;
FIEMNESLITESS, B— TR SR NZIBINEUELLAINEE .

B (precision) | GRS EEAIHERSEEBIp-TP/ (TP+FP)
B2% (recall) | HEEEAMERTEEASTRUSIRERELRI~TP/ (TP+FN)

ROCHIZ: 1#Ak%R: FPR (False Positive Rate) {EBH=ZE FPR=FP/(TN+FP)

YA\MAFR: TPREIPHZE=TP/(TP+FN)

BTRET




















































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































AUCAUC (Area Under Curve) #EESCHROCHETIETR, BASAERISIERSAT

LiEIRE, NBIREEBAR, ST HRF, EUAUCGHEHRBIF
RIS ¢
3o F24%7 1T) F A BYSE % PR A B A TR . B 05 Rk F k59 % 51

% 2.2 —HERMEHE

Py TR KA
FOoX | F1£

0% 0 [costm ‘

#1% | costio 0

costijFRH RIS ATUN A FiSAF AR

E(f; D;cost) =% ( Z I(f (®:) # vi)

x;€Dt
+ Z I(f (i) # i) ><
@;€D~
Total cost

A ARESTI A

bias({&R £): error from erroneous assumptions in the learning algorithm

NI FTEETEEE

2

1% bias*(z) = (F(z) - v)

3%
% Hep S S ER A ER S TN A -
f(z) =Ep[f(=; D)]

REERTFIFANBETN G ARLERNRERE LB T 2IFEEFOBEREA
variance(# £): error from sensitivity to small fluctuations in the training set

| FRERTRAANGIF OB FHOF IO EA—UB T BERDFTERO R

serlE) =B [(f(m; D) - _(“'“’)2]

eE
gZEDMm—wﬂ
























































































































































































































































































































































































































































































































































































































































































Jec

R %%
U7 Rey BRa R4

P AB):=PLAlB) P

PLARY= PLB|A P(A) &a*mﬁ%ﬁngﬁ
F‘AIEDPLB)‘ P( sw F’f% EVEEEUE | ‘lc 5 LRTT R
pLAIEY- F(B.) @ @
Fz%iwﬁ

Wﬁzﬂﬁ‘l n 1.

N x P(x|ei) PLei)
B 5855 IR :

Plerrorl x> = min [PCw\x) PLus|x))

L ERE 0} N
¥ PLwx)> Pwslx) A kR T IR w S ﬁﬁmuﬁw}%g\a@&m%vbm;h

P L wil %)< F(\w,p«) X 32’5 k79 we LR E S CP Ry R VT R
b i

a gr\z?xl’cw XD 4909

TR Pl RerBRok R

Yefe,coor . cul BRRY N PARRINCE RS
Xij 4 sk ¥ime; BRENRRK

Rici|X) = QZ,-N] [{EHED)

arg min R ¢l

06!1
3) #|+ ¥ et 50
1723 Y% JRroAlk (3 LR

PcdPle) . Pl [F oo o
Plcil®)= l“'ﬁ[;)_P'@‘ PLQ @Fu'\aﬂ

Bayes optimal h * (x) = argmaxP(c|x)
classifier cey

Pl 130 = Py LLPGiTen &Mﬂg‘b!i;;b
T AR PULO) & MUPe;, gLy BV

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, R R Lx- 12
NB optimal ! by F(X.\f) - = 6o e 2-6?,|
classifier "b(x) = arg max P(c, )H P(x; | ¢, )" /> }3"?‘ > el !
,,,,,,,,,,,,,,,, W N

f | D c)X.\
Plc‘.i)=:—2‘%\ \\%%ﬁ Pixiic): oy

a3 3R G,

EEERE:



































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































T ESHEER, IRETSHENEFAE (I45) iatild, SSMESEHIMRERE0.

XEFREEN, FRERA—ISERENER, S\ zEE—E rTieAE Mz HaR=RM0) |
R HIERTE (Laplacian smoothing)#i 2 0 7 iR R0 DR,

B9 XTSRRI RS

BieRiR: BE)ISEARAR, TRILIBEE AT, (BAILAGEERL

B3 S TR B ~ -

P(w-l B k) _ fEUSERERRAD, R Rw EMHEEGHARa
ilY = - e rp R A R+ ko

™. MLE %Mu\,mﬁ»ﬁ

——— e [

-Likelihood Given the
\
P(D.:0)=||IP(x:6)
va \1} I kA
n T RERERRE, BAERM, BR(ITEMBEEES—ENESEFER
Dataset

m flgn, HEEFTRERERMIESS M, EOMINEMRSHRA:

p(x] @)~ N(u,,E))
A ‘ T 0,=(6,0,,...,6,)"
B35 122052 $u iR E B AR O,
- MEEILUEEIS R, BISEAUSE (D5%) (O, FTLUSEE
i,
Log = likeli hoool (x3%ufdh) BTN, SRS SR T SR S
T\ P( 160) it Parameter Estimation.
d z X1 Ue
PLDd| 0c) = RS

LL(Be): 1‘73 F(Dc\@,,) 2— PL)lec')

A
LIl IR, ‘ fﬁiﬁ?@ﬁﬁm&“ﬁ
2 ¥% =

;-

N3] s
Vik (P67 = T[(g— e ® )
\ P
Lip.sd= In ‘-6.\»9' )
-_s_ln(é) Mlb?) ,—fsr
A 2
;-n\nLr>-nlnsz) 5 5 kicH)
2LLM,6%)
b“ :\;J-z‘% L)L‘I'P)
ol > n - 3 |
R g Y Fnte dggniaieo
,(\3,‘-(2.6))_ ~_L n Ri -zt-iz +):=n
T ap =Y H=nigH
Ll














































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































3. e E
s AE A ke (B3

- BREESHHIT:

1.1'Pa rameter Estlmatlon.

£ « , BZIEZ R
Tf“&%ﬁﬂ’]”ﬂﬁﬁiimi%ﬂ 89,
o B4

REMBFEANEASH (BIMEMRESSH) , BEESHOMNSHER

p3iJ: S8 é‘ﬁﬂ‘JE’JEﬁm@E E%ﬂx%UH’JﬁZISEEFz Rj,u\leiﬁﬂ‘ﬁﬁ@%ﬂﬁ%%iiﬁﬁ
Gri AT, 3 ] AR L g

SRR vt A2

- TIESH(ET:

LR S HBIRA AT REBUERIS TR PSS

EASEZERMEZCHN, EELMEIESE 9, TEHEIZE

REERBBED S,

« XMFEIRER:
Bl 5 ISR i O XETETF HAFFE XD ES

;’ifﬂaﬁ-%‘ﬁﬁE’\Jﬂﬁﬂlﬁ,?i@ﬁk{u%{ﬁvlﬁu@frﬁﬁfﬁfl'o o BABIAEIL

5 E
%Inlm'gx%

BEMMAREERDNS, B TR ANTL
o 7% %91 %‘\ —EIF, BHSHOBGEIE.
. ¢ O
BB X
- _ s NAERHATIEIEE. ARG RE 2100
RAMBINAARENN, EREERANOPRERNN, BLFEE N e BET RS HEENSHNELET,
BT RS, NARAANAAR AR

By < BEP
Al parzen B

2. Porzen '@

N -3 AR

The number of

samples in each
region \ The total

o

kn}N

N

=

~
=

—
I

/ number of ﬁﬂfgﬁ"i

samples

Probabilit o - . o i
donsity | RV Ry VAR BB RAR A B7IN)

estimation

BRATILAAAS MR T2 SN RS RERE A — R, EEMESERIEREASIEREA, XN EHESH
N —AERIEFREOBROESESETREA, MWEEREACIERESRONEN, RO RBEAHEASHRhEEBERnLN.
BEMNRIRAZEANEREETHRN, HasE ONREESHRY, XERParzenMAIEZFE,













































































































































































































































































































































































































































































































































































































































































































































































































































































































































































04 Decision Tree

04 Decision Tree
EX
—REH, —AREREA—AMBLE A, ZTTAREY S TS

o ME RN TRESER
o HAhEANE RN ET—MNEMMIR
o HMMRHNERSERFHRALELWKZFHA D 89HE A
o REMBENMMEIRE 2 I8, BRAXZBEBHNEZINATLE R, NEFISRFR#ITHHE

BNESEENHARESREBMENRNERPIUIBFHRF, R LBEH
ENEE S

o MIRG A B EANrH 4 A EE X —ADNHUE AT 5
o RENABHFZFALLTNT—NERE

How to Construct a Decision Tree
|i%,mﬁmm¢&%—4ﬁﬁﬁ&

AR R B =N R] B

(1) Which attribute to start? (root)

(2) Which attribute to proceed?

(3) When to stop and obtain the target value?

One key problem of decision tree algorithm: attribute selection

REMEENEARBE
o MFRERBMNRIRLAHRITLE, HEZBERATA
o XML AETE S TR
o fE1bY:
o YHIERBENHEALETR XA, TENS
o HABMENE, XEMEHAENFHARBELBREMRR, TENS
» BUALE RAFICATE R, KFHENRENZLE ST AR L 13E5|
o YRMILRBENERESAZ, TR
» BURMLE AR ATE R, BFHERRENERGE S FT AR %L 8935
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04 Decision Tree

J& M

SRR 3] B K 5 R AT i A R 08
FEE XD O ARRTHT, BMFEZRERNS IV ITESHREARTRETR %
Bl, & RESLERBRBRE

f& R} 2% (Information gain)—ID3

ID3 selects attributes according to their information gain

ID3RFEE S E 3R LUE B3 25 0 8 N REFF R 20 8 1

R M (information entropy)
EX: AR B SR ¥ A — R
B LATFEAES D 5B k BFEARBTEKEEIA pp (k= 1,2,...,|Y]), W D

{5 B8 .

Ent(D) = — ) _pilog, pi - (4.1)
kw_

Ent(D) 8BRS, MDA L E
FERBE=AERETHNITEAN:

1 Entropy = -pilog(pi) - (1-pi)log(1l-pa)

o MRAANHEABRTRE—INERN, FEMZEO (highest purity)
o WMEMAHERE, WEEKAT (FEE) (lowest purity)
o WEME, MESV/N; SEBK, BEBK,

B s B R AT X R MRHT USRI~ £ NERD B
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04 Decision Tree

BERBRYE o 7 V NTREMEUE {a',a?,...,a"}, FHEH o RUFEAE

D #ATRIGy, WPV MR, RPB o M4 R 8ET D FEE

B o EEUER o IR, idA DY. BRATATIR#HEN(4.1) wHEH T DY 1915 B4,

BEEBRARA S ZE R EPFEEEAE, 4234 AR THE |DY|/|D|,

BFEA S 00 0 34 AR, TRAT R RY o AR D 31T
RIS H “f5EM2” (information gain)

SN , ~RE
Gain(D,a) = Ent(D) — nt(D") . (4.2)

1 v=1
Lo #3%

WATE|D

—REfE, ERBHMA, NWESRERBMEaRITRILFIREF D RABK
ZPIERE

2
(D) ~ 3 P 19g,Pk
Training set A

o (2 j+i/ i |
@9 (& | "% W6 BE_FE B (73 94,77 477 1272 )

A L 0998
om | W WA WW MK
o | e ww  Ww MK B9 IS 12 2 CAY

DB hiE) k4 b 1o 13073
PiE g B0 Tar, 34 THELE T 5]
p‘[‘e;ir:jia):;m.n-.u~,/4-,/b-’1
3 -
Ent(P"): -(‘Z’I°ﬂ;%+1"j:2) =1
Ent (G): - § 09 %+ 35y 008
EntlD?) = -1 ;'-njjfi)uj;f x 0.7‘;3
" L. 4 _5 xoJz2
B |am| M oww  oww o MM ww %%Ent(l?ﬁﬁ*l*ﬁ”ﬁﬂ*q xolz
6 [we| s oww  omW FE @ g <0889 o
v |we| ws wa  me  mm ww =0 o .
T caran,@ﬂf)zsntlD)-%EE"ND)
=0.998-0839 zo.lof

RE | s W W MK B
WA ORsE W WM R B
SR | M WMm o M BN B
G | e W WE M B
9 LR MeE  vua A MM BER

1
2
3
4 A 4 vl W MBE EEE
5
6
7
8

10 W | OBEHE WM W PR K
1 WE | B MR WM FE
12 RE | B4 MW BN TE KK
13 WA | M WM MM MK BN
)y u WA | M v MM Me BN

T I B BN B D B B e He B B B B R |

gimil m—lbj :
Gain(D, R #)=0.143; Gain(D,#{/%)=0.141;
ain(D,4(##)=0.381, Gain(D, fiff 1})=0.289;
Gain(D, fift/&)= 0.006

ERBMSCENGERERRAR, TRPEEANTEN, RERENEIEEETEN DL
RSB XD, WRUIEREAREAELIZEREBHRHILKS, T REtraining set

3/10



04 Decision Tree

LU=

L e #ﬁ\

{{1+,2+.3+,4+.5+.6+.8+.10-.15-} l) | {7+,9-,13-,14-,17-} {11-,12-16-}
- or D2 03

D1={1+,2+,3+,4+,5+,6+,8+,10-,15-}

Gain(D, f4i%)=0.043;

Gain(DY, i 7 )=0.331; Gain(D1, i 4)=0.458;
Gain(D?,fii /%)= 0.458

ALBANE MR ERGRANE BIEE, UMEERE P — (RS BIER, KHH, &
AR EE RIAT LR RAE

R
WRBANUERSERTERN—NEYE, CERPABERRTBYE
WA THMRIER S B, XREZEM: “WS” BE 1T, BN

ERNES —IMER, BB RNAR CERR. R, ZHAHRERE
RARFZARE S, o BTREAHAT A 2 .

ARRE -

FRYE: {5 BN " BE B B % 0B MR Frim i

WRER-C4.5
EX:
The term is used to
measure the number of
The set of samples the values of an attribute
: . Gain(D,a)
in ratio(D,a)= 2
Gain_ratio(D,a)

An attribute

The number of the
/\ values of the attribute
[V(a) Zv =1

|D| 52 |D|
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04 Decision Tree
V(o) #r N B e ER{E, Bl TTREERERS, V(a)BERE BA
HERANTREKBRVWBRERMRT, FRCASHEEF TR EHERIFEBIREAN
FES R, MEERT —MNRAXNEE, LMRENSBMEFTREGE R R & T FHKF
BB, AP IEEUE S R & &0

WAL

HRERRMZIE AR UENEETFR
EARE: BOMEMFERAND XKE

JRHA:

o REMZEIF, ATRARERILINFHE, ERULITBELKEE, ARIJIEKR
KM%, XN RN NEERZEAT UK TIENGE B & 89— 45 = BEFT
AHFEHREAN—RER R FEINE

l FINDZACRE TR A BN IO F AOER R

PRI

M RERE KT T, REANEREMNFSAARITMEIT, & LAE LN TREHERAK
POZEREAMITRF, ML RIS H 4 BRI RARIE A R

23R -
e BE OME A 4 S sE 0
1 T MmN M BN
2 LR OBRE VMWW B R
3 S8 BE  WB W MK B
. 6 RO W EW WM
Training 7

set_J7| 0 ®mR mm wmm @W  PE &R

iy
E ]
=
5
B
&
i)
=
]
JE]
=
3 A
| T X T T | i Al i oD

£
an
154
=y
it
£
]
W
=
]
==)
=
=
&
5
E

Validation | | 8 SR REE b dEW ORI BN
set 9 SRR viR RM MM B

Tf T TY O | Ho e AR

Stepl: ETERIGEEN, ZeHUREMERTER R IILRE 4T
Step2: XZALREIE BOZALMEREZEAT (b 11 DABR E B B BT B

2, FAEIMNDX

éj\

o BEABTIS, WXL R/BIFCAE R, HEANINGOIEES 195 (SFIRS
B re — R R AR H P —28)
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04 Decision Tree
BB AR IR . R 4.2 MR TEAERTIXA B4 B RHEAT P
fir, MRS K {4,5,8) MEEBIHE K IEH, R4 MBI HER, T2, RiE
SEREEN 2 x 100% = 42.9%.
AR “BFEH” Ma2E, B46 FHES Q. @ @ 2 HEE %
5 {1,2,3,14}. {6,7,15,17}. {10,16} BIYIZRFEHI, B HiX 3 4~ 45 s 5 Fl
WARE AR R . “ER” L “HRIR7 . E, BRIEEFRRSH
{4,5,8,11,12} HIREBIRE 5 KRS, RAUEEREEN 5 x 100% = 71.4% > 42.9%.
TR, B ‘B #ATRI48 B8 URE.

Step3:E & ERBF X 4 R #HAT X 2 F0 T80 A%

“RRER=2” RISAT: 42.9%

. X5 T1.4%

T~ R MWHER XS
.

“Ei :QT” 3 ; \ " .
. Wi A A Bl AT A

XIgAT: 71 4% “HAF=2" RIHAT: T1.4%
Rl 51 1% 56 T1. 4%
S ETCY SRS M Mok S AR

=

o FRAPIERINEE, B 2E IR R A A9 SR B 18] FF85 Aol 3 B 18] FF 44
B

o HHAOTHYRINDBEREERAZME, EETTRSBUZAMEENE R TR, BEHEE
A E ST X 0 FTRE S B RE B 4R, "THE R R E IR FE

BB

A MR AER — B BHRERN, REBKR LML QHITER, THIEA
xR BYFA B M R v 4 R BB SR AR AL Z L BE 18 A, NG FRIE R vt 45 &

25051 T PR

Stepl: FEMIlSREE o 4 R — ST B B R EARY
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04 Decision Tree

A6, BIRRT
USUFEERS . 3/7=42.9%

LR E
WAAT: 42.9%

Step2: BRMEMNFHTHRATER, BEEELERS, BRATTNL R, HETRK
HROFIMAMLE R (RSB RLBIE P IR & LA # B label)

UERT IS UEEERE B 57.1% > 42.9%
PRl BT AL o

LS h L 0

CHID &> WALAT: 42. 9%
WG 5T. 1%
JG B A kR Ak

Rk “&i=2" RiEfHE
WAAT: 57.1%
WHE: T1.4%

EWHER: TR

Bk “wm@=9" WirEdEE
WAAT: 42. 9%

BEWHER: i

TR
o JaEAUREE RBLE R AR/

7710



04 Decision Tree
o ZALREAFEAER T I BOREM
R YR LR BORREMA T AR BB AR L (K TEAREM+B KM £
XFrAJEH T ARITE—ER) —EERNEERZIR

FIRIR AR
ES{EAE
lERﬁmi%#ﬁ%ﬁﬁﬁﬁ

C4. 5 A QR H LB TR IR

W AH -

ASSVANNY

HE—NBRMETa, KELRBRMHACHK A BRA RAMENEEE EA
Find a threshold Ta to change continuous attribute Ac to
discrete attribute Ad which has two values

A= true, if Ad <Ta
9 | false, otherwise

Yo E FES B
TaF B AREN A R, BERRLHE RS R BT AL SH RS

EX T [of, o™+ ARHUERERTF= RIS S RAR. Bk, XELRIE o, Al
CAEREE 0 - 1 P RNRER S RES

1 i+1 .
Taz{a +; |1gign—1}, (4.7)

B ] [of, oY) YR RL AL 255 fk IR RIS AL SRR, RATRL TR it
TR —RERE GOX BRI A, IR AL MR AEATRE AR A B0 14, Filtm,
AR (4.2) R i

Gain(D,a) = max Gain(D, a,t)
—max Ent(D) — > Eﬁhmuﬁ) | (4.8)
t€T, | D] £/
AE{"“:"‘}

ERGain(D,a,t) EAFAEDET M2 At—2 B 05 B, RAEFMEGain(D,a,t) HAH R

6}\5

AR SHEBBUHARNE, FHRE/MSRENELREN, ZBUETIEARENRLE B
% \E'li

BRHEN: —FRELBMATEEEAN
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04 Decision Tree

BRAEAEALIE
o Q0T R IR BT T AT R4 B M 4R
© IRFARABIALEDE i bro LA BRI FHRRAUT R Ead 2

WG D FURHE 0, 4 D D B D R o FEHBERIET
f. (L), KRR wfmp SREITR QY 55t mE o g
ATEUH {a',a? aV'}, & DY Fa D PILEY o EEMEN o° MBEATE Dy
R D IR kK (k= 1,2, V) WALKTH, MEATD — U, Dy,
D = UV, D°. BERNINEAEE = T —AHE wy, IE5EX

i

poLwed Yo 4 ofoti ATAEIIAFR breThly )

xeD w,

o : Pt A AL rely
Pr Z—EZ%w— ﬂ(ﬁkﬁqyﬁﬂr = 1.10)
xeD T

S aeiv Wa nﬁ?}@ﬁv\’mﬁdtxaﬂa@wmﬁ#

Sach Ve VPRaRr) G

Ty =

BT i X, BT S5 B (4.2) T
~iB4 A TE

Gain(D, a) =(;E Gain(D, a)
: ~ vV - | -t
— px (Ent (D) _ ;rv Ent (D )) , (4.12)
Hehst(41), B |

Ent(D) 10g2 Pk -

N
e
a7%:D=(2+,3+,4+,6+,74,8+,9-,10-,11-,12-,14-,15-,16~, {07 D={2+,3+,4+,6+,7+,8+,9-,10-,11-,12-,14-,15-,16-,17-}

W e%® W% WS &8 BB MB WK P Information gain:
T wa ww e an a0 D'=l46+10417-) &
DGR EEowe o mmo BB w5 0% D2=(243+7+8+9-15-) Gain(D, t43%)=Ent(D)-Y3_, 7 Ent(D?)
4 WR WA v BN MK R R 5 . . .
2 e gﬁ ﬁ: ;;lgﬁ: (514 i%g ﬁ wH: D3={11-,12-14-,16-} =0'985-(E X 1.000 + X 0918 + =X 0.000)
T GR ReE  ww P MM SR R
8 oR A wwm - IR =0.306
T wa e e mn & Ene(D')=Clog, >+ 2log, )=1.000
00 WR WE WE - FE $H T o . . « . JU .
1 ®A BEE OEE Me pE = PADX FAC S A C PR MR ASE BT AT & L5 B (AR T D) -
g e - 88 vm s 3 Ene(DY)-= ( log2 + —1og2 —)=o 918 N ) _
B ME ww oM we En @ DEA1aMEA, AR, 0l DRk mA1a;
15 BW o e da s o & 3)=-21 l 4 WFEDILE Z1TAFEAR, BAFEARMBE 9L, Bl ZREDI SR 175
Noun RN O s BT ene(D%)=Glogag+ floga3)=0.000 B i B L 92
v I DR V7
. 3 T 1 3 14
532 FHE(DP)=2 X 1.000 + =X 0.918 + - x 0.000 = 0679 Gain(D, t#)=px Gain(D, (%) = 17 x 0.306=0.252

o BENSBEM, WMBHEAEZBEM ENEARSE, WEAXNERBRTRS
o E?l‘izlixﬁkﬂ/\)% Ma ERBME RS, NPEXRIAS HBRENNHFE S, BFARE
F4 m PRIFAWX
o Eﬁﬂixﬁkﬂéy\)ﬁ'l‘é’ﬁa_l:é’ﬂﬁﬂﬁﬁiku
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04 Decision Tree

{0, W @ IR RIA T T4 8, BREABUEZE S5 IRIE(E ? X IR T4 A
RN 7, - wo; ELVUHUE, SRR IR —MREA LU [ O MR R A BRI g
FL .

BEARE: ER— AR R GRS R RN T 55 &

v oIS MEEAR) {1, 2, 3,4,5,6,7,9, 11, 12, 13, 14, 15, 16, 17}
Horfrs R8I (5MEA): {7,9,13,14,17}
E W (7N FEAS): {1,2,3,4,5,6,15)
BRI 31 FEA): {11,12,16}
v RS B EUE R A (8,10}

=2

Tt S Lkl

iH

[ {7,9,13,14,17,8,10} J [ {1,2,3,4,5,6,15, 8,10} ] [ {11,12,16, 8,10} ]
Dt 1 DtZ Dt 3
SRR T, RAVEAELSCLIR I LA AR BI=A 433, R
RIS PSR L 57 B (R AR, LOTRIR I =AM 403, FE A1 A AL
EENE *w,, 0,22 Il
L Do #AREARE . H47,9,13,14 170K N1, £ A8, 100K =
2. DA MEABER: 412,345,650k E N1, FAS, 100IALE KL

3. DB AMEAME N FEA1,2,3,4,56,15H9KE A1, FEAS, 100IKLE =

%ﬂ Ié\
=

o A RAEZ BN
HITRELEREITE
BARATE KR B TN SR LR AER
ERAE BRI MR ES
o JRIEMPITI R B9 5 3530 R PR B AF A
s BFAT, CHRAELRBEETNE LA AT BRER, XKL FE
RZ I HERA BTN TR
s UEINESHNELARVRLRER, MAERRSEXL T BERGRITHEA
4
R
REMTTREH I R EMEHE A
o REME “BITHR 89 MIRTEFE, B FPHNAMERSAET —N T 2L
#F, MRXE—EHNEMENQHEAT IMNRE, XINMRESBERENTEEETE, &
KA S B L LERNER
FEKAE “FEHER KR WY EES
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05 Support vector machine

05 Support vector machine
RS XFE
BAEs|IA

HEINGEARED, HXFINREANEEREETINEEDERAZRFULETE, ¥
ENEES: k=¥ r

Train data set D = {(xq, y1),(x2,¥2), -, (X, Ym)} ¥i € {—1,+1}

Any of these
would be fine...

...but which one is
the best?

WA FERIUADBREST (NN BFE” ENDLERERERN, RITHIHZAEEA
RiR] a8 Fm?

B MEREBRMTRSNEHEAEFE Q0B FE, EAZ8EFmxbllsEsmis
WA BRMN &TF, BELRSINFHEARZ RN R/INE R MR REKR-—-E &R A

X

F#HMm@E (support vector): EEBEBFEZRIANLMNIGHEASE (ARLTHRRLENS)
g (margin) @ JFL&ME9 28 80934 B 57 = X 934 FAE foh X B3 B o] 38 40 B B K50

EfRA/NG ZFFREMK, IR ERE BREE
B RENE—NER, SERAER!
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05 Support vector machine

Xy P margin

Support vectors 3

#FREIE

(BfRt 2 Mpad)
—EEZNRBEAE A RS | KT R

. summary .

; 2
mn —-||w
nin Il

st y;(wlx; +b)>1, i=12,..m

L(w,b, a)

min max L(w, b, @)
w,b a:a;=0

m 1 m
max L(CK = Z _EZ alajylijl xj
=1 i=1j=1 * max mmL(w b, a)

a:ajz0 w,b
m —
s.t. Zi=1 a;y; = 0,
a; =0, i=12,..,m

* Solve the dual problem , get the value of «
m

* Calculate ‘w and ‘b’ : w= Zaiyixl— b =ys _ZaiYixisz
i=1

iet
* The final model:
f)=wix+b= Z aiyix;"x+b = Z a;yix;"x + b

=1 Ofi:ﬂ

28

o RZ¥ai=0, FEIH(x)/= 425
o Fai>0,MAyif(xi)=1, MUHEHERASMTREARNGIREL, E—NXFRE

ZFEENO—NEEM: NEKRERE, KREININGERRLTERE, &
KRR RAXFREMER

R K
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05 Support vector machine

l PR IR B9 BT RAB AR B S 7] 29 B9 1R 0L

RIS F, BOBRREAREMETLN, #E—MEFERENFFRERSE, RifE
SEFRMES T, REEAZ RN FH R E—MNEER 2R ANE T E

* Datasets are linearly inseparable.
|

o] ©

* How about mapping data to a higher dimensional space :

2 .
¥2
. .
3
® e e ®
+ X

0

LS ey
A NRGZ R S| —NE R ERAFAEZ R, EAEATE & ST E B A KM T 2
%16 mRRB=EERRYEN, NBRMEAR, o —EFE— MR ES BEERT S

BREETIAN

A 2 h2
*‘%¢tx>}{5~xﬁkﬂfjﬁ=5%\ﬁmﬁﬁ. _
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05 Support vector machine

A% R B A9 ZEER

I 6.1 (BER) X WEATM, k() BENE X x X RN
BE, Wk AZRECS BN TEEEE D = {x,2,..., 2}, “BEE
BE” (kernel matrix) K &2 IEE K

k(@ z1) - K(x,xg) o k(@)
K= |«(ziz1) - klzs®) - K(@iTm) | -
K(Zm,@1) v (B, ) o KT, Tm)

RE—NNRREATT N BRAEFFIEE, CRBEEARREER

AR SR €
*® 6.1 FAEIK
£ AR KA X, o
KA k(i x;) = xlx;
2 AXAE w(zs, z5) = (] x;)? d> 1% %M k8

&AL K@i, @) = exp (— 2 ZilD) o> 0 A BAALEE F (width)
BEBEME k(g x;) =exp (— 2=2l) 550

Sigmoid #  k(wx;,x;) = tanh(Bz x; +60) tanh HREEMEHK, 3>0,0 <0

LA

I SAE S5 PAEFE R E & 3E R BUER VA B P LT, BMENS TS
T ENRBENEEREHEZ B P ERMET L, WREMNEX MU QN ERTEd TRUE
FIT3E AR Y

FRRAE: AT ZFFRENE LR EHE
RiEfg: AR AR R A RN

X2

RN : ERAERERR, EEHELRNFAKERTRED
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05 Support vector machine

Maximi ) Minimize # training samples that
DI WAl don’t satisfy the constraint

1 m
%fg‘ EIIWII2 + C(Zlo/l (viw x; +b) — 1)
7= TRAh B

L=
* lp/1-—-loss function M

10/1(2) = ‘[

1,if z<0;
0, otherwise.

C >0, tradeoff parameter; (€ = co =—> hard margin §

But l,/, is not convex, discontinuous (£ JEiE4E)

R — LR BERL-- R K

(’Seﬁiﬁkliﬁik—ﬂﬁﬁﬁﬁﬂﬂ’ﬁkﬁ’l‘ibﬁ, BERLAESKKEEINLER)
(=) 4
\
.\ JF
w
W bexp () = exp(~2)
- ...'\\‘____/
\\\ 5|
ghin '(?(Z) = lllaX(U’ 1 — 2) \3
) | fos(z) = log (1 + exp(—2))
1 [
(o) = L 20 _/ \.ﬁ‘_/
R I B herwism\ "‘.:'-"'I';'_":-:-_--_-:---.
| 1 . '
5 -1 0 1 2 2

hinge loss: lpinge(z) = max(0,1 — z)
exponential loss(§5 (151K ):l oy (2) = exp(—2z)

logistic loss(XF A5 K): 104(2) = log(1 + exp(—2))

LUE Fhinge lossZ8



05 Support vector machine
£ %m ninge ELR 3

M e R ARRBR
)'nlﬂ < wll *Cgmdx‘O =4, (W )‘A*b))
w.b -

TaERE e ¢ HARYA -4 RANRIIRIB TR

min, w3 RIFAR AT S T %E"V%E‘V’h}?“
'bg zlw
Y lwx.+b)>|- : - RiaPE

%7’4& \31%0 Gz Foem }#%m%%n)
i e

wix+b=1

Yizo: RidphaRimn)
= \ P PRIRE E 2 AT Y P A g LN
EIREL £2°5 8 R R AL

@ &i>1

X1

BRKRpgL2

Liw.b, m.g.p).-.% w1+ c%’g-. t g;otil I~ = Yi(W'xjth)- %P'.’g-,
®izo ., MHizo
Sl

S = llwil - 947 xi 20 > ws Fagixi Liw b, B

'a!';'-- é’rma-.-o —_ ‘1"(""'5”".) “J‘h"u %’Kﬂ*ﬁ R

[ e o 3

o9 C-OL;-P:::P —iunv,@duﬂﬂn) ;“J‘-“Jx.l"f'q'ﬁ ) “Jx' )

max ?‘0‘-1* ;ﬁ 30'.»0!33 SJA. -;Idl 'Lx':'“'u-' HIHJ)“ ¥)

s -

St %mg.- > 5RiRPhT ﬁayﬂﬁolﬁﬁ TR
losoia o fenzowmt  p-A B ATH 2R E RPN

KK 4

% xi V(X043 foAoli ok Yifix) 1=,
g;‘?,‘_:,;x' \ Bihat O % oti =0 B 11 F10 AR

CrotitH, ® Foiro. eitlxd:l-%i 2 > A A YRTE.

“ié"‘*‘””*iﬂw asahy Zoice Pi?0 ito xvm;:hz.‘m

Fi =0

it -1 v'g %o ]r‘_;:‘\!gaaj aize Hizo ¥ <) 4% Tedihh 2 ARAEP
%iz0
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Kiz0 Pizo —> iR AR
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06 K Nearest Neighbors algorithm

06 K Nearest Neighbors algorithm
E X

KLAREZBANE—MIEMEIE R [(TEINRE], HEIBEESFARAMNER
T2k

o K RREDEIBPWAANE ENBIREEFTLLE

o KE®mER

./ @
I. o J
\\\_. . . /
. - -~
FE:

K SLAREEBAR N ST A
5HMEEFXIEETR, KEFRFERSANEEEFEI—NARNBRI X R (R
f), EREEMNRM R E S A SRIER:ITIN

K-NNE AR A& &

1)@ 2 X
B R 8] 73 ;
BANSEREIE A (x1, v1), ..., (xN, yN), AER—ASNRAEAX, HLEENLEKE; z2—1

HDMF AR RE, y 25X NRES

BAr: RIS B IR A X TN #r H 45 Ry
FOMALM 45 H -5 MR A FARPLEIKAN I GRAE A

HWHBER:

pa=ab=
o Mt EHEBEE, Wy c{1,...,C}
o BT B EIZE (majority votmg) AR AEAR L BD b Lt ix 2 B9 K RIARES
NI
o M EEL (SLPME) XE, By, cR
o MNIHEFHME, AMRFEARD BRI AN T (E

N

o @
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06 K Nearest Neighbors algorithm

HRFRER

o BHK: FEAMAAANALE
o BEERE: ATIHEMARZENAME

BEREE

1. RKEESE M 7ZfE A Euclidean distance
ERJLEAFEY, &Fp = (p1,p2)Bq=(q1,9), WAEWEBLARNA:

d(p,q) = /(@ — p1)? + (@2 — p2)?

EZHRJLER/ZET, BEREARA:

A(p,q) = 1/ (01 — @1)2 + (02 — 02)? + (ps — 43)?

—fgH, FEngt=iE], EEARA:

d(p7 Q) - \/(pl - q1)2 + (p2 - q2)2 + -+ (pz - Qi)2 +---+ (pn - Qn)2
2. SPATEEE (RTATXEEZE) Manhattan Distance
ZYEE TS EEE R AR
d(p,q) = |p1 — q1] + [p2 — @2

—ARt, EnZEz=iET, SRUEEEAN:

n
d(p,q) = p—all = _ Ipi — gl
i=1

3. WA AHrEER (CZM2) Minkowski Distance
FNE p=(p1,p2,---,0n) F9g = (q1,q2,...,q2) € R" Z[EHIp MR T RHTEEER & X

A
n 1/m
(Z pi — qi\m>
=1

R A HT AR HEE X Am=1R2001F, H P o5 N & W SR

4. RIZMPUE (Cosine similarity)
KAZANEZRARZETFANEEQEZ BAEMNENE S, BN ITECMZBELANREK
Bk E

A-B B Z?:l Az X BZ
| Al Bl \/2?21(141')2 % \/Z?zl(Bi)z

similarity = cos(f) =

REMERR/S
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06 K Nearest Neighbors algorithm

5. XBAFEE (Hamming distance)
St AR NMEARESRAE LA — RN E
wAaER, CEER —ANFRF BRI F —ANFREME NSNS EOREK
eg:1071701 2 1001001 jE1B9RBAEE 2

BAE)3—1L
BAENZATR—RE

Features should be on the same scale!
eg:mm&cm-—-%—RE

— MR IESML
One way is:
Replace p; by zim = % (make them zero mean, unit variance)
Xm=+5" xm :  meanof mt feature
oo =45 (xm—x0)* ¢ variance of m feature
FFAEANAR

BHENFITRERSFEEZN, REFEFETDENEZEHRITOR

A .

o HFX

s BHENNREES

o BIFIR

o BENNE-ERAPE (RXIIEFINE)

d(p,q) = \/Z Wi(pe — qi)?
k
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06 K Nearest Neighbors algorithm

SR IFK
BT

gL, EHABELR, KMEBK, 2B EHBIT
SEPR_EREA R A FRAY
k=1 &ILB—

o MR EEXERE BUR

l\. ° ° e _hoisy sample A. ® ? °
° e ° °
° ° @ °
® [ 1NN ° [ 3NN
o, = . L P .
® a ) |
s " s " @
LN LR " ags
every example in the blue every example in the blue
shaded area will be shaded area will be classified
misclassified as the blue class correctly as the red class

o %3 & Voronoi Diagram

decision boundary

o Voronoi B = 8] %49 k& T H ok

o BNETHKEE—NMER, BETHRANTEEMNESZAANER, HNTHEHM
BEARNEEH,
k=N K% #

KAE GEAREE) ML XERNY

2 2 2
0"-. . .

Small K
AL R4 R E /NI, X8R5 R
MRS BFORRV AL TR, 1 x3PE
Large K
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06 K Nearest Neighbors algorithm
U EMEE KX, BERRUREFRE: REREENARSSRE N
R T FRRRAR TR ARBE

IR %
Holdout 35k

l HLEE % X % A R RN 5 S BusF A%

o FEXIL
o YA BN EIEL ATA
o YL%E (Hik 80%) FfoliE&k (&Hik 20%)
o ARAIOIE
o AINGKEFHHEARNIIERENEFARSHTION, NI R ZARE
o BELIF
o WEIFREME 0 FERAR K A AIITLRERK
o RV

o MEMERE, EMRILANRE EIREERAMRE
K-fold cross-validation

1. BERUS: BFINEEN D AKNDNRNMAT B F5

2. ZHEIE:
o &—# (Round) #%ER 1 NFEMEARIEE, FRK-DNFEENIILE,
o AINGEINGER, ERIEE EIHEAERE

3. RLTWE: BKHRRIEAEREIRTINE, FARRNRARIDERER

Round1 Round2 Round3 Round10

e ee0
Round4. 5. 6, 7. 8, 9

val_acc:  95% 87% 92% 90%
val_accl val_acc2 val_acc3 val_acc10

Final Validation Accuracy = mean(val_acc1 + val_acc2 + ...... + val_acc10)

Leave-One-Out Method
BRE —AMERMISIE, FARIRPTA A

1. WPARYE KAE: W&/ MEERITARKK, BiitEHRE

2. BARIEREAR:
o NHIBEFUEMER;, ARz IMIFTARERNGER, FUllz, FRE,
o EFUMFEIR, FRABRIKXN AV IR Zerr(k)m 1,

5/8
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06 K Nearest Neighbors algorithm

3. ERMKAE: FEEIURE (err(k) /NIKIE A AT ARERE

RE
T K2

o AR BRI
o 1-NNZESZFRR A ol R RAT
o DU R XIIEFH A RZEFFkK
T EE B K B R
o EEERAKRAIER
o RMEENEE (RREFANFHI M AEERZTELN)
LA EHEREYE, RARLEENFERE [J3—] FEERN, EREEREER

9&%{9‘2}\‘&

K-NNEUEE R B P RRK, BEXRERAEKRE S~ ERS
WEIDERIEER AT THIAN., HEZREREZZFLARLENELINR

o HhEE FE PR
o IHHEE IE R
o XAfEA

-
I e T = = N

14 5 24: 5*5=25 104: 5410=976 5625

o A& R
o YTARIE R AR

® Assume 5000 points uniformly distributed in the unit hypercube and we
want to apply 5-nn. (Suppose our query point is at the origin)

* In 1-dimension, we must go a distance of 5/5000 = 0.001 on the average to
capture 5 nearest neighbors

* In 2 dimensions, we must go+/ 0.001 to get a square that contains 0.001 of
the volume.

* In d dimensions, we must go (0.001)/d

MEHEEN, 83 5 MEMRHIIEE-SEIEX:

teansd = 1084, (0.001)Y10 ~ 0.56, [IPEB=BI SN —SEE; Hd = 208, IEEESR 0.9, H=iK

£ R BEM 2RR IREKR — XERET AT TSR FUENATL
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06 K Nearest Neighbors algorithm

WHBAR, RENNJLEEREANE
. BEERHNE
o EBHAEH A

%ﬁlé\
B

o IEREN. JIFRERR. ZTELHR;
o FFAERATEaRAA;
o FINABIELIRS B K EEHBK, K-NN HERSRLTF

B

o XtEnFE AUATAEBRRR

o MERMERIEGFAVEBIEEEEANTEF;

o B (FUN) FEE: SMERHERAERT(OMN)BITE (nRIFFEAREK, dREFEYE
E);

o H¥EET, FEHENESSES]

o BB TMARETRBRE (Z4

K-d Trees

k-d # B ARIE A logy n, % L k-d¥t B T &t d 4 25 18]k a9 83 =
RFRME . K-DWEEFEAR B 422 18] ML B R IR T AR R—FE =ML XK
%1

B RBES w6

BB WMHNE—BRETT NEE ST S

k-d WEZ OHIMERARR K ILARE IR "B ER" 8, k-d MEEKE B E R E RS
O(dlogn), KiERABHEREZR THERRE,

RUENTREE 5 NFE:

o axis : YRIBWQEILE (lnx =Xy);

o value : REIFEME (40 s1 & x AR ENE) ;

o left/right : &£ / AFH (RSB AS / ETRXE);

° point : FHRELEETFH (MHFHR), NAEAEXNAEIE S
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06 K Nearest Neighbors algorithm

k-d tree cell
e
s8
Je he
6
d e f
y e ® [ ]
2 b

s7

a ° C a

[ ®

s3 s1 A node has 5 fields

axis (splitting axis)
X d e value (splitting value)
left (left subtree)

right (right subtree)

point (holds a point if left and right children are null)

K-diRHi 32 RA2

R R BREE T MO8 FE, FHELEIFARMEFNANTE
RARTFH R ETEALARSATI 225

REMRE: ENBORE AR, EHAE DRI B RERN D B4 R)RF 8 R 52]
HPFLEBERENTFERRN AR, KERERT T SF6E

FZZ BRI (] R

o WEIFURANEE BHAT RIS

o MENMEEKIN., 7 ERAN, IR%EINFRELE
o RHE B9 R AT E

o BEFZLEZNPAE, HXENF R

k-dREILRIL BRI K
l k-d Tree Nearest Neighbor Search

o BH)IFMEW RFTERN R T
N k-d WD BREEXS, B)TRANEH, REGERQRLET R AR TR
N R

o EERERFTRER EITAT R
rRE (EH) EAROERZT, RESNTFHN — REZFRETNNZE KR, AR
REFELL LRI BT RN R, X NFRETIE R
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07 Linear Regression

07 Linear Regression

B3I
EESATA TEITMAES MU EZRNRR, FELHFERE, DOERHUN A HE
o BESHE—ANESE TR

ok
RIBFMNENYEE
o HpEYT

o ZtEY3

ARIE Har N B Ao i HAELAY K R
o KMEY3
o JE&MEEYS
M EIER
X
general model:
f(z) = wiz) +wy +zy+ -+ wgzg +b

wl, -'152, Tty wd*$$ég¢%fﬁ
W1, W,y vy wd:*XE, 1$fﬂ$ﬁ&¢$rfﬁﬂ/9§%'l‘i

vector formal:
fl@)=wlz+b

w = (w1;ws;- - - Wq)
z = (T1;22;- - 5 Xq)
AN F-
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07 Linear Regression
PARIRILE S

training set:

S1: HJZ=6, HiBt=5, TH=120. 551r=100
S2: #Z=3, =1, F=100. Fi=200
s3: KéJE=16, HBt=8, MMif1=200. J5H#r=120

bW|+§W3+120W5=‘DU Wga
3w, +I W HoWsz2p g ‘—5[ b > Hap4 FJYF%
16w, T 8Wst 200W3= (20 Wa 5

T2 = @Xaps b gz ¥ C xR

FAF A5 which model is betterD

oWy . % _
!4 EX$$43”11§+& ME'%EI ﬂ:ﬂ L () =022 +0.5 x5 +0.3- 250, +1

8 (1) =0.1- 2, +0.4- x5 +0.5- x50, +3

aknown data:#g/2=6, MiBt=s, [ifi=120, Fift=100 Fh:wifhs B hadane
modelj/predictive value: 0.2*6+0.5*5+0.3%¥120+1=40.7
model g predictive value: 0.1*6+0.4*5+0.5*120+3=65.6

model f error: 100-40.7=59.3

model g error: 100-65.6=34.4
34.4<59.3

model § is better

O A=E
RESS R/ IMULIR R FUNME S RSB B[R £ -—E

RN

SN $

least square method

EEPEST, TRAKRNFOEARNERBFNES EE(EZ BHRE

error =3 (@) - yi)?
i=1
f(z;):FUME
HsE
RNk
min Z(f(wi) —y)?
i=1

BB ARAIE e =13 8]

l single linear regression

KAgEwFnb

loss  function : Ewp) = Z(f(xz) — yi)2

217
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07 Linear Regression
min B,y

. basic linear regression .

*solve w and b

single linear regression:

m

E( b) = Z(y‘l - wT; — b)2

i=1

aE(w,,) ( Em —i
i=1

=1

OE(y, _
%:2(mb—2(yi—wxi))—0 J

—b)z,;) :0

new sample

Zyi(z: _j)
Wl i=1
) Z TP == (2 x,~>
=1 =1 m
1 z=1%1gz
b=— > (i — wa) '"i§1 '
i=1

Z AL MR

model : f(x;) = wix; + waxse + - - -

loss function: E

vector model flxid=writhb
mxldtl)
fx=

Wewi k) = pex| TR

X Mz o
- (:"l )(:a .
m| me . )(md !

Y=( Y55 45 Un) mxl TR =HARRM

@Aﬁ(d\(\ M|

Xm

1055 function:
= QT X)1y-XR)
=qw-mm-a‘*><‘ﬂ*@€%@

? o~

SR - O

STy -xTYt 20X W
XY Pz XW
?%&;‘L o
XTxw=X"Y
Fs (00"XTY

>)<<u: “> (i; :) mxta v 7ESERE.

[model: f(z;) =wz; +b }

+ Wyxiq + b
vector model : f(z;) = wlz; +b

= (y— X) " (y - Xu)

dri x)
mxldt 1)

/-
w
X ek
‘jER.m“

Eo- (Y=-X@) (Y- X@) <=y~ -xall

RS AR
oXo0) _ X7
00

a0"X) _
00

80" X0)
00

=(X"+X)0
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07 Linear Regression

*multiple linear regression:

dataset:D = {(x1,11), (®2,%2),..., (wm,ym)}]

1. substitute

[ w = (XTX) " XTy }

2. get

model: f(z)= Xab <———— newsample

AN ZEAET
SVMEZ R FE S fEw, b
SMEVVIFATE AR SMBW, b
e E5NRA%E
B
1. /NSRRI K R ER T R AR R N LA

2. fRATRES XTX ARTRETRMARAERE, AME (XTX) ' RBE
o FEARBFESET A AR, XD S MR

ISEEE

1. EAMAREIL B
2. FEARBAEBUNT RS

ridge regression & lasso regression

model: f(z;) = wizi +wawiza + -+ - + waxid + b
vector model: f(z;) = w z; + b
f(z) = X

loss function
HEAKMER)T:
basic linear regression: E; = (y — Xu}) T (y — Xﬁ))
ridge regression (V4 EY3):
ridge regression: B, = (y — Xﬁ))T (y — Xw) + Mw|5 A>0
lasso regression:

ridge regression: E; = (y — Xzi))T (y— X)) + Al@fls A>0

ridge®)3falassoE VI o] LARF IEAR R LA, =] DUAR R AE A Y45 AE B AR 38 A AR S50 ] &L

417
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07 Linear Regression

Norm3& 3k
SEHME ARG E "mEBERERENAN ) "HNiElE, XESEE—NE

e Vector norm M E3EEK

weR?

L,-norm: the number of non-zero elements in the vector

Li-norm: flw]|, = || + ws

d
+ ot Jwal =) |wl
i=1

d
L,-norm: [|w|, = \/wf + w3 + ... + w3 = (Zw?)%
i=1
Leo-norm:{lw]|,, = max{[w], |wa], ... [wal} = max{|wi|}
w=[1 2 -2
|lwllo =3 [lwl|[; =5
%Br¥su
e Matrix norm 4E[E3EEK
ridge regression
model: f(.’E?) = W1Z;1 + WaZ;io + -.. + WqZiq + b
L
f(:l:i) = wT:ci +b y

loss function: ?’&’}fm -

U XY (U= XR)* H“..‘l: X>o
Em = (y- 2@ (Y- XW) Ml RS AR

Y- XADTY- XD N w aX0) r
S Y-XADT Y-+ AN Lw 00 "

BEL Sy M) B a(g;X)zx
:szlX'ﬁ‘“QX*)}\l W ar

4 2EE ., a(ga§9)=(XT+X)9

XTI W~ X1 W=0
(4 2 ML) = XY anz
~ MI)-IXT"J
- Ptk
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07 Linear Regression
A RNIZBER
EVRREIE I IE B R R/ ARAME

3
4 Jf'*ne-;ni—.“]Ht!‘]t.‘:]”(e)

Cost J(O)

1

/ Jtraming(e)
-

Value for A

Optimal value for A
lasso regression

Least Absolute Shrinkage and Selection Operator (LASSO)
model: f(x;) = w1z + WaTio + ... + wWaxiq + b

{3

vector model: f(z;) =wTz;+b

£
f(z)= Xw
loss function: Eg = (y — X)T (y — X)) + A|l@i A >0
d

lwll, = fwr] + fwa| + ... + fwal = Y wi)
i=1

Lasso B3 & & 5 15 2| EuAR

e MR ENERERMEWPARLITERO, REIKIESTER

B DA SR ATHFAE 545

LB EANFEXN R Ewg = 08, BSREXMF LTy (BINERNEIMNMHE) N EAES
rEE

PE XL

AEA: lassoEVIE X Z 52| AR
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07 Linear Regression

. lasso vs ridge regression .

Lasso HI a0 1) X S ARAFERAR, EEARACILRR, JLORARK o A - ST
f5e e, TEMITT BL A R 2de 22 . THEﬂﬂﬂ%Hmlwmglﬁ%,
—ERARE R AT, KRR ISR S SRR, i

SRR E SRR

HE A

7N\

e ridge®Ifolasso®E I 7] ARG IEAE RIS L&
o AR FURE A B 4L BT AR I A ARG a] B

717



08 Neural Networks and Deep Learning

08 Neural Networks and Deep Learning
AL HE %

l Artificial Neural Networks

M-P Neuron Model

[ x;, O———Ww;

Aclivation
Function
Output
Inpuls< %2 © w2 ‘ F Y
= I-"n_ -------- r---—--l— -------- 1
1
L X B ——= : Wixi—bl |y=f(2}1=1wixi— b)l
I
4

Weights

Activation Function
lﬁ%&ﬁ

A ER &R 2k

1 y:f(Zwixi—b)
i=1

05 1{1, S w = b>0;
= 0, otherwise;
2 1 0 1 2
05 f(;v)—{l' x> 0; e
0. <0 iDiscontinuous ;
i T et

M-P 2T TAERZZ :

oA x1 . x2 QBRI E w1 . w2, SR I0ARF0
2. xRt LR ET, BRNBERE (RAINERMEKRRH) &E;
3. RAMBLER y
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08 Neural Networks and Deep Learning

Sigmoid function

n
1
f(ZU"EiLi -b) = 1+ - (T wiz—b)

15 i—1

make neural networks non-Ilinear

Perception

BRI

l Single layer perceptrons

AEARLEM

Y

__________________________

wil w2

Input layer <—— Receive external input signal

BANE: ARBEBIMNIRANEE S
WAEE: B— I M-PHET (GhREMZTTAMR)
KR

o BRAMALR, RELEAUTHNKES

o YRSKMEMRIE: MRINKBEREAMET AN, BRANMNEIEE (BT ABRERRIMLSY
RixZ) —ERBKSK, HKE|EHANIEAR
RUFIHLBY R PR -
BRBANREES I EMA RN, &) TTREIRIE LM 2 89 53R

% B RAL

Multilayer Perceptron MLP
RRME: REFHEKR. HEREAR

2/10
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08 Neural Networks and Deep Learning

EXLEH

Hidden layers

@. Output layer
""" J

WMAE (Inputlayer) : BUK/MRMAIIFE (BhBEEY L), ENYERN—MFIELE
e E (Hiddenlayers): U Ti#HMABRAMEBEZ N FEE (AdLLKEeRa), £ MLP &
B —REANZRARBE, 1 MLPRSKRBELNEZMREE FTUE 1 BERZERK
Z)

MHE (Outputlayer): #HHFALER (AT R), Lo BEL0RNHME. @3
£ 55 9 FUNE

R

23 (Fullconnected) : &—ENENWET, HhL—ENMANETHEE, BES%
PR RS AR E

Ak (Feedforward): fE REMLTEE BRI — MNAAB-RBEWMBE, &F
PEIRBR R I 3

l EKiLE EREHER
% XA A
ETN ]
Bl BRYIHEFEAR ARSI, IHERFON LR B B IARE

o BB
o FENLAIEEIL LB S 2K
u @?ﬁﬁﬁﬁﬁ%ﬂ@ﬁxﬁ (Wl) w;,...,wn)
" URBNEETHIRE (ba, ba,.,bi)
o BWERR: mimPUN-HERE-RAIAS
1. ANSEERE: EINFERRLMENMANE
2. AiF{5#% (Predictlabel) : HENMABRRBE~MEE, BRIEAH “FUNIRE

3/10
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08 Neural Networks and Deep Learning

3. iHEHME (loss) : Ittt “FNAFRE" fn ‘AELHFRE WER, AMARREMLXINER
(EHHA, loss (EHHE)

4. RESEK (Adjust parameters) : #Ei R EEHEE, RE loss KRN, EREFNE
fomE (BArZiL loss tiﬁt&l\)

MAEMENZEITBREBETINEEE, TR ABMETIERENE, URENHREMETH
BfE, HAERNERRTRESEZERL

AN T

1. Epoch (IIL3R)

1 A Epoch = BEMNIGETER R, BE —NEpoch@ &L ANEN
2. Batch (#k)

TG EFREET My, —HhHwtE 1 4 Batch
3. lteration (G&fR)

1 /N Iteration = 14 Batch B§¥ 3% —K

B 1 A Epoch GEATREMIGE), REIERITE Y RIIRBER
EE %/ Epoch, ERRAERIEE ERIARE (Hksk)

SGD (FEAUE K T [#)

D = {(F i), (Fa, Gi)s- - (Frovo, o)} 7 € R, € B
> Split D into tralnlng set (800) and validation set (200)

ddddddddddd

€,
o © . i B %i (G — y;)?
@ @ Batch size=1
- @

Batch size =1: SGD H45 2 2 8HEARRA 1 MERRITEI L., EHSHK
BRREBE: BRE 1 MIGELR, HTERESIZRAEMENRE ARE
B BTFINEERSOONFELR, 1 MNEpochEEMB00 XS5k B #r

4/10
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08 Neural Networks and Deep Learning

BGD (#tEAETFH)

D = {(F1, %), (@2, %), - , (Z1000, Fr000)}, & € R*,§ € R
» Split D into training set (800) and validation set (200)
Hidden layers
@ Output layer
®— 1<
- 2
@ ; = EZ(Z/} - yj)
j=1
Minimize the mean loss of full samples
@ ® E B 1 800 E
"7 800
@ Batch size = 800

Batch size = 800: BGD M4Fa 2 EIENAA “BNMNGE" WATAREARITERL
FRITE: BEEMEANTKL e, BRINAETEREANRENMEE, = ;> E. BAsE
B/AMEA “eREARF L

EBl: 1A Epoch GERAREMINGE) RE1REHKESH (ALNSENRLERERE
FofmE)

Mini-batch Gradient Descent (/NtEREE TK)

D = {(@1,1h), (@2, %2), -, (Z1000, Yro00) }, T € R’ je R’
» Split D into training set (800) and validation set (200)

Minimize the mean loss of a batch samples

1 20
EA.:%ZE

Batch size = 20

Batch size = 20: S#3%AH 20 MEREARH /INLEB” iTEH &

MEITHE: EEZMEAS MERNTAL e, BRYUENNHMEHMEE, = % S E, BfrZ
B/AME AN E Bk

Bl 14 Epoch GEAZEANINGE) FEMS00 = 20 = 40 REEREHT

BFHSH

Gradient Descent

l BE TR

BETROAFE: BERIKTRRROTR (ABE), EFRESK, EIRBERIME

5/10
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08 Neural Networks and Deep Learning

Gradient Descent

O What is gradient ?

For example: j‘(HU,Hl)L(ﬁ ﬂ)T

00y 96,

O The gradient Vf points in the direction of the greatest rate
of increase of the function

O —Vf points in the direction of the greatest rate of descent of
the function

Y.
— — 90<—90—’787j

minimize (60, 01) = |6« 6 —nV[f(0)| — (9)?
[ 01 — n—

10y 776‘91

Update weights and bias

Hidden layer

minimize loss function

!
1 .
E=§§ (yj_yj)2

Jj=1

Update Parameters:

R (e

BRI%AE 39 A £ ik R FK+sigmoid K 21

6/10
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08 Neural Networks and Deep Learning

| P sakoaR)

8 E
: az =Y wiyn 2 WP
3 k=1
/ l@_ﬂ,q_ 5 (), S >
3= flas—by) 1] *@ 5
0 pmo™) U= §UpB™D BT P

1
i Ba = -u‘:;"h, _ P
¥ ; - /’-i: G- 'ﬁa)
;Qz%hla

l (s i = £ (B =15
- 3

#i“}-&ik”“ - %Z[gjj - ysz
© =l

d L)
4"‘3[\-\1&)( _qua‘ljj i Y
Hz

tti:], — zvﬁ‘ — 1 di Pl o0ty %
Waz 2 w;,,
Seibath Symoid ¥k
. 3k S b
~ - —=E = En >h
fix)= 3% ahs';,:,:_g-j ‘;.%;3 ha(i-hs,)
0= T (|-Fon _3
F00= £ {1-F00) 2w, =
J’I J ~ ‘-JA,"' ):-.m layer
1 ) e ) - !j‘jm
,‘)’2 = Zu.?‘j‘]h Ln:nh:
-1 - o ﬁ@ e f o %Z:"" —y)?
T ([ 2 Wy i=l
i = f(B — 1) e TN
i

sy

1] (2! "
— fl‘l._“ — fe: T H ,Il'_‘ «~ i —ng;h
{1} n, - i .
b b+ e B b g

v ny

E =

Lo —

w;

g
Z(y’ - y_i)z
j=1

= hill =)D uifly;

‘1 old weights

EENERFBENENZLRKBEN, AI—EORERSAIEESE
M, FIALEREENORER, BRAENHEM (BP) FIARNBEMKERE, &EENS
AT ARG E TR EHANITTE LXK

e 38 % fa N R BB /IME

o ZHRLRSZHMIBN
o REBURK
o FEAUESE T /&

Deep Learning
CNN
BOER

1. Receptive Field

IR EY

BNREE R RERIBERENEHNERER, AIAKBD FE2INGHES LK
M= ZTTEFTR R~ M2 T8 50 K%

7710
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08 Neural Networks and Deep Learning

FULLY CONNECTED NEURAL NET LOCALLY CONNECTED NEURAL NET

The same patterns appear in different regions

{

Sharing the same set of parameters
3. Pooling itk
g R BAT AR G5/ NE R - ER B AR D, (B E AR ARE

CNN&#H
l%*ﬂﬁ%—¢ﬁﬂﬁ%ﬁzm

RA=TER RN ERMESRME N LM

o BRE
o LR
o SEEER

bl

FULLY
INPUT CONVOLUTION + RELU ~ POOLING  CONVOLUTION + RELU  POOLING FLATIEN O rep SOFTMAX

Y Y

FEATURE LEARNING CLASSIFICATION

WA SWERGEPRANAETRE, ®AMANSBEER
BRE

1. HHREH:
BARERIE

8/10
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08 Neural Networks and Deep Learning

5X5 Image
Filter

(1} i 1 0|0 Convolution 434
214(3

ofoj1]1(1 If stride=1 2/3|4

ojoj1|1]|0

G & ARRE ~

Input: N X N Trainable Parameters

The value in filter (Weights 77} )

O hyperparameters
Filter size:F X F

Stride: S

when N=10 and the filter size is F=3,
then stride S=2, Output size =4.5

Output size = N-F) / S+ 1
2. 3B # padding
o EIN% zero-padding
o EMANERNRALRM 0 EEK"
o Output size = (N+2P-F) /S + 1 (hPiER~EMARBNENL% (ETA
#) Ny 0 AR

3. Wi@stride

H#:2 /7 :
12 8]0f1]2]3
S=2 0/1/2 30(1|2
J()1‘23().1 201 1517
2/3(0/1/2(3]0 ® [ol1il2
1/2[3]0[1]2]3 Tals
0/1[{2/3|0[1]2
30]1]12]|3 0_]
4. %BEAAREE
Input:5 X 5 X 3
= 4 Filter(3 X 3 X 3)
TR Three channels
o111 el Tl
olo[1]2]2 1]0]1
olofsfa]of---__ [°]1]0O
ofl1[1]ofo] " - 1
. Feature M
R - f eature Map
e 1]o]o —
o110
~~-___7Joj0|1
Biasb0=1 sigmoid
- Activation function tanh

o|lo|o|
o~

58

5. FR: BIRMEML (CNN) +, SREMMEAEMA2 SRENT E/ER-CSDNEE
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08 Neural Networks and Deep Learning

AR

MERS/NE. KAMNER

mean pooling / max pooling

3|1|1]0 O hyperparameters
O[1|1]1] stride=2 Filter size: F X F
21041 .

Filter =2X2 Stride: S
o|jo0|1|1

. ) Output size = N - F) / S+ 1
Max Pooling  Mean Pooling

3(1 5/4(3/4
2|4 1/2|7/4

No Trainable Parameters !

SSIE
o BIERE: MWALEBIERERE AT R EFAE L LIS MR RSMEANAE
o HFAEFEYE: LR Y TAEZESEREAMT HE LR, MMEER S DUHERE jnS SeE a4

fE, REB/NT T—RERARD, BtifRD T EERS ALK
o E—ERELMIERIBE, BEAEMRM
o MRRXE

10/10
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09 Ensemble Learning
FE X

EX: ERFEIEIMBHLEESENEIBREREIMES
—RREM: BFAE-RAMEIE, BEEMERECNS R, MEIZBEFE—
WA 8% S EEMN G BIE = £

Problem
Problem
e : 1T
Learner -~ -
Learner Learner | 7 Learner
o [RREK

o HRTREERMER B MEES E
o FBRERFHMZIRMMANELIE, HRNZIEEANEZI TR
o FEERK
o ERFTREAFARAXBNMIES R
FFE: P RAZERRE T EENEN

ERFBIFNER, MFEIBNFRAR, BIMREIBRA —ZHERNE (FIBFEXR
) BEARZMN (ZIREEAER)

FREIF A

|wm¢ag¢2$

N

o AMKEIBEFEBIKBER, WA ITERBFIIAE

o Boosting
o MEZEI BRIAFERIKBXR, *RBERNIFTHE X
o Bagging#nFEHLARAR

HATH A
Bagging

l Bootstrap aggregating
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09 Ensemble Learning

%?Eﬂﬂxﬁ/ﬂ‘iﬁx SFERARIISASE

e

WEH, EEEETEAIFE 2.2.3 TJﬁé‘HJiH{] EE’J%#& (bootstrap sampling).
WA m AR SR, RATEBENEGHE — MR B KR B
BEAU BB SR A, 78 T YRR ZRE A AT A AT Rt oh, 3B, 21 m
KBENLR AR, BRATVE B S m AREA RRREEE, WAV T MR A7 R
R L I, A MR L. B (2.0) AT 40, M1V 44E b 4 A 63.2%
(RIREAS BT TR S,

FNINGFEFERRBINGENO3.2%FEAR, FNERIRN36.8%FEARAEIRIEE,

R EBIRAEZTRERTNEMNINSRERN RIS, ETFESNRERININEE—NEEY
B, BEXBEZFIIRMMTES

TEXFTFUON S H 34T 45 A, BaggingR & N0 XS EREREZER, NEAESEREETF
¥k

Original Data set | :
J Bootstrap sampling:

' = random sampling with
replacement

\ Data set 1 J Dataset 2| -~ Data set n |
l \ — training individual
_ learners
Learner 1 ‘ Learner 2 - | Learnern

~. voting for classification
averaging for regression

(Ensemble modelj

BaggingiF &

o BEAMERMMATZ 4% BEFFES
o FBRXIMMEAE, ARELHBOREN, MEMLEZZHATRNEIRE LBAERN

RE
o BREMIREN A
FEALARAK

l Bagging®l— /N B

A

o EFIE: REN
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09 Ensemble Learning
o XKEMEIIGE
o FEATLIZEER mANMFAE A 2R A
o ZRMRLCRE THAR AR B B
BEALARARE DURSR g % S A9 Bagging R B ER |, #—5 1R MBI it 72
FEINT FEALB MR

Sk S R NER

o SIAFENEBIH
o SRMEREZETEL

Bagging process

Tree growing process

| 4 —_—
[?eel } LTreZ] \TreeNJ 1) no pruning;

\/ 2) m variables are used;

C.i'_:'_'_:::Cémbining Rule: majority voting > m=log, M

I S— ML e A E

EATH A
AdaBoost

BoostingZ —t& "8 F I BR_A NBRE I BWNEL

TN EMREINGEEINEE —NEZE, BRE\EEZ I BRIV NG AR AT
R, EELRMEZYSMENINSERAEREZANELZNXE, REETRABRENERS A
KNET—NEEIE, mbEEHT, BEIEZIBNRERRNELIBENET, HLEX
TANEZIEMRE S
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training instances that are wrongly predicted

Original training set by learnerl will play more important roles in
/ the training of learner2
Datasetl | —> | Dataset2 |y - - Dataset T

r F 3

V

Learnerl Learner2 y

weighted combination

Bagging vs Boosting
Bagging

o BANER:
o EHFIB/ZEMEEIA;
o EFIBEHITERN;
o XA Bootstrap (BBIRAF) AR IRERIIZRERIE;
o /EA: BRERKE E,
AdaBoost
o BOHER:
o EFIBZEFEKBKR;
o AR BEILTI| LR,
o M ABRMANNEL M EIHAREAR) HHES
o fER: BREANRE (ZEIBE)

AR
TR

o MZITHAEXRE, BTEIESHERRZEAEERK, TaAZMRIRENGE LA
RIEIERE, MBTE MR RS S R EREMSFBOZM MR E, L2 N EIRURR
N — RS

o MITEMAEXRE, 2IFEEERBNTERAN, A 8RR RPN R BZ M RE T
REARMERE, MBENZREBTZEHRITE S, TREBNERETRRNLERE

o NRTHAERE, ELZIEFOELBRRTRAE S AIZ Y EEAMERORIRZE
T, ENEERAREZIBUNEELK, MBENLESEZNFEIR, B THNORRZEAFR
¥R, AT EATHI N
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09 Ensemble Learning

(a) it 89 R H (b) #E & B B (c) & T8 /R B

8.8 %3 BEATHMEAS @ % RF4 [Dietterich, 2000]

FEERA, B L% S R R Tk
= simple averaging

= weighted averaging

T : T _
H(z) =)  wihi(x) wi =0, Yw; =1
i=1 =1

—fEmE, EAMRE S EBMEEA Z AR EE R MR FEE, MRS BRI B A A
Bk
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¥EX
e
3% hi BAWEKFRCES {c1,¢9,...,en} E'F'ﬁkﬂﬂl'ﬂ—¢ﬁﬁ, BATH h?- EFE
Az LRI RN —A N ERE (b (2); hi(z);. .. hY (), 7 B ()
R h; FERFIBRE ¢; BRI
m majority voting (4%} 2 E$E2y5%: )

T
. ; J 1 k
H (2) = c; if g:l hi () > 3 A§1 g:l hi (x)
rejection otherwise .

s plurality voting CHIX £ ¥3% i)
H(E) = Carg max Z;'le hf(m)

= weighted voting CINBUG&ZE L)

H(IE) = Carg max Y w,h‘f (x)
J

7(8.24)~(8.26) B AT BRI A4 % ) 34 HAE IR B, FEFLSLAESSH, AFH
AUk 5] BETT R A R R B () 18, B LAA:

- RHRiE: bl (x) € {0,1}, F by BBFEA & BIRAAKR ¢; MEE R 1, FRH
0. FERARPRCRESR “HEHRE" (hard voting).

- BEE: h::(a:) € [0,1], HETXFRME P(c; | =) BI— M. FHE
MR BEER “BEEE” (soft voting).

M
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T —

CRE NN F-Fus

I
E=E

A= i w,A

e
-A

7 -

P .

e | (EEAEEM) (A BN
R [ 82 kUt J [ I S b J

MR SRR R, ZRRTEROR, AR R

ZHRMEE
EEERT MO EBRNSHE, FEMEIBNSHMEE
* Disagreement Measure (A&EE)

h; =+1 h,'=—l

. b+C hj = +1 a c
d’&Sz'j = — hj = -1 b d

m
d'is,-j E{Jﬁﬁﬂ‘] [0, 1], {Eﬁklﬂﬂgﬁiﬁﬂﬁ
 Correlation Coefficient (#1:Z %)
pii = ad — be
Y Ja+b)(a+e)(c+d)(b+d)
Pij MESECh [-1,1]. H S h; TR, MHER 0; F by 5 h; IEAH R ME
RIE, BN A, -
p IZEXHE R, PSSR MIA MK, Rz, MR,
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== Diversity Measure =

hi=+l hi=-1
« Q-Statistic  (Q-%iit&E) hi=+1| a
hi=-1| b d
ad — be
- nPary
sz ad+bc |QU| .. |p23|
« Kappa-Statistic (K-%iit&)
pL: AN /P KA
o — P1 — P2 HHER
1-p p2: A4 K BB AR i
_ atd R
P1 = )
m
(@a+b)(a+c)+ (c+d)(b+d)  KEX, XM
SN o
LR E

HEEREIFRABNERSHEROMEEIE, —REBEEZIIRE T I AREE
o BABFEARILHY

LEMBEIESE, TAFZEHRRNBETE, BHNAFRNEEFEINEE RO

RS 8, BIBFHEALBAE ZE T XHM%: Boosting . Bagging
MTARREEZIE OREM. HENL...) REK.
o MINBMIH

FTfaE RS E (LDA. SVM. KNN...), MutEtEPREETFNEETFE, &
TENEEFEING—NDEEIR, FEERENREBENEIE, EFZEFINHMEE

N BEBRXEE” ESHFERNME, BRERMERKEORD 178 BiE] 8
EHFEXEEVERMEKTUARBMERYD, WAREMERBNB LIS

o M RRILH
KRESHARAN SN T R KB FESRE RS LB LA
B3 %0 H 5 A EAMAZE S 8

o EIRSHIH
EENEEZMRBEASHEZRE, flnHmENENMETR 1
WEENES, BXMIRERRNOSHR, BT~ EEZRHBRANMIEI R
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10 Clustering
7E X

. BEBRIES

o ERLBEIP, NEHANFCERRAON, BRRENTRCISHEANE IR
B THAB 0 KA B R A

o BAREFUBETORAUSNETARETARNOTE, SATEIN—AE

EX: BRERERK—ANRITHENES, ERRA—ANNNRELZANANES TSR
fE AT R BB (LEIEIAE )

l HNARIA, ZHIE]AE X

BEEITH

HAUEEE: HUHEEERTEARMNRZBINAUEE, ®RADEETEARENNER
BEEITHE

o EEEMK, ARMIMEEUI
o PEEEILAPAZE b EARBUE MIEI K

OMinkowski distance N
1
. P35
dlStmk(xi rxj) = (Z |xiu - xju| )P
u=1
where, X; = (Xi1; Xi2; - Xin)s Xj = (le Xj2; - xjn)

O Euclidean distance (p=2)
O Manhattan distance (p=1)

Manhattan distance

x,=[2,1] m—)  d=(|2-3|'+{1-3]")!=3
x2:[3,3] Euclidean distance d:(|2_3|2_|_| 1_3|2)1/2:_\/§
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10 Clustering

K-means
AN ¥

o FMEMZERRKAMEALE A R B BUS
o HHEMEASIXKANFULHIEE R

o BFERR/NNEEROci(i=1,2...K), BRI EN N HE
o ENMESHENIS (GBEANEAFANIE)
o BRLERFE, BEEFFKSK (BT NTEE)

O For all green samples, compute distances from the blue
point and red point.
O Choose the smallest distance and assign it to one cluster.

®ee e o
.
.

cerate until convergence (the cluster centroids will not
hange).

. L d
* o ® o
. L) y . e
X e X
. . & ¥ i . 0
. § .
b e o . ® »
L] L]
¢ .. ' s ..
« ¥ * ){'.
o .
. 3 .
° .
oo . 4 ee .
e i ®

217

» Compute the average for two clusters.

: - Thr < HR S
* Re-determine cluster centroids. [2221F SN0
2 .
. .
o o ..
i L) : *e
:
X\‘x - .. . x * .. 5
& TR ® LY
#
ot - O.Xv\ = O.X
o &% X o e
. s
. .
.. * * '.‘. e
» I .'. o
. X - X e
5] :
x oy's %
(a) (b) ()
>~ > >0
* e ® g o ® o0
% % i e
‘..o et ‘..o
: Ot

(d) (e) (f)
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WA: AR D = {z1,2s,...,%n};
TR k.

it

1: M\ D HEEVLESE £ NMRERIEARIEE R E {p, po, - - ., i}

2: repeat

3 4C= ﬁu.'ém

for 7=1,2,...,mdo
ﬁ‘ﬁ#l’k z; SEWERE p; (1<i<k) WIEERE: dj; = ||lz; — pall2;
HUR B BT ORI ) R o BORRRRI: \; = argmingeps gy dyis
KR o; RIAMHNRE: C, = Cy, U{z;}

end for

9: fori=1,2,...,kdo

10: 1«‘|’ﬁ$ﬁgfﬁﬁﬁ ,|u'-g |C | ZmEC‘

1= if p! £ p; then

12: FHRNERE p, BHA
13: else

14: REFLETE W BATE

15: end if

16: end for

17: until 2 A7EE W) 3R
fth: RIS C = {C1,Cs,...,Ck}

B 9.2 kiK%

FE:
HEMEMN: B TR AAEANNARRE, SNERHGEER

O We need all possible initializations and get the best result.
O The measure to find the best result 1s minimizing square error E( SSE,
sum of the Squared Error).

k m
2
E=ZZI|x—uEII§ or E:Z"xi_uli”z
i=1

=1 xX€C;

EAFEIRK

FEER RN -

S HREBK - BRI (K-Means BARKEL, BEABAERIFUSHEEREFA4)" 69k
%, BT HERT xR A9KER A R AR 2K



10 Clustering

Comparing multiple clusters “The Elbow Method”

»

Distance

Function

(K-Means

Objective

Function) Best Number of Clusters

At the “Elbow”
1 2 3 4 5 6 7

BiTRE R

¢ AT
k k
pm(z) = Zizl a;p(z|ps, 2i), Zz’:1 o; =1
Hrh:

o p(x|p, ;) BINEIDENMERZERE,
o i, X BINBEDERBERER. WEEER,;

o a;: BB ENRER (N&E) , WEMBo;ZMA 1.

2. BfriEE (FIEHRER)
GMM Bid R i A B T R —SE D BRI

_ _ pml(zilzi=i)p(zi=i) _ _ ai-pm(zjlp, i)
z; = ilx;) = =
pm( J I J) p(z;) S0 0P|, E0)

s BN BA;,BTEINTEHDE (%) A=, 2 GMM Il "ERR" izl (FRFEWEYE

WoRE—Z MEEIETHRENME) .

417
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10 Clustering

DBSCAN
ETEEOREAE, WRERBRRREMBAI AN 0 REREARE

o ANIR: X x; € D, H AR EHAL D 5 o, MEERAKT « Mk
A, Bl N(x;) = {x; € D | dist(z;, ;) < €};

o 2%} % (core object): # x; B 4B E DA EH MinPts MR, W
|Ne(5)| > MinPts, W x; f&— MO0 %;

o % & HiA(directly density—feachable}: #Fai M x BB, B, 2
BOTR, WHK o5 o BHEEI:

o B F[IA (density-reachable): Xf z; 5 x5, = HEEREAFS pr, D2,y - ., Py
Ho py =, pp=x; H pip1 B ps BEEIL, R z; B x; FREWE;

o ¥ [ A% (density-connected): Xt ®; 5 x;, FAFIE o 018 x; 5 =; ¥H
H A %Eﬁﬁji, m‘Jﬁ? €I; —'3 €T %‘Jﬁ*ﬁﬁ.

AT UEBE, DBSCANKHEE X9 B % B "l 3A % R &t (O IR oK B AR ERE AR
FREMEEFFES. BRI, 5E MRS (e, MinPts), # C C D 2L
AT BRI AR R A TR

JERME (connectivity): x; € C, @ € C = x; 5 o; WHAE (9.39)
B KA (maximality): x; € C, @; B a; HEAIE = z; € C (9.40)
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10 Clustering

WA: BEAED = {z),20,...,z0 )3
4515 Z % (e, Min Pts).
o

1: VIO RES: Q=10
2 forj=1,...,mdo

B bt A, - BHN. (x;);

if |Ne(z;)| > MinPts then

KrE ARz, AL RES: Q=U{z;}

end if
end for
s VIEWRAEEE: k=0
: WA R Vi MFEAZES: T=D
10: while 2 # () do
ro|1: EFGECR VT AEARES: Taa =T
12:  BEHUER —/MZOM Ro € Q, MIHHEASI Q =< o0 >;
B Bl — A 13: T=T)\ {;}:@
7t s 14:  while @ do
L REK 15 HFIQ KA,
h—AM%, JIF 16:  if [N.(g)| > MinPts then
EZORE 1 i 4A = N(q)NT;
o L % 4% 18: AR HIFEARIMARAFIQ;
‘L‘Sﬂ‘g{ 19: =" A

' 20: end if

21: end while
22:  k=k+1, EREREC: =Toa \T;
1232 Q=Q\Ck
24: end while
25: return FERI45R

ﬁﬂ&': ﬁ?\k“ﬁc = {C], Cg, S_— ka}’

@

HH AT EZ O
PO

o L

=]

A
o -LEIEEHEBK:
DBSCAN i3t “&E" BahiRAlH0NKE, LEE K-Means ARFEALIIEK,
o TRIMEBMRHEERE:
ABEL K-Means ({XBEIRZIERIZEE), DBSCAN BEBIEARHMZIREIEE (IR, iR
%)
o THIREES (BF5):
B R E KRN ARSPARIC A RS, A RTRABE—%F
B
o RERTHEEERANIER:
DBSCAN K& &Rt “BESEHK (4hERe. B/NAEK MinPts)”, ERRAENEREER
R, TEREEEERATA .
o SFRERINX:
efn MinPts BUMIR N RELERYMEA, BLERANRREESE, ELEEHELIMRENR
gy

AGNES
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10 Clustering
AGNESK A BJKE ERERENBERREL %, SBEBEEFEMMEARBTFE—MBHRE
%, REEEioTNE—PRUERRANANREZEH#ITEIH, INBIMEES, HEIRK
B TR B9 TR L AE K

/MR dmin (G, C)) -meglli’lec dist(x, z) , (9.41)

B KBRS dmax(C;, Cy) = mega}éadist(m, z), (9.42)

PR davg(Ci, Cj) = 01 > dist(e, 2) . (9.43)
ICill Jlmec z€C;



1 BRI IE

11 BRI

B

HEEE . RIBEMER, MEXEPHRMILIEESIFE
HEA: BEETEAEERRTARZ HEMEIEN RSN BIEN 2
BrR&AE:

o ERRIKE
o BMFRETRERTAIAIRL

EEHE: BEETRLSRULEE RN FELENHERTR
o MFHFIEIRE I EE I H I B £ 2 5] &

iz E
l%ﬁz%ﬁﬁ%ﬁﬁﬁﬁﬂ

o MM BUERTIEMH. HBA,
o EEM: HIERTHFERLE. FATRFHREENL.
o —HM: HIERTHFERSBKR. HoRBK (REELKKEK) FARA—KE-A,
o BRRME: BIERTEB| KN EH?
o WMERE: BIEMIEMMEAR SN TEHE?
o WREREM: BUEM R ERE WM

FERMES
BIREL

o JRAMRKME., FRAREIIE. RA / BREFER. BREIER KR
£ EiEE S04

o BEZANMIEE. BIELA KRS a9 IR
BIEAE

o HEAM (RRAFELE)

o KEAH (RIKEE)

o BIEESE (ELLELHIFEFR)
AR RS BiE B RUL

o J3—t (K#IEREKIL—EH)

o BIRABERK (RREABFEMEZABERS, i FiK" 28 FF/ FF/

ZE)
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1 BRI IE

¥R R
RE

o B|ARE: SREABMMA. RO BRINELERENE, HXNEEREGEE
o RESESHREAENIEE: BEATOXRESPHREHLNER, EUYEBHENREE
ERRAR, XMAERESME
o FERYEAMREMA: FTHAMUEZI (RIEHIET AT,
o BEPBRAMRSEAE:
= &REE: HlwA “unknown” SFTHE—NEFBEFR
w BMMME: AEBMTAEARKNEER
s FIRABEMNE: AREABEANNEEMEERER (EEEE)
" REAEE: ATHIE (oA, RER) SFRNTUNE
o F|H BA $IE 8900 SAE R I T BR KR
n BREXH (GAE. A
 BEERMAET (56 RIRIFL)
o BFERE: BERE, MAKFFEE
o WRERIRE
BEFEREREWKE
BIEFANEA
ey €k LIbl
HEARRRME
" A MEAR—EK
o Ab3
" A

o ENBIEHR, BUIAFMAE

o ZEFEN "HHEFRTERMETR T HRURTR FAAGEHE
= EIE

o BWITVKHIEIE R E IR EKF LIFF
= REK

o RAFBREFR
= AMEERER
o RATTEEHBAIKE

W

F3& (Smoothing)” ZHEHMREIEFHRAE. FHIRFHMAIR
=, IHEE RN RSN E K om

o BFEAR—K: WERERFETE
o AARERA: fhEmsRAEKE
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1 BRI IE

e EEL
BEEBAA R DA

1. R
o REIECEUDANNEEAENXE (HEME)
o FAMBERBMNRK/IMESHRKE, KEIFTEN: W=(B-A)/N;
o REXN, ERWETRIFRESN, BEFESRSHKE
2. FA
o BHFEEEUMNDANDNKE, SNKETESHNERKERBAEF
o BIFBEBKRLT, BELAESLBHERKRE R
eg:

o Sorted data for price (in dollars): 4, 8, 9, 15, 21, 21, 24, 25, 26,
28, 29, 34
* Partition into equal-frequency (equi-depth) bins:
-Bin1:4,8,9, 15
- Bin 2: 21, 21, 24, 25
- Bin 3: 26, 28, 29, 34
* Smoothing by bin means:
-Bin1:9,9,9,9
- Bin 2: 23, 23, 23, 23
- Bin 3: 29, 29, 29, 29
* Smoothing by bin boundaries:
- Bin 1: 4, 4, 4, 15
- Bin 2: 21, 21, 25, 25
- Bin 3: 26, 26, 26, 34

RRYE SRR

EX: KBEZRBESHFA—NR—OFREE, FORIER R RIREEAEHHE R T A 6K
BMESS Fakbk :

o AR
o BEERERIRETEIE
o SRR
o MZIREKHE IR B L SC R 69/ — 5K
o M AR IREIEAE K
o E—IELEARERRBIFRTHEEEREER
o WEERA: RFAALE. TERERHE

AR R LR A
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11 FRTR R
o XFRIRBL: F— B MR £ AR F SR P TR R R & A
. THSHE: E-BHTEES RPN HIEM
o AR TS AR MG WA EAFAN
o BHk
R
o HEEIZAIBRIESI

o fB (x°) i
< (SRR )
Ak )’ =) e

o yHEMA, TRIEMETESEEREE,;
o W HEEBBEANE "SR SHEITHERTE" BT,

o EXMTMURERM:
o Bl WHEHNERSES SFERTHEFTEEXNE,
o MEAXMERS "AQ" X—SB = EFERRXEX,

= RREAEK R EK
o {HXFH (XHERRBRERE)

YN

Z? l(aifﬁ)(bifg) _ Eln 1(afbi)fnﬁ
(n—1)oaop (n—1)oaop

TAB —
Hep: nEHRAHE, AMBHIEBMAMBIIE, oafopsBIRBEE AR BRI
HE, D (ab)2AS5 BRI X IR,

o &rap > 0: ASBIFRX (ARERBIIEAMIEX) | SEMA, BxXiuss;

o Erap =0: ASBEEM;

O %_TA7B < 0 AEBﬁ*E*O

hHELE

EX: BREFIEENELERT
[) BHTEER

H¥EERRRYD, BRRFESREFELEMER (FRJLF4E

o AMEEMFEAM? : PIEE / BIECETREFMEK TB BEE, ERBEHREELEBITE
REFANT AR K ERN

o HIFEAFRRE:
1 BEAR: FIBRIEZNEE, 88
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1 BRI IE

o JINRE#
o ERAH (PCA)

B&: AOBNIRLBRRENEESE, RFREHENTIZER
o WE—NERAR, URRZEPRANERER
o KRBBIFERY I —NEEZENNZEF, LHLENE
R
o BENDPNEHKFERE, KIKSNERAE (FRE), ATERMKEE
TEAE
PRAEIASE: EE8NBEELTHERNIEER.
THHEMMOEER (BA) &, BIEKDS
BNRANEKE (ME) BXKNDNERLFENSMELSE
FROR EENE RBENEIEHET
HTERLSEHF, RRFIRERLS BIFZENRL) RIEREKFENL
B — ERAREBENERS, TTRIFHELRBEESE
X3E A T HAER 23R

o FHEFHRESF. LI

REME
o EET MRS NEMEMEFTEENRELHLIRER

o TREM

o FE

FEESEMAMN S A BEZRESHANER

= BMHSIBRRETHRALNEYE: AN EZHRRAFRRBEME
= RREBES ISR

initial attribute set: {A1, A2, A3, A4, A5, A6}
initial reduced set: { }

step 1: {Al}

step 2: {Al, A4}

step 3: {Al, A4, A6}

FHFRMNENEM;
o BSBESE-NMEMCERERSNT —MRILENE, KibEH

(@]

 ZFRMAR: ELFRTENBME

initial attribute set: {Al, A2, A3, A4, A5, A6}
initial reduced set: {A1, A2, A3, A4, A5, A6}
step 1: {A1, A3, A4, A5, A6}

step 2: {A1, A4, A5, A6}

step 3: {Al, A4, A6}

= RRASRMERESHIR



1 SRS
2. BEAN HouR THhEERA BUELE), 88
o E3GXEEKMERR
o BEAE. BE XH#F
o BIEBLARES
3. BIEELE
S RE A
o RN
o LM, HRFERTHBKBMER
o MEX REEIMEXEEZN AEZBESER STBELEX;
o FEBNTHAESEFRBEREK
o MENM:
3hE o 4 B S XE
HBIHMRTTRAFAE. B meE
AR ZRIBIZ IR AT BB 18] 5 25 8] B AR
& T #dE =T AL

BIELE
EX: BRERENGERBBERTHR, RO KRR

o

o

(e}

o

o B¥AHE (EYI):
o RIFBIEA IR, MITRBSH, REESH (REETREE), SFR®
Bk
o FEBEMAAE:
o NMREHIEHRR,
o FEXA: EHE. BE XHF

XM
BN HR—AVIMERsRREEMNIREN

o (EISIRSIAY H A TAL(S T BB AL 40 S S5
o BRI BAEMEOREMTE

o (RN RRE SR RS RAR 2

- EXRBEMIHAR, HlnnE R

£

o EEMANKA: SMEAPETHMERMASF

o TIREIRAF: HARTEFE, NEETHR

o AIKEXRAE: HEARZEYE, HREESEF

o AEXM: KRLBES, BAEN R Pbflimss (BIE2 XKbEEMEA S S REK
F—K); ERTRSEHE
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1 BRI IE

B kY8

eyt
o FREBEYE
o EWIELE
o BfEF 5
Original Data Compressed
Data
lossless

Original Data
Approximated

o RBEBELLHESRE, "Rl RARBEE
o RBEIEZABMELEE, REETRATMERBEIE

iz Fe e

D MR, KR -BUHOPFTRERI I —EHE SMNEENE—MTE
ﬁ&

o E: EMRBIFEBFHIES;
o BME/IFEME: ETEARBMHMENEE;
o BE: LREE (WBIRILAKRHE) ;
o F—L: KHFEEKE| BN ESTTE, B8
o min-max)3a—1t
o z-score)a—1t
o /NEEFRIA—AM,
« Min-max normalization: to [new_min,, new_max,]

V'=——————(new _max.—new _min.)+new _ min.
max.— min.

= Ex. Letincome range $12,000 to $98 g)g)qznormallzed to [0.0,
1.0]. Then $73,000 is mapped to  gg500-12 000 "0~ *0=0716

= Z-score normalization (u: mean, o: standard deviation):

V— [l
O
= Ex. Let p = 54,000, 0 = 16,000. Then
= Normalization by decimal scaling

\4
v'=——  Wherej is the smallest integer such that Max(|v’[) < 1

10’

v'=

73,600 -54,000
16,000

=1225

o HEL: 2% EIRFAConcept Hierarchy Generation
o MRHE: B (BME) BRERAER, BESKIECENEE XX
BMIDEZRHBBOEN T 5 L& #E, LHASNERELSE
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1 BIEFRE

o ML EME: BIIKEERMS (MFRHE) BRABEEHS WEF/ F
£/ EFE), BREIE

o WHAURER / HIECERITEENEE

o FWENABER SIREBIELER FERKEEREBBMAAE)
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12 FHEER S51REY

12 SRR 5 IRER

FFHEE X

EX: RTRRNEREF

« EERIERT, SEAIMSE, = 1,2,..., 1, SiNmSiEng:

m:ﬂmhm%"ﬂmF7

o FMFEMERE—XIN—ERIRAIXIR.

o DRESPRINANEMIDRE:
1. FHIEAN RIS RE?
o BURFTEMRIE, XJRAFMEERKER.
2. RITAFHIEREIR S V?
o YIRAFHEEIEMER, LIrPBERERRSIREHFE, BMPIEE "RIL" BUFHLE.
3. IBESERMSIER, WfAigitaes?

o I REM DR, —REAT, WP FAEXRIKEINOFRRIFEMR. $3Xd
KSEESIRFEDRHRRE, WEMMEN, YN PHRBTITMER.

4. SMRVEASFIIT 93 58RO IERE?
o SN RFIFEMER.

- -
+ 4

—_—

FRAEESE
RERE: SIE5M%, BAULETARXN R
BB AR, AHESE A BETA

ToRAFE: 5ESFEENEME
FHIE%ETR (Feature Selection) : MBETESHMEF S “54E5MX. BARMEX" BRHE

W
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12 FHEER S51REY

o — — — — — — — — — — —— —

Original
feature set

i Selected
i subset of
yes | feature

mEERRtr
1. 88\ JFURYSAEEE (Original feature set) ;
2. FEEHEE (Subset Search) : MRBSIEEFREREEISIEFEE;

3. FEIFfE (Subset Evaluation) : BEEI 5 ERFTHEIFEEREFENENE (FLISEFEXIN
AURELERE

4. E1EEM (Stopping criterion) : ¥ HRHRIETEEREEHEEXK:
o HARE (no) , IR “FEER" MHEMFIRIETE;
o EBE (yes) , HMIHEZRMNETEIFIAIFE (Selected subset of feature) ,

FRAEHRER

FHTIRER: RIGRNMBIMIAS, R~ — AH IR
PCAMR A (RIEH 22 8 AL 2 B AR X B R T, 152 H5 O S 3R E /0
SIS AR AE AR IR

B AR AR T AR S — AR R AR 915 B
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12 FHEERE S1REX
PCAmERY, HERHMEESTIEN T, FEESTENTERERGIE BN, FMEIEEEnEN, XEm 8
(@), 23, ..., o), HNFBEEMAUEEEMANEIESIN G, BEXm A n EIRERTIRAV R ERASIRE, FAEAIEM SR SE e
BiRk, (EEHIFEREFTEEAV. BBAMETOXn SIS n s R IE TR ?

HSEERERNER, BHEn=2, n'=1, EREBHIENTERER—4, RN TE. BRIFZRIE— 45T, SEUREENMEE
AR, BRI TRAESN, wiflug, BBARREESIENTIAFRRASIEER? NEW ERaLIEN, uitbuslf.

0.6

“ (u.
0.2f ‘IJ

ot

x

0.2|

0.4

0.6}

08 0.6 04 0.2 ] 0.2 04 0.6 [oX:}

It AubbusfIE? oILAERMEERE, S MEEERA SR EANESEBN, S MEEERASER I EE IR AE a5,

ERANEANEN A LT B, MIERRIR RS SRR MR TR R B, A A X ME T e AR iR s
7.

Kernel-PCAME R : ARR(E 42 8] h AE L MR R R [ 4% 70, Mt H & R E
R MRS NRRBORE BE N
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