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Chapter 1 Instance Based Learning

Instance BB "9 WER - E—BRBBBETAREE(E training data 18
H—EYHG  EYHEYGZEREERZPIRESHR label WIER - X
Memory Based Learning ° ¥ RHZHRFEBERUEHEET—EBAL
( generalized ) VR EZRE I ERIETIRN - BREHARANES R SE SR
(labeled ) AV training features EFEA—EEARNERE - EZEHHAVERTEA
R ALEEEE feature FIBLIE - EMPERBESNRER - CRIEEHEBORE

{82 Z B training data FIEI= X 1ELE -

1.1 K-Nearest Neighbor (k-NN)

k-NN & BEE £ training 872 - o] U8B —HES n & features AV training
data D R™ ZERE T ZEFERE R feature BIZEE@ZER T EIE n (@ training
data STERULAUEERE - Hob - k BHR—TEEEK hyper-parameter - M AR ERAENR
RIE k IR -

Y0l 1-1 - BK = 155 k-NN S E R BRI instance ¥ label fERE L -
Z{EH? Nearest Neighbor method © EK = 3 RIB O label voting W TURE « 15
e KA classification 45 - EM - k-NN B S FN non-discrete FITE
Al - EFEZEA neighbor label BORE A TV A FIIE (mean) SPNEL (median) &

RN -



Training instance . Class 1

New example
to classify

1-1  k-NN # R new example FITERIREE - [1]

B - BLERRAR k-NN SRABIEBHARATEEE (weight) [2] - KEBIEERER
LEERIE%E 5% label B9 E - W 1-1 - EPxAERFFHEANERE feature - x; f{FE
xB9 neighbor - ELE¥IFEH label y; - w, BEE - dist(.,.)BEHAT

iwye o1
>iw; "o dist(x, x;)

y=fkx)=

I 1-1 Distance-weighted k-NN AZ{ (The case where there are only two labels)

K-NN [E5@Ea ARAMEIFRENERIRA - BEATIRENGRESBN
EANKGELREEE®RE B FEBUSENERNE - LS ARPIA training data 1]
BTN ETRANMEER TR0 ETIERZISE TSR L - IEsh - 4
[EEB5T (curse of dimensionality ) th7E k-NN EBPRIR - FEEHRHNZHE R
BERADVER attribute B - 675 FLE attribute WULE B S EIEHEM -

Z &S k-NN BESZRHRE -

1.2  Locally Weighted Learning (LWL)

LWL B k-NN M[E - 'S BEE L/ training 812 - 7B lazy learning BI

< - EZEAN regression I - LWL F— MR regression A[E « —f%HY regression
2



HERR—& global fitting RY750% - ERERERERE N ( NRFBIRAIA/N ) BIER/N
AR BB SRS B weight ) © 28T - & 46 EAITER features #H training data
NEBEBZ FTEASARGEVRABEE - HEMS - LWL BIZ585 local fitting
MR - BEERAUFERE feature BRSZHVINIERSZE - MASEXEIIEEE
ERERERNNSE - [5][6]

NE 1-2 - S1EESx - AESy o BlZZ /& Linear regression AR T - DIER/)\
AR — IR Emx O EE LIS R AR S FRRIAY regression line © EARIZE LWL 12
I BRABERE (Query ) xE By RZ/VIG - BIZFMRIEMMITAI Query RIFHD
JEEES—15% regression line & - Bst&EHyr0E - R LWL f9#3A4 - EREZE

ARBIRGTRIBRREAY—IREAR -

1-2 (£ [&) Linear regression #1 (G[E) LWL B9EEE[3]

PIEEBRRETE S ¥ xHY regression linear B9 optimal weight 75 TAT 1-2 - x
BE query BIEL - x; % training feature - NfUERAx A 5P /0 R x Bl _EAY neighbor set ( O]

£X k-NN #2T{3} distance threshold WA NERZ )  K(.,.)NFEETE neighbor EBEE



89 kernel function - 8% %43 Gaussian function - ¥ BE& FRE - HE (H 1-2) 1E
¥ Z B4R linear regression FTAZIM & /N F 77758 weighted MR -

w* = argmin,, z K(x, x)(whx; — y;)?

X;EN

(X X)

—argmmz (w X, —yl)
wen N 27o?

I, 1-2 LWL XZ optimal weight TE &

ATEW weight w* 218 - RIDTLUK ¥ f&:Z query x B regression line
y*=wTx  {MBERE local HBITER - B 7 LEBENENKR - LUIT 3 HEE
A[E regression 73,AHY regression line: BE 1-3 2@ 1-5 P4 E L =8 training data
( . training data M BEEFRR ) B A training data ( Bl ) B - BEEERR

A[EHY regression line - HEFOJE LWL WRIBETRFT SR -

1-3  Nearest Neighbor Regression[4]



1-5 Locally Weighted Learning (LWL) Regression[4]

1.3 Learning Vector Quantization (LVQ)
LVQ A Vector Quantization(VQ)BRZ UM% - /M4 LVQ ZAT - AIHE

B—TFVQ EftE-vQ B2—EEMRENEE LARBEENNG L BENERR
REBEZZEN RGNS IR EMREE RBZRDNITETHRIEAN codeword - AL
FEBER N RET E—LAMEN - DT HEESNRREBEN 1 B codeword (AT
B EEYE SRRSO RURREEIRETER - [9]

Codeword FIEE & T8 2 4 Codebook ' 17 codebook R 77,578 —1& : (i) K-means®
(ii) LBG algorithm & (iii) Centroid splitting algorithm [7] = I E A EZ45RIER BN
51 & codeword - BUUEZMRIAIF2REZBAZLANE 1-6 PT7REY Voronoi diagram ( %3

HERERARE - REEP—1E codeword F &y, - B " Ey,EE—EIIE—F

5



By, s FEEBEME/NRFR " 2B EAh codeword s RUEEEE ) - B ERLEA
HERRENEN L - HPRESHF/NEEIRL codeword HEEEFNR—AFEH -

FrLL E =& 7775 BB unsupervised clustering B73)% -

e ——
-
P

Codewords

Voronoi _-
Region

1-6  #R 4 vector £ E LFTEI1ZHY Codewords BAE Voronoi Region

[8]

LVQ 2 VQ WEARABERAIE ZAEF0F STHIE label B (FTLA LVQ BR—
1 supervised clustering 73)%) » I B3 IERAAR L ERBEN TR —BF vector IR
codeword ( Bl clustering ) ° FUE - IEEFRIR LVQ WHEZRE W 1-3 ik - H
thxFRAE—1E training data - x;f$3F codeword - K% codeword HEIE - u; ()AL

Al xR EBRx FIURAEER - BIZEAIZHAERIXEIEE -

K 1 if x €i" region
Jivo ZE{ZIZ%(X)HX—XJF} “i(x):{o ¥ .

otherwise

I 1-3 LVQ ZBZRRE



SATM + LVQ PRI quadratic form BEAE¥RX outlier FAIBURKAIRERE - HLLAL
ARRELL 1-norm BUC||x — x;]|1218 + B2 2-norm IBANEIN Ed(x) = |Ix]|* WY

kernel W (X 2-4)P7R - HP o JLUNR 2 -

K

. .th .
e DI T ST IS b

vy otherwise

I 1-4 Robust LVQ Z B1ZRE

1.4  Self-Organizing Map (SOM)

SOM E2 K-means [E]EH—F& unsupervised clustering 73)% + 1HE 5 K-means £2
LVQ ' SOM H clustering 77/ EAE 0l M - SOM Z1E 1980 T FA R A A IS HL
FZVNEY 2 —  EYASEZHFHEEHHEEIER R ERE B E L
A FERYZRAE -

LVQ B SOM BIR "mFNEE | R NIX - B neuron R UEHF K
MR AREEFRRNERN . HEESZENINERS 1800 neuron HE—H4 -
WARBRBEMBETESZENINES - ILIERMBNEEEZE ( winner-takes-
all ) B9 T RIEHDH 5 #H - 28 - RIB—EMEEEENMR - BEIIFE LMK
MERIEA TAmEL ) EE BIERE®ZTECORE - BEBN@ETtE
—HEEMEBZRIRSR - E I Kohonen 7 1982 FiEH SOM WHEER 7 WE

1-7 RY[CIEE R & -

SOM = ZHmEEHAR - N8 1-8 nARMABEHLE HUEESS—#

B _AEZEE PRSI ALTT - ARIB training 18 - BIHENBETE UREE RS

BEBRRE—4Ma _#=ZHL  BREEEE LBAHEEENEERELLS



7% - SOM BV E 8 & T E B B training feature BEMEE - tn B BwBw e R - £
training 3812 P ZEF1S winner fRASTTRESOENN T EAMREN@A 4 HIF -
F—HHE w T initialization° <58 j & neuron BV feature 3 wy'j = 1,...,N°
E_ LRl AE D —(E training data x; € R? - ¥ winner neuron - ¥ 1-5
j* = arg min||x; - w]-||2,forj =1,..,N
j

I 1-5 SOM Z winner neuron SRE AT

Output

Input
W o) ® npu
é 2 =i

© 0 o o o Input layer

B 1-8 SOM EAXR&GHE [11]

F=LRZHw,; 1T update - ML 1-6 Fi7R - Hf + Ni- ()R winner B
JC j* BPOFTEIEAY neighbor set - ¢(, k, j*) L " Ek{E neuron B2 winner fH£S

70 j* BIEERE L FRZEEFMETHEERERE  EXNORN 1-7 Firm - EPaI

8



<2 k& neuron TE output layer RIS EERR - Z L= neuron 1 tEEEBEFTER

ERER - Hopr (0RSE ¢+ KERE - IJHER w- ¢(,.,.) & N-OEBR

BB -
_ Wk(t) + ¢(t' k!]*)[xl - Wk(t)]! k € IV]*(t)
Wit + 1) = { wi(®), k& Np(D)
I 1-6 SOM X neuron feature update AT
- ||he = |l
¢t k,j*) = exp (_T(t)>
I 1-7 SOM ZEBBEB R
BMLRIREMET_ - — S BEIERKRE -
i
(&)
1-9  SOM ZZ Neighbor set EF&£E [49]
RepARRIN 1-7 Wo?(HBREREEY  BEEFE SOM EIIRNBIZ

thit THEBI L B T, FEERE - BIEBEEER() = gy exp (—%) - Hep
WogmRmMHIREH - TRRNBERE - Z—HH - N-(OEXNLIERTE 1-7 89
T - AEMEIUERRE pattern S1E 1-9 - training B2 PEEBAZE/\IR4E -

1-10 =R 7 SOM FEIARATE : &F9% o X3 SOM A output neuron + W7 3E
#RF7R neuron BIHEAE ( ERZEARBMA neuron - RFRRUILHIEEREHE ) - &
5 x BIRRWBRZER (BRE ) FIMRLRE training data - TEE—ELERRS

9



L 7 E—{@ training data 4% input- M LR EC A B /0 &M neuron 1EZ winner:
15 & ZREER neuron —#E update FEELL input data Y feature - £~ — &2 5 Rl
EM A5 — {8 training data {F% input- ML FEFEREEE —EOLURIGZEE 72 1Y

WiEEE - B 1-11 AFINER Y SOM R output neuron HIBIE -

et S et
x
LA
x x

G A
\%D Y

~——— — — o

[

yF W  \

; | |"r J
- \DN/

[

A

1-10 SOM FI&RERE 7 REBIERTNEZ—[11]

1-11 SOM FlE@EE 7 RB(IERTNEZ—[12] - A FBHNEFAE

iteration RYREY -

10



Chapter 2 Dimensionality Reduction

Dimensionality Reduction T—&LEDEM AL RIAS#EE R GRS
B FREAEENTER FBEEnErCIBIEZER - BREfR D S HEERE B noise -
TN 2R B B E RN HERE -

PCA

Linear

LDA

Dimensionality

Reduction LE

LLE

Local

2-1 Dimensionality Reduction /3,52%1%

2.1 Linear Methods
2.1.1 Principle Component Analysis (PCA)

PCA EZBEHERKE BMHEIERM principle axis - EFIRIESHERIRTEE
L axis FHGEESIEREEE variances © #E—2K - Z5HE#F principle axis EF1FA
dictionary - BT IS #ERNREZEFRREENR L - 2O - REERNES
d # - BITJ3E PCA E4 k& Jd 489 principle axis ( HEFk <d ) - RIREENER
BB k# -

—MEFE PCA H objective function 2T, 2-1 - E Py, 3K principle axis - (v;, x)

KT, ExIREARTE - MH 2 LS L — v, 8559 minimize 1578 reconstruction errore

K 2
x— ) (v, x)v;

™ 2-1 PCA ZHEZEXRT (—)

Jpca = E
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H—1EEER objective function EFRRICEERAIERE maximize T ER
variance #1T\ 2-2 - EPo? R EEEE - v 5 principle axis B matrix form -

Wy A IR - N feature FIEIE - 1 feature 2 FESTHE normalization HYBIHE

Fi7R - HPCHER covariance matrix - 2 1E||v|| = 1AYBI1E T8 maximization °

N
1
0* = ) (7 - )
i=1

I 22 PCAZBERZRE ()  HEd v, xi, u1x B4 column vectors

v=argmax vTCv
veRrd Jp /=1

I 2-3 PCA ZHERI () RELEFER
vl =1
o 2-4 HEFOMSHIPRE

FRISEARIRERS - TNoJLA singular value decomposition (SVD) RIS R, - FEAHRY
BATII2%E [44] HIMIER - PCA Z2REZEEZEAHNIER - BUEZERE PCA W
— KIRERTER eigenvalue IA/IVRE 7 BN EZM - M E ARG eigenvalue B/
A component £ R AEST 3R noise AL 7 - E UL F IO LUR B =28 /)\B component
TR - BS—75ME - DL eigen decomposition Y75 UK BR T EE 1S ¥ AR principle axis

RUBRRE PR -

2.1.2 Linear Discriminant Analysis (LDA)
LDA £ PCA EAMGURNIEHETTE  BEEMA THR label IZ S
( supervised ) - EIItE LDA HY cost function @ " &/MEHRNEE | & " HA(EHE

BEE, REEMKRTH °
12



%5 VT aRHE LDA AT - WBESETRFETRNES
v BIREFEE -y BHE 4 @ columns (TFLEER - vix 28 E8WIA x K d
AERVERLL) - [jva||=1foralln HF v, 2 v B5E n {8 column* GRS HEZES -

mBERZ BB = v Tm AR AT RYETY - RESBZES  SW

RES B ERANSREY - sV RS A7 REEANERY - SPRES)
B EREMATHHNBREY - steveent R0 Y REBEMATIHH

2 - Bt - HHOIESE LDA ZAHARMABASESIN 2-5 - = 2-6 - BT
B HEEHTS BIMERFREANSRERE K ERFERABESENBZRE
™ 2-7 -

Swithin —ZS‘“””" ZZ(U x; —vTm;)(vTx; — v m])

j= j= 1lEC]
L L
Z T(Z (i —m;) (x; — m]) W= z vIstv = UTZ SV v=v"Syv
j=1 ieC; j=1 j=1
I 2-5 LDA ZKRERAEANBEER
L L L
Ghetween _ ZSbetween — Z Z (val v m])(v m; — v m})
j=1 j=1li=1,i#j
L L L L
= z vT( Z (m; —m;)(m; — mj)T)v = Z vTSPy = UTZSJB v=vTSzv
j=1 i=1,i#j j=1 j=1
I 2-6 LDA ZHRFEHEBBEER
Sbetween

Jipa = Swithin v Spv(wTSyv) ™t = v (S Sz v

I 2-7 LDA ZBRZXRE
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I 2-8 BLIRFIREEBHARNERES 1| WA PRRETHRAX(ERE - FMOJU
B2 EE TV PCA KRG HEERL - RSB RERMY B 2-9 - EIL
#EZE D eigen decomposition IAK#S X LB S Y principle axis B4y LDA RIfE -

v = argmax v Sgv
vTsyv=1

I 2-8 LDA ZEEZREERELFER

of (v, 1)
dav

=0 - 250 — 2ASyv =0 - Sgv = ASyv - S Spv = Av
Hoh f(v,4)= VIS v—A'S v
Il 2-9 LDA H1ZRE 2 Lagrange Multiplier

2R v WEE columns HER S;,;'S; BY eigenvectors: A A7 eigenvalues®

2.2 Non-Linear Methods
2.2.1 Multi-Dimensional Scaling (MDS)

MDS SERAEBIZFIRBIRIE feature ZBIRY pairwise distance 514 - B
= &o5A EERFRRIENH ZENERE  EAZRREERVERENER -

HMRES03E @ MDS B ZEE PiF B MARILHREHRREIBLK -

London Berlin Oslo Moscow Paris Rome Beijing Istanbul Gibraltar Reykjavik

London

Berlin 570

Oslo 710 520

Moscow 1550 1000 1020

Paris 210 540 830 1540

Rome 890 T30 1240 1470 G0

Beijing H050 4570 4360 3600 5100 5050

Istanbul 15500 1080 1520 1090 1040 850 4380

Gibraltar 1090 1450 1790 2410 60 1030 6010 1870
Revkjavik 1170 1480 1080 2060 1380 2040 4900 2560 2050

2-2  MDS 9 Distance Matrix[14]
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6000 1

o
? Raykjavik
@«
E
(=1
LORGC'\ A ,\i .
Pans Barlin Baij
2000 { ouganar & i Mogoow
Rﬁrre
sli‘ﬂ] |
o
0 2000 4000 6000

Dimension 1

B 2-3 #FE 2-2 ZHERPU MDS AHBRE _#TFHEERR[14]

— BT - FAF'E L Euclidean distance 1E 4 = 4 25 B D iy BA AV EE B - Eﬂdij =

BE— B2 . Euclidean distance Pt A 2 44 o] 2= I R FR & -

[Joc: -
ERHEENERSFEEERERR  Sam A AERERG AREMFIERN " b
Bt U ? EUE - BEGREHAERFARR - ST2B2EERMEL Dissimilarity 2K
27N feature UL Z ERIEREE - FRMEARLECIAVESE Dissimilarity #A1E -
Dissimilarity @S {{RME 2 BAOER SR - #E8I#RE - AN - Similarity
BERRMEBEL - SEREE - —REUI 2-10 WA NHEAMENE G - Hddg;;
(B3 E R dissimilarity - s;; /i8I & 8 similarity ©

dij = ./Sii + S]] - Sij

30 2-10 Dissimilarity £2 Similarity Bg{%

Bt BU—EHBERE 2-2 89 Dissimilarity matrix D - H entry &K Md; ij=

RIEE R REBZEDE RS Similarity FIAZZ - 10

||xi -

15



B=[bj=aj—a —aj+a]

I 2-11 & Dissimilarity matrix ##73 Similarity matrix

—AEAKER - MDS P73 % Metric £2 Non-metric fIT& 5% + £ Metric MDS #Y
FIE NN BE—& classical MDS - &% dissimilarity £ Z %% Euclidean distance 8975

& EZENHE M ZEREREER AL PCA 25 B -

2.2.2 Isomap
HE R MDS EE#ZEBPETIERAVERN - Isomap RIZ BRI 4R B B

( Geodesic distance ) 2R ##U7RZ ( manifold ) A EERE - EBIZRERUNE 2-4 - Swiss Roll
Dataset B —T@ N HE—MZEBPNERE - DIEB M —5R _AEARFTERAIEZIR
A% BAeEMETNERNREIEZERON - ERMESHE 2-5A B PR
B EERBARNAIERERERMEN (HEBER ) BIRUBEMMHZE T2
R - BR EAIAR  RPBEELEZFEEZERBPREDNS L —IFRE (WE

BER ) RSB RESMIRIIER - B IEZPTEM Geodesic distance °

I3

Isomap EEBINHEZ - EAMBSEERNSM—EAAE - ZOEXE
SIEHE H geodesic line ? BERVRATNHE R E - MIRMIESHBEMNER - AU
T BEMAE B AL feature Z BIAIEA R - RLZ Neighbor graph - ER1EEZ 0]
TEEERIM FL 2 EHIE—1R geodesic line A9 » 0B 2-5(C) A1 H2RAT neighbor
graph - B3 Z BIEFERY shortest path distance IFFEEREEB BRI BHNYREEAR

Z%:}_ o
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Bt ol kNN RS ER — E 240 iE B DL N RIESF 7S neighbor RURHA
EETTHEE vertex f neighbor #IERES - 1M & A 4% neighbor FY1ET 1 edge 18
ERUE - WIE—2R - neighbor graph FA5EAX 1 - #EZ OJ$X Dijkstra’s algorithm [45]5K

Floyd-Warshall algorithm [46][47] - 5T & 1El vertex pair B9 shortest path distance &

hall]

TAEEZR I Dissimilarity Matrix - M= 12 Dissimilarity Matrix 0] 54538 MDS JE& A/
ARRE—FTHEERENRTE - —=LUZ - Isomap HHER MDS R 2 &
& distance 7T

2-5 Geodesic distance 7 Swiss Roll £ ZEI8[15]

@

Isomap IJLAERIRFENE R HRENSHEE R - 2E 2-6 WHlF - B—K

SHEMITHIE R Isomap ETEEE  UEEBMEBPE frame 2 H—1K

17



Trajectory * BRE2IEM2 trajectory CIRIBT R PEHEEZRBRE (4K  BHRMENE

EENARBREBFRERT ) 2817 (=R ) WMEAREERE -

(A)

2-6 Isomap FERIR BEMRITH R EEERMZERB P Trajectory[17]

2.2.3 Linear Locally Embedding (LLE)
EERY LNE-MRAEE  RMERIRZEESEE—EHEFIBNE

19 - LLE AR B UHEEEMNERET Mk EEH RS NEE S ER TR0 " 435
HE NREEFUHEAGERENBEDISUNRE BRI ARENGEREHNT
EHEZTE - [5)1% 28 Swiss Roll Dataset BB F 0@ 2-8 - BE$0553IR LLE RUIR#MELER

HHE AL - [18][19]

18



2-7 LLE P E-HBHEIOMR ZEMAESREE[19]

Swiss roll dataset PCA

Kemel PCA LLE

"""""""

2-8 —TEPRAETT AR Swiss Roll Dataset EAIFRIR[20]

LW, A—EREREBIE feature B155 {8 feature 2 & 7% neighbor A sparse matrix -

Mol ESHEZED B LUER features ZERIBIHIERT W, 5T E LR - UL
19



EZRUWT 2-12 BY objective function » HPy, NFRi{E feature RIK A E 25 E AR -
HEELE|—4HyHES minimize 5718 reconstruction error ° (NI EFH LR 218
features Z BIMIRAAIE ZRES04HS)

2
argminz Vi — Z Wiyj
Y j

i

(=)

I\ 2-12 LLE X objective function

& LR E A& Matrix form B IBRIRH 2-13 - HPM =T -W)TU -W) -
0NN ¥ Y BOPR HI 2R 36k &2 degeneration ( £45 0 ) - B Lagrange multiplier 73
N E%E - BIRSHEEREE PCA ~ LDA 548[E - B eigen decomposition SKEFH]
R4 a0z 2-14 - AL - MM eigen-decomposition - M7 eigenvalue FAA M /NMEHE

- HPRI2ESFE eigenvalue ¥ FER eigenvector Bl BIRFME -

(Y =WY)2=YT( —W)T( —W)Y = YTMY

Y = argmin Y'MY
vyTy=1

I\ 2-13 LLE Z optimal solution

FOY,2) = YTMY — A(YTY — 1)
%=2M¥—2AY:0 S MY =AY

I 2-14 LLE 2Pl Lagrange multiplier 3K #2872

2.2.4 Laplacian Eigenmap (LE)
AIEPFIZRIAY LLE B3 — (B R ESE 1L E neighbor RUAREBARPRAEAY - L 1E

[RHANBEDRISEEBRGRMITAE - LE AIZBRRE—E feature HREAH £ &

neighbor features MHEL - WEPEAERBIE P IRIFSEBLIE R -
20



LE ETESHZER T feature ZEHY neighbor graph - #1775 )58 —ARHY
e-neighborhood ( EBBH/\IRefFHL2 neighbor ) 5% k-nearest neighborhood = 55 —75H

RIS LE neighbor RIFFE—{E weighted matrix ZEZRRUICHBUE - LW, 5

— RS j 1@ features 1HUFZERY sparse matrix - W92 FY 4410 BB Bl EL AT
Bl BB (T RERARL ) - BRI Heatkemel : Wy = e~ 1 L -

- Ht%A—7&E hyper-parameter © Et - 0F - B2 —TE R ZE2Z neighbor FF weight
Tz 1 GRS 0NN - EeERNPETW,% - AITDUERERN 2-15 /9
objective function - E Py, X FKEBifE feature IR EZEBERE - FEEKEI—Hy
BE£Y minimize %72 reconstruction error * ( AYHEEZE! LE B objective function R £

LLE Z&EW;;NEENUE )
Z(}’i - yj)ZWij = Z(Yzz —2y;y; + yjz)Wij
i T

I 2-15 LE XZ objective function

EM5L = D — Wf4% Laplacian matrix - LE BIZ2REIEME® - Bt - BMo/ESE
030 2-17 Y optimal solution - Bt - 7 7 BEGESE A trivial B2 (yE/&0) - WA

Hy PR

Zyl-le-i +Z yiDjj — 22 yiyiWij =2 ZyzzDu - Zyiijij =2y"Ly
i J i,j i i,j

I 2-16 LE XZ objective function

argmin yTLy
yyTDy=1

I 2-17 LE XZ optimal solution

21



@7 EEFwmMEE L - D& —E diagonal matrix TE{F degree matrix - WA—&
symmetric matrix f8{F adjacency matrix ° Laplacian matrix & FIiQ#ER Graph fE#
[21] - BB positive semidefinite ZF R EFHF M ( eigenvalue EARER 0) - HILLTE
L5 %% A 2K ¥ objective function SKA# °

EERERECS LLE WEER IV - W0 2-18 X Lagrange multiplier #2 eigen
decomposition FF ALy - BIfE eigenvalue RAAT/NMEEEF - HPRIEEIFES
eigenvalue ¥ &R eigenvector BB IREF O E -

f,42)=y"Ly—A(y"Dy — 1)

If )

3y = Ly—ADy =0
of v, 1) _ r B
Fy @' Dby-1)=0

I\ 2-18 LE ZLA Lagrange multiplier SK##:872

2.2.5 SNE

SNE (Stochastic Neighbor Embedding) FH Hinton, Roweis Pt [23] @ TNER
— B IR =458 RY 3 A(Embedding) © S8 77 A1 &4 2 IRV BN T EE B SRR 54
PERNIREERD . E@EMAER MR - WIFE R Ex, By AR - TER
xR DMNPLE - ;BZDEEREBR ;A neighbor - LREHBEX; - y; -
HESHNERNI 2-19 - EfoNEESHEEEN - ARER2HREEMY
AR MWRBB—EREZHERENE ( BEBEEAB/NNo; - RZAIK) - [23]

p— o — . 2
exp( 7”32’;‘1” )

p(jli) =

“lace
Sy exp(—o )

Il 2-19 SNE ZS#E neighborhood PDF

22



TEIlE - SNE {2 perplexity (E&EI ) AEZ1E conditional PDF P;RIES -
perplexity #/MUERZDMETRRRHNYREE - FRAEQTESLIEE perplexity £
5~50 EBEA - TEZELL binary search I HZ{E P FT¥ BN g; -

H(Pf - Epj|f]0g2pj|r

Perp(P;) =21 (%)

I 2-20 Perplexity ZE&H

H—hH EEENERAIZEES o = tZDEE 2-21 - LG ERERRAE R
73 scaling BESOZR OJBE— 2K

exp(—Ily; — y;l?)
Ek;éz‘ exp(—|ly; — yxl?)

q(Jlé) =

I 2-21 SNE Z{E#E neighborhood PDF

SNE LA KL divergence (KLD) fEAREIE p(jli) M q(li) MREERGHEEZE S mELR
FUFZEE - KLD @/ NMUFERMIE D fistE el - i KL divergence ¥y, R - ol

K ZIPRIK KLD B gradient #1T0 2-22

¢ =S KL(BIQ) = 3 3 plili)iog20)
: 5 q(3)

oC
oy 22“”“ = 4jli+Pilj = qi,) i —¥j)

(277)

T 2-22 KL divergence Z &

23



2.2.6 t-SNE
t-SNE i Z BETERL(1)#F SNE B cost function t 4 symmetric BIARZA (2)7E(E

#EZR P LU student-z distribution BV Gaussian « UM R0 IEH T

(1) #iZ2 SNE M KLD metric - HEKL(P,||Q;) # KL(Q;||P) ° L&A
{ERRE : B2 B B4 D MR BRI A B # A S BV ()RR AP () )
KLD 8K - BZ2ARER - FERMINEERTDBNSER - KLD 88/ - 5
E4{10 KLD AHETERE - thE L - SNE i £ MAEIRE local structure £ ° t-SNE
73 7 1F cost function EEE ST - BIZ M conditional PDF t4 %% joint probability ¥
I 2-23

e (=[x~ x[12/20?)
Sicrtexp (— [ —x[?/207)

Pij

_exp(=lyi—yil?)
Sk41€Xp (—lyk —yu[|?)
U 2-23 t-SNE #J neighborhood PDF BICZ#E ( — )

qij

BUKEE— LR Ex,% outlier 5 - p;;IFEIFE/\ - BHEEESy, £ cost B
T E FREIERME - AItmERNAG N2 2-23 #IP,; BT 2-24 - #52L

R - AIERRNANT 2-25 Fivs

__pjitpij
LY 2n

I 2-24 t-SNE ¥ neighborhood PDF BICZ#E ( )

oC
— =4 (Pij—qij)yi—y;
o, 2( j—4ij) i —Y))

I 2-25 t-SNE 4% joint probability BI1HE

24



(2) EREEIGEEZ AR Crowding problem * EHIMS - —EE m EZ=E P
FER/ 3K HEEA™ BRRESHEZEBEPEIIRIE P99 =12 data point:
EREEAETENBREPMEEE crowding WIRR - AAREEMREEEE MNE
A - Z—ESFWE 2-9 RIZHE 2d ZEPHIMOR - MRESHZBFE -
ZERIR var EERCRAETERELEERMAM L BrlsSHENEREER
crowding problem #E&E ° 5 7 BE crowding WFE - t-SNE EE#ERRPIRA t-

student distribution (DOF=1)1@EEM 72 - M 2-26 KE 2-10 -

dd il

2-9 [R#HY crowding problem[22]

-1
(U lyi=yil?)
= -
St (1 [[yx = yil?)

qgij

I 2-26 t-SNE #$1EAERY neighborhood PDF X%y #-student distribution

probability of distance

— normal-dist
—  tdist

o 20 40 60 80 100
distance

2-10 normal-distribution B2 ¢-distribution BYECER[22]

25



IERAEHREFNEYE  EMAHEERER  q; I LIS inverse square law
IR EA R EIZHIM AR joint probability 44F 2 scale-invarient B9 LE4h -
£%H t-student distribution [ - BERRTE B - BEHIE - AILRI 2-26 KEIZIT
2-25 - HREETEBIEKPAIEARN gradient 0T 2-27 PAZR/R - HIE1F gradient map
BRRAFIEWE 2-11 - HPIEW gradient fERES7] - ENHKERMEFRT]

o _

g v w2y}
o 42(!95,;'—%)()%—)';)(1 +[lyi = jlI*)

sz

I, 2-27 t-SNE 2% E

M 2-25 MALE - X 2-28 BHEHY gradient FEBEZE |y > TN ©

A 1 A 1 A 1
8 1 2 1 2

& 1. & 5

B 5 L 0.5
o 0 L PR g ]

Tcu LT E E

=] =] 6 =] 0
2 I8 2 4 2

E] 7] @

E 6 E > E -0.5
T 4 T b

z = 0 =

Q 2 = o

o} .} - =

0

High—dimensional distance > High—dimensional distance > High—dimensional distance >

(a) Gradient of SNE. (b) Gradient of UNI-SNE. (c) Gradient of t-SNE.

2-11 SNE ZE t-SNE Z1h [ E#[43]
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Chapter 3 Decision Tree

Decision Tree (DT) 2%} feature 1T —ZIDIEREE : {0 feature FHIMILE
attribute F 25 5 MRS BELIAT 5% feature 72 $REI ELFT¥IFERY label AUTGIAR B -
DT FRE2 &R parameter RIZ & node =R EEH criteria - B — supervised
learning FY73)% © [24]

IS BB ST AZ Information gain (1G ) B - =Wz 3-1 - EP DL
% data RUEES - D, U3 node pLA MR data £ 5 ° N UK data FOEIE + N, UK node
pRLUTFH data BIZ ° m BURIR node p/E N AZ/VE edge - ER/_THERRE - Al
m = 2 ° [()fUE Impurity - SRRERIPBEHZER - BRINKRERPE—RRIN
MERZ - DT WHIZZE/ARENI()ESERYEY - UV EZERE node p EFH
ERFEFIEBIG ()Y criteria f °

- . m \
IG(Dy, f) = I(Dyp) — \—’I(DJ-)

Jj=

I 3-1 Information Gain €& (% D, A Z& D; B information gain)

HRIONERBFTZE - 1% 3-1 sl - Z label HERB 2 K - AEER
BIOEBAEZRRNE 3-1 - Edp(i|O)WERNR 3-2 FioR - t183R node + DA
% node tLLNHY data 25 - N, L3R node tLL NI data = - ifXFRIFAIRY index -
IOREFRGETERALR 1 FRIB 0 - AR 32 WYEBEER LEIRERRY

B node t/& NAY dataset - B/ DEEBIRY data #REREEA class i °

PGl = D 1=

xEDt
X 32 p(il)EE

27



K 3-1 Impurity B

[ [
Gini Impurity Ie(t) =) plilt) (1 —p(ilt) = 1= p(ilt)?
i=1 i=1
[
Entropy Ig(t) = - ZP(”QIU?-’;Q p(ilt)
i=1
Misclassification Iy (t) =1 —max(p(i|t))

— Entropy = = Gini Impurity == Misclassification Error

Entropy (scaled)

1.0

0.8}

e
o

Impurity Index

o
=

0.2}

0.0 0.2 0.4 0.6 0.8 1.0
pli=1)

3-1 oo AR =78 Impurity index FTRIZE8Y1E[26]

S2HIRER - SEMEDEEABEB - 2RI#F 40 & "1, RE 40 @ "2, A9
ERETHBENAERIE 3-2 - B2 AILL Gini impurity 82 Entropy 77 IUEHE 1IG
FEIWFE 3206 R - oHZ2METEERIZE LR information gain (IG) &L B

DEERAK - B B D EBRBRIEFN D 8E -

A B
(40, 40) [ (40, 40) |
[ (30,10 | [ (10,30) (20,40 | [ 20,0 |

3-2 2B —uaiBssER26]

28



Gini Impurity Entropy

I (D,)=1-(05"+0.5") =05 1,(D,)=-(0.5log,(0.5)+0.5 log, (0.5)) =1

A:1,(D,,)=1- [[%] + G]I ] - % =0375 4:1,(D,,)= —G]og2 (%){»%log, [%)] =0.81
snto {22 SRS [ EC)

4 4 . 4 4

A:l5=05-20375-20375=0.125 A4:1G, =1-2081-2081=0.19
B:1,(D,)=1-[[2) +(4) |2 =07 Bi1,(D,)=~{ S1og+( 3]+ Slog, (|| <092
: G( |,'J,r)— - E + g —6— g s 6 2 6 6
8:.!(_.[:3,W)=1_(1=+0:)=0 B:1,(D,,)=0
6.+ p B:IG, =1-3092-0=031
B:1G, =05-204-0=0.16 :1G, =1-2092-0=0.

= 32 BB oo BaRLIANE impurity EERETE[26]

B—FH - H% regression BW1E - Bl impurity JEEEER/ZESHNE

B ¥ 198 mean square error (MSE) 3§ mean absolute error (MAE) 1 ({ 3-3) -

I\ 3-3  Impurity iR continuous &1 FHER

=

DT WZEILNEBRZBTEE - BAM LA ZW MNIAAMKAS - 5% (1) EE
A ST ¥ training data TJE ) training set 2 validation set < ( 2 ) 85 training set 2=
R AR © DL recursive WATISEET N - SEABEENI DI
(BARIGA 0 )  SNEEWHER—ERHEENFIE - (3 ) X validation set 3
FTHHMERY ( Tree pruning ) RYMBIZFHEE T overfitting - ST EFEEE node ELCEED

R IG - FH—L node B IG X/NWRFREDHENEFEAK - AIZHIBEE - (4)

29




Cross-validation : K lE L2 R B R £ BERE Y1) A BIAE A [E training set £ validation
set WAHES  HERELASEE | 23 DEE  UZ2ULHEEARN DT P ELSES
L DT & B validation set F#EAE/)\ misclassification rate A9 tree * E58AL L DT

BIE - [27]

Jear production rate Tear production rate,
l ueed

3-3  Tree pruning BF2[27]
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Chapter 4 Ensemble Learning

BHREBREBNFEARIES (Search ) - BB BIE PR O 55 K BB A AV 2=
£5  RHUEREHNBERMAES(ONTURHg() - BIRMBEAORKR
( hypothesis ) - FILE T ZFEREEN metrics {FREETRABERZRZE - WL
£ ) 8 A B8 O R0 it 2 T R A — B4 ( consistence ) B TE ©

Ensemble learning BIEVfCE #1282 28 4 B — hypothesis AR - R Z1E
FRARAES MR EEES R - R EAR S ZE models IR - BAIMES - 1E discrete
output case FIRSETEAEEIEE (voting) M HIEBREHR Y ; 7 continuous
output case N RZ5{E output MMASHIHSNES -

Ensemble ZPTLIBMWREAEHE | ZF WA model EEEBREKXL
hypothesis space #17 searching + 8% training data JEEERAZEERIVEE R
Y hypothesis 4 - BREINAREEZERBARBNEREE 2 PEEEF—
{& hypothesis - 1B A% - & hypothesis space FEEf()FF - RIZKIREBFIADLE
HESRIFMNg(.) LEFFZE 1 Ensemble AY linear combination X ERITI BRIE A g(.)

FRTEKBIZEE - EMENFHFAOFRIR - [28]

4.1 Bootstrap

EMIZE data set FEME IR —LLRISHEN FERBE - IEEHIRER sample
0 NEIRZAR data population M #ETT T —EIMHXEY ( random sampling with
replacement ) °

Bootstrapping & HY data subset A fF &%= model overfitting 2 EHIE1E : AR

s

subsets 2t T B Z R (LAY probability distribution @ FZZEEEIEE RN A mean £
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variance & £ overfitted model ( ¥ decision tree FA2EE S overfit WIEHE ) Y
RIBLFEESUNEBELBE  BNFBEHBEZAIENE « Loss EHAESE -

Bootstrapping 7 8EF& IS 1B model AYEIIARPEER - ¥ Bagging £2 Boosting °

5uper Population / :}
‘E \JQ ) Sample Population 1

@ Ce &
,.r" A [ b G \\ ..._’_‘_I
[ AB O A\ _/_;_,;_--\v_,_ ~
| & r? ?_1; A }* ( oy @ | Sample Population 2
WE Tty __J/
@ & A A/' .\.\\.\ =
. _l:;Ch e :l

Sample Population 3

4-1 Bootstrap REE [29]

4.2 Bagging and Random Forest

Bagging %% Bootstrap aggregating U B R HIRN Leo Breima [30] Z{FH4-
iR FERYZLL Bootstrapping B2 training dataset - M7 LAUE data subsets 252 & {E sub-
model ETTHIR - BEERVBE - WE 42 -

B

il

L#i22 . Bootstrapped data ARG/ probability distribution - F LA

{E model A5 SREES EEZRAT - BESIAT —LEAR B 4HN mean ~ median 5§, variance E#t
&t noise BN 7 HE 1R - BB EEEFERR [31] oI #RZ2H! output variance O] 35 18 Bagging
MU AIE T BE - BRI - WA IEINZEIMN bias ( B4 B = bias £ variance 2
[E7A trade-off ) ° FAAY error 2F 4 variance EEL M - Breiman 17 #2%] Bagging %
RIS FAEEERS unstable A9 model £ ( B input REZEE output WE AL
) -
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Resamples

Models

4-2  Bagging Z2ERRE[29]
1 N
G2 (x) = 37> g, (x).
=1

™ 4-1 B E regressor BE LRI ERTNE

M
GA(x) = argmax 3 I{gz, (x) = j]
=]

j =

I 4-2 BZE classifier BEEERHERE

Random Forest B2 1E Bagging M2k - —M%#H1S Decision Tree &% Overfit -
HIEE = IR Tree WEBIRE %2 - TEEEIEI N - Random forest T2 17T
% subtree model + F1E subtree BEE—ERIBER M - NLUIHAR T TV EEIIRE RIS
BN T EMLE feature WASRKRMENIAR - FERLUN 4-1 5N 42097 HES
—HEERLZ random forest model AYEIE - —ARZRERIREEEER tree FIFRIRIARM

-

4.3 Boosting

Boosting B2 Bagging F2ABEERMEMEE LS random sampling without
replacement ( fURMRBRIRNABEWEIELES ) - 1BEFIARAY evaluation P& RIS TR
AIFEERAY sample #5 Z AR — &2 MIAGNAR N —1& sub-model A9 training dataset & °
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AL - REHR Bagging BEZ0F1T{EERIE - Boosting MBI E RIBEEPEER -
22 sub-model BY outcome MAFTEL -

£ ensemble k {& sub-model HI1ET T~ + H training pipeline {3% 4-1

* Initialization: set up a null set for misclassified data,
Misy, = {}
*For i = 1,2,...,k, do:
(1) Draw a sub-dataset D; without replacement from original dataset D
(2) Add 50% of elements in Mis;_; to D;

(3) Use D; to train a sub-model c;

(4) Evaluation by sending D to c;, set this misclassified sample set as Mis;.

= 4-1 Boosting EE X
ERE 2% classifier - Infer FEEXRFEZ M & 8 sub-model AIFERIPEY max
voting * — AR T ERE2 B ¥ HAAY sub-model RIFAE KT - 1B sub-model BIEE
misclassified data RN AT Z #1508 - Breiman £ 1996 K@ IR ZEEH A O

F#1K variance BY B PR 1E bias °

4.4 Adaboost

Adaboost £ 1997 H Freund 2 Schapire ZE AFTIZH - B Bagging A& ZTER
7S B A ¥ dataset {8 Bootstraping -+ Bl sub-model ZBWBEEZFIA dataset RIFIAR -
H adaptive ZBETER : B iteration PG ENREM VAR F data B weight °

¥4 3B AY classification case M= - objective function O] FR/RIATL 4-3 - HP1()
EBTEERAGEERIIRFE LS 1 - FAIR 0 - 18 Adaboost AIEFRRUT 44 - B

HIZE7% 1 5838 misclassified sample FI5Z - Bl E—1& iteration HP#¥ misclassified #Y
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sample &£ M@ iteration PIFE/E AT weight W IE—2R - TE#EFT gradient descent

I EBRZ 2R E % sample error iEEAHK -
N
1
=32, e %)
=1
I 4-3  objective function for a classifier

N
1
_ NZ w(x)1(g(x) £ y:)
i=1

I\ 4-4 weighted objective function for a classifier

Adaboost IS fHER Boosting H[E] - EEAIMKASI T : FEAI—K iteration FPF
#RYf —1& sub-model & - HEEE—HEFE1S7Z sub-model Wef2EZE 0.5 B weight
AS WIE—3K  TEEFAT— & sub-model fail 3B H1ER T - ZFI4R T~ —1& sub-model -
FEOI B EHFRRIE ( KRERIE correctly classified sample B9 weight - AR F
misclassified sample HJ weight ) ° BEBEEEMA[31] - weight WEFEIN R RN

4-5 - Eptf3R iteration @ &, RANBtIERNHNERRE - REBRURETZED

eed/\IR 0.5 B - 1;—? WMERESI AR 1 - A UEBESO ST Y E55RAY sample DR E

( 1-¢

w (x;) ’ - =, when g(x;) # ¥;
t
&

) /1 —,When g(x) =y,

I 4-5 Adaboost Z weight E¥T %

loss weight °

Weyq () < 4
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EE_ITTHEBE xeX  yeY ={-1,+1}  g: X —> Y - Ensemble k & sub-
model BJ1EL T + H training pipeline 3% 4-2 - EdPa, A— @R B ¥ weight 1T
AR R B IEERESAY sub-model B EBARSMa, kR Z IEERENEq, AIE-

Ex {2 TE inference FFAIFRRIBIMATY 4-6 FA7R -

* Initialization
(1) For all data x,,: w;(x,) =1
*For t = 1,..,T, do:

(2) Select a hypothesis g,(.) (i.e., some classification model) that minimize the

objective function

N
1
e =~ ) w109 () # )
i=1

(3) Let a; = %ln (ﬁ), for each data x,,, update the weight

&t
Wepq (X)) < wy (xn)exp(_atyngt (xn))

(Note that when the prediction is error, then y,g:(x,) =-1).

= 4-2  Adaboost JEEE
T
h(x) = sign() a,ge(x))
t=1
I, 4-6 Adaboost ZEiH4S

a, HeMRAY EEBFHE sigmoid KBI(y = ——) BR800 BAARAWE 4-3:

1+e-t

=& < 0.5 7E firstiteration o - O IR AR #8318 - B sample X IETE M classified )
a, BHEREMBEAIEER © ¢ = 0.589 special case PRIE 4B X iteration E
48 sub-model FEEHTRRIMEER - Blba, = 0 - FATEH weight EQIFRE -

A EFE infer FEERMALERL -

Al
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4-3 g Ma, Z ERIBAA[33]

#5ai BB Adaboost FIJRIE - LEE 7T 48 1 €89 upper bound E2 convergence FIHEE -
FANERAATI 22 [48]- BE B RZ LUINFRZFSE @ iteration Y weight summation -
HEBEN 47 2% - HPNE data B=E - ILRFEIREER 4-2 PER weight B3
RE%  RZIFBRHBEIEREADBERNWIEZE - A 47 §E - B3z 0%
REAFRMN 4-8 - HopZ, e, KT D FEETRIER weight summation » Z,(1 — &) RIZ %
BIEHIEM weight summation - X a, REBMWEERTE A - BlZ,, TEHER

27\ e, (1 — &) ERe, /IR 0.5 UG OIREFRZ, B HEE XA BIRYIE N s b -

N
Zy =N, iy = Z Wt(xn)exP(_atYngt(xn))
i=1

N 47 Z,ZTEE

Zip1 = Zrgcexp(ay) + Z (1 — gp)exp(—ay) = 2Z4/ (1 — &)
N 48 Z,ZiERER

55— HE © & 7 #E upper bound - BRI EABNER L - RS =
%Zﬁzl 1(vg(xy) <0) - HEERF| %Zﬁzl exp(—yng(x,)) E%3 upper bound Ffr
PRA&URY - Bl

I 109 () <0) < TEy exp(—yng ()
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B - R 2 MMISFTERIA weight summation FOME - IR TIHT 4-7
SRR Z BT, () B w, (o) EEEBME 42 HERE% - BT
B2 BB TEEROTAMD 49 EMBEREBIN_, exp (—yng (o)« I
B EIBIRL 7, 1A TS AR A BBATEFER) upper bound - FRAEFEERS. 4-8 ROXE(CBR (5

Baliz, IR REABNI - EoF 4-10 ZR% - XEe /N R 0.5 - FIE

o] 2 IR e O] B8 upper bound F& %A 220888/ |\ 228 4/ )\ - FHILEFE AR Adaboost RIUL & -
N N

Zryr = Z nexp( arynge (%)) = Z ex < ynz atgt(xn)) = Z exp (—yng(x,))
n=1 t=1 n=1 n=1

™ 49 Zp HEE

N T
1 1 1
=50 10090 < 0) <3 Zra = | [20N Ve =)
n=1 t=1

3 4-10 &ZZ upper bound

4.5 Gradient Boosting

FERITABRY boosting A —IEAFRL - BREEETRLFLIRMEAEASHE max
voting AY75 1% =18 sub-model FIAERES LK - Bl g(x) = X1-; g, (x,) ( 73RS
{5 - LEEEER weight B5%3 1) ° Gradient boosting FIELZRIARSA - EEKRHZES +
{& sub-model Y& L EZ% "B -1 {& sub-model E£5 M ALAY output s B2 ™ true value |
i residual - EHFEHENRBER RAASHABNER D HLAZ—HMma-
EHEEA coarse FIRFEIN L fine WSHMIBHES SEIRENER [35][36] -

< B—{@ base model FIFRAES g1(x) - Bl residual & y — g,(x) ° LEFF loss

£ gradient ATV 4-12 PA7R - BIBIL gradient descent B 5 MR 4-12 BYEIE -

1
L, g1 = 5 = 91 (x))?
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E)L(y, g1 (x))
99, (x)

I 4-11 GB BEXRE VB EREEAEE

dL(y, g1
L(y, 91(x)) =L (% g1(x) — (yl—g(()x))> (3" g1(x) + a(y gl(x)))

_()’ g1 (x))

I 4-12 GB IR Z tER
= M boosting IR AHE ZE & sub-model B - output EFi 4 g, (x) + g, (x) -
Hhg, (x) %% _{E sub-model R output - 7B 0] BEMIAT BT —1& iteration HY

residual : g,(x) =y — g, (x) = aLgy 919 . X g3t # 5% {8 sub-model I3

LLEZIE1F 7 28] —{@ iteration & loss ¥ overall model F4 negative gradient °
Bt R B 2K gradient descent 7T ZUiF " loss 1 ¥ " sub-model AEZE L (R
MAREITEIE - HE GB S — @ sub-model B fitting B EE > - BRIEZ 4N - GB
TEZ 1@ iteration P& " loss 1 ¥1 " current overall model 1 @1 - ¥R351& negative gradient
YE%% sub-model B9 fitting B1%2 - EERLETE 5|2 overall model £ E EE AR L #H local

minimum B ° E pipeline #1°F

* Initialization

Set up a base learner g,(x) = 0, set an overall model F(x) = go(x)

*For t = 1,...,T, do:

Calculate former iteration’s negative gradient: — —aLgﬁfg )
Fit a model to negative gradient: g,(x) = — —aLg,'g; )

Update overall model: F(x) = F(x) + pg:(x)

* Infer stage

F(x) is the final overall model.

3 4-3  Gradient boosting ;& &%
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GB Ffrif£ Y objective function W FF R AR square loss ° £ I35 - 7£ absolute
loss BY1EIL & - H objective function B3 gradient #1T( 4-13 - Huber loss BIAZL 4-14-
EMTE objective function FHERAR square loss AR outlier IS EE - (k1B o] DIFE
GB R IIE38 objective function® Al It - negative gradient W 3FFFEFE R residual °

Ly, F(x)) = ly — F(x)|
dL(y, F(x))
d(F(x))

I\ 4-13 Absolute loss Z objective function £2 gradient

= sign(y — F(x))

1 2

L, FG0) SO —FG) Iy -Fl <y
Yy, r\x))=
y(ly = F@I =37 ). ly = FGI >y

AL(y, F(x)) _{ y=F@,ly-F@)l <y
IF@)  |y*sign(y—F(), ly—F@|>y

T\ 4-14 Huber loss Z objective function £ gradient

4.6 Xgboost (Gradient Boosting Decision Tree)

Xgboost FATEH Extreme(X) Gradient Boosting MK - B EHL Gradient Boost
Decision Tree %Ak ( GBDT B2 GB /A E8 DT - 5 7 # % overfit -
Z & sub-tree FIREFEALRZE ) -

Xgboost [E)HRIELR boosting 1518 - L recursive 73 TR TE 7% iteration BV objective
function ° FHAY Xgboost £ objective function FIA 7 FEH tree BHZERIIER -
UERF R ITIR K EARR tree UEEL . ©—1MEA T @ leaf nodes AY tree - W 4-15 -
Hohg()AB—7 05§ feature domain & 5J %! leaf domain HYEKE] - & leaf BIEIFEZE

w CFRZFB L@ leaf FILERAY output - f,(x;)N3R prediction IE1EE -
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[ () = wge
where q(x): X -» T

wherewy, k=1,...,T

I 4-15 tree WERTE

X

!

&
\
’ﬂ/ /.\ q(x)
@ @

Leaf 2 Leaf 3

4-4  Tree #51B5RHA
FARS tree BB S overfitting FI4AEHE - E TR ZEH leaf nodes MEETURE
{& leaf 89 output wy MPRFILITV 4-16 PR E L - o784 Xgboost & —1& LA gradient
boosting B tree FIAEEMIPRHBIRIZRIE T TR - £ " HESF ¢ FiIpcso
#TRT—R iteration TRREEIE BB residual BB RY 1 T - I LL#F objective function
BN 4-17 PR - HE I, )RERE—TEE R loss function ¥ square loss 5
absolute loss + $,£3 ground truth - y* VX ZRAT—{8 iteration A9 prediction - f; (x;)

K55 t{E iteration B9 prediction IE1EE -
&
Qf) =T +15 ) wi
k=1
I 4-16 Xgboost Z ¥R tree #51ERI PR

N
L = ’Z L3y + £

T 4-17 Xgboost 2 B1E K ]

+Q(f)
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7B 7SKEZE t @ iteration BY optimal solution w* - W ZE5ELL Taylor expansion

a1(7y) (g

WwERIC,.) W=y, = — e hi = o 1))2 )H?—}ﬂﬂgr objective function BT
Yi 0 Vi -

4-18 X‘Iﬁﬁﬁl(ﬁ, yi(t_l))E%_t — 118 iteration FRF 2 HOREMOIE X - OJZIBUR

4-19 -

C 1
L = [Z U507 7) + 9efe G + 5 hef2Ce) | + 90D

i=1

T 4-18 Xgboost Z optimal solution #5872 (— )

S 1
L= () gifiGed) +5f2 G| + 90

I 4-19 Xgboost Z optimal solution #5872 ( )

BERS, WEBL = (ilq() = YREEER)E leal WxES( B/ ERE
ELHILER ) - BSEIR 420 - IWEELG; = (Sier, 1) - Hy = (Sier, hi) - AT

FRARBERENIFU 4-21

N
—~ 1 1
L, = Z giwg (x;) + Ehiwg(xl-) +yT + /IEZ wi
i=1 k
. 1
j=1 €]} €]}

where w; =w, (xi)id/_.

I 4-20 Xgboost Z optimal solution ##EBIZ (=)
T
~ 1 )

j=1

I 4-21 Xgboost Z optimal solution H#E@iZ ( [T )
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L Hw, K REEE - FEESF optimal solution £ optimal loss ¥, 4-22 - &
{& objective value T LINFR—1E tree HY structure score - EAEMEE75E54(E -

structure score /AT tree FUGEBHLE -

G
T Hi+2

pos 1§155 o
RN VY|
=1

IV 4-22 Xgboost 2Z optimal solution

[B] B8 2! Information gain AV - BH F M7 ZE S @ leafnotes AV iteration -
BIE—(EREE IG ZANDEIAT - TERIBBER leaf LUNA instance set - [, /7
! node ZEBZHA instance set - IR AIAHAR - IEIFAY IG BG6 RHRERZAINZ0
4-23 3o~ - HRBEEBENABE A TEERN - AL EE AR greedy RUMBUE -
B#E—%% instance ZPHFAE T  YRBEMASHTE—RIC RERIGEANES
E% split WA -

1G = L(I) — (L() + L(R))
1{ G2 G2 Gf

) HL+/1+HR+/1_H,+/1 B

14

I 4-23 IG ARG EZREE

Instance index  gradient statistics

—_N
g‘l.h‘l /\

i o I3 = {2,3,5}
2 g2,h2 ) Gs=g2+9g3+gs
I = {1} L={4} g, hythy+hs
3 g3,h3 G =m G = g4
”-] =h'] 1H1=h'.|,
4 g4, hd
; — G :
Obj=-2imiz+
] g5, h5

The smaller the score is, the betterthe structure is

4-5 Xgboost Z objective function 5t & 73 T [37]
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Algorithm 1: Exact Greedy Algorithm for Split Finding

Input: I, instance set of current node
Input: d, feature dimension
gain < 0
G Etei gi, H + Etef hi
for k=1 tom do
GrL+ 0, HL+0
for j in sorted(I, by x;r) do
GL+ GL+gj, HL + Hr + h;
Gr+—G—-GL, Hp +— H—-H

G3 G% a2
score — max(score, Ho+x T Hp+A H+x)
end

end
QOutput: Split with max score

< 4-4  Xgboost JEE)E[37]
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Chapter S  Alternative Models
5.1 Radial Basis Function Network (RBFN)

Radial Basis Function Network =21 Radial basis function 1F 4% 84S T E R 18
AR - B 1988 £H D.S. Broomhead #2 David Lowe Fifett - HEZHEEAMER
=& : Radial function ;R —71& L/ Euclidean distance F /3% ZIAYEK £] - Basis BIfU R
4518 Function {F%% Network B Kernel - [38]

Radial Function HERER AT EERXEREA Euclidean distance @ ZEZ|
TERLCERPEZEREWIE/R R - Mo LIZTE Euclidean space EE—RECEREIOE -
AIREZC 5-1 -

o) =X —cll3
I, 5-1 Radial function

Gaussian function $(r) = e~ EN*
Multi-quadratic () =1+ (er)?
1
I Iti-quadrati o) = —
nverse multi-quadratic it
Inverse quadratic o) = 5 (er)?
o rk, k=135..
Poly-h 1 = { ' "
oly-harmonic spline o(r) PKIn(r), k = 246

Thin plate spline &(r) = r?In(r)

Z 5-1 Radial function 2880 E{ER L

1% RBF network 1 Neural network IECE - OJDIERRRREEZMNABER
Hidden layer ERVEIET T - NN EZ2IE5TE Weight 2 Input B9 Inner product - B8
48 —7& Sigmoid FZAJ Activation function 5%/ Output°RBFN B 25t & Input B2 Center

HIEERE - 3848 Gaussian FERVE L K 215 2l Output -
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Neural Network RBF Network

X =1 1 X =1 1
Xy Xy

tanh RBF

T w? % — centers votes
if i / ) /

X3 tanh X RBF

. tanh RBF
Xd Xd

5-1 NN £ RBFN RIZRBLEER [50]

BE A= Input /& Hidden /& X Output /& - f585% input ¥ € RY -outputy €
R - B RBFN oJfiARN - RAJEAE] - FRRBIL 5-2 - HPME hidden layer F basis

MBE - CpBiw,, KFREmIE basis WP /OERES -

M

v=r@ =Y wno(lk-alf)

m=1

I 5-2 RBFN Z output
SEERFEH 7 &F B/ Gaussian function TEAE{EEREL - B kernel o] ABET

5-3 (S - EEREEERE(x, ) AR ERE(x, ) -

H objective function ©J

PIEERRBI 5-4 - HP k 7 iteration - j 7% training data index °

— 2
P 1% = G|
¢ (I = Call,) = exp| =5

2
205

I, 5-3 RBFN 7 radial function

1
e(k) = E(?j - yp)?
=, 5-4 RBFN ZB1ZHREZ
A& 7 KEEEEET 5-4 E1TRMBIT - 103 5-5 - EM OISR RBFN 7

M@ iteration P EFEMSEINT 5-6 - HP - k MiFNE - ;i = 1,2,3RFES
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HHEBX - ERRBEFHLHEBEDN - BHREMEHBERERE w., EEAZ

mif

¥ C, B on MR HREHIS RBFN WRERIED -

-~

0EQQ) _ (OE(D) _  9E(R) _

ow,, " ac,, d00,,
[ 5-5 RBFN BEZXRE ZREZ

Wik + 1) = W (k) + 1120 ([1% — Gl

—

Cnth +1) = Gtk + 7,252 (2 = Golly) (E — G

wye(k) W 2\ . ——y 2
On(k+1) = on(K) + 155 ¢ ¢ (I1% = Cull,) 1% = Gl

I 5-6 RBFN 2# 7% E%

* Initialization
Set hyperparameters: the number of basis M.
Initialization of adjustable parameters: w,,, C,,, m=1, ..., M

* K-means: to find initial cluster centers C,, in an unsupervised way.

RN

* Update parameters w,,, Cy,, 0,, according to the gradient.

Z 5-2 RBFN 3l#:iBEE

LEERFR RN K-means BIERPA | K-means 1S unsupervised clustering 3% © &
WHALCREB SR 2P0 - H objective function # & % 2 A &/)\E within cluster
sum of square 1T 5-7 - EP k BELE - M BPLEE N BERE - [HRRE

i BPOEEIABEREA cost - X, BEBER - CABIETD - w, RS EER
HREIBEDORAEEHES (WEEE LAREFREM BDLED - BRI

TR ORMBEDBESR ) - HEZRARG W 5-8 - HIL - K-means 1§ &



TE AR iteration FIREFAY cluster center AT 5-9 - R D BE L P ORIER
B OMERFTRIE D

M M N
109= 2 0= 22wyl =Gl

i=1 i=1j=1

I 5-7 K-means Z BZKRE]

Dol =112 2 .
Wy = {1, il Gl < 1%~ Call,, vm = i
0, otherwise

M M N
Do =1V = L DDy =
i=1

i=1j=1

[ 5-8 K-mean ZHEE

= j=1Wij X
C,=—F""
Z]=1WL]

I, 5-9 K-means Z cluster center

5.2  Context Relevant Self Organizing Map

FH Hartono(2015)32 ) - #II7E Self Organizing Map (SOM) #i= L - WHESF
RBF {ER#IHRIZEHE - BE$9E1TEA Supervised Learning #FMH) Dimensionality
Reduction °

2B EEE EAMIEDE : DR (Dimensionality Reduction) & Classification °
BERERNMEHAEE (N) ERIAEZHRMES - DR BR— BN
(Feature Extraction) - EZF3ZR7%(1) HEBR independent noise (2) ERBZHWERE
PLEB) classification BESIE RS - O£ 2&EB Supervised IMEME D -
Unsupervised FIEEREEIZ Y PCA ~ LDA ~ LLE (Locally Linear Embedding) * NCA

(Neighboring Component Analysis) + MUK ERFA TR AW SNE -~ t-SNE -
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supervised Bl7A MRE(Multiple Relational Embedding) + SNeRV(Supervised Neighbor
Retrieval Visualizer) * S-Isomap 55 -
¥3F NN IR B 2R 250 - TR Al AR A B e S E B Y012l 8 DR ( Feature selection )

K& Classification & - ¥ 0] 7343 Filter ~ Wrapper & Embedded /% °

. Feature | |
All features * Fi - “Predictor|
All features Filter ailsset Predictor]|
" Multiple
All features - Feature *Predictor
3 subsets
{Wrapper———
Feature
2mbedded |~ subset
All features Embedded | *
method

“Predictor

5-2  Feature selection Z =F&73)%[42]

Filter ;A E¥K Feature KABRHF M 1F/ DR FEIE - G55 HY mapping I EE -
M HEHEBIE - BETREEM classification - BRESBFERNTGIE - Wrapper /Z8IE

= model EERVEH T TEZA DR mapping FIFTLETER] - BERIZZE filter )AL

BRIBER Z LS non-convex - HZHRWS AT EEAEENIE( BEARE—EMA
HEEENER) EZUPR1EEEEE[40] ) - Embedded /ZRIZ7TE objective function

1[50 #E9T feature selection E2 classification @ & R A7 {E 2 Lasso ( L1 norm ) £2
Ridge regression ( Lonorm ) #1E 5-3 - EQ()#AZE weight BIPRH - 1BAITIIY

2Z 7 feature selection IR °
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w,b

min £ = ]H ié(yi, f(z;)) + AQ(w)

(f(@:) —w)?

|

1
|wl|; |w)|2 plwl + (1 — p)3lwl3
LASSO Ridge Regression Elastic Net
Tibshirani, 1996 Hoed & Kennard, 1970 lou & Hasthe, 2005

5-3 Embedded BI7574[42]

75 7 7tAH Lasso B2 Ridge regression F3R - o] IS EM B MNE 5-4 sARZ
& B EHME weight B, 218, B EHEITH loss function FE 2 contour- EFB = {B,, B}
UFRILEZE minima AY optimal weight - MEE &I R A% Lasso( /& )E2 Ridge( A )
¥} weight FUFRFI( BIBHREZHEEIFA ) HREREREHEREHENyY = Bix; + foxy
BIISTEE weight IRHITE—ERE _LIRF 7 feature ¥ output R EYR - EhE
embedded ;ERIEHFTTE - BIF)F objective function BIRRET B4 #4T feature selection
A classification © BIME/—IEHIZE - —ME0/ Lasso R feature selection SR F 8
Ridge regression 281558 - 2FE B weight EIBZ gradient F[G) contour minima Al
#ERVERED - FLb Ridge regression RGBS W EEZANNUE - EREKRE R [EH

( F1@ feature ) WERIESR 1 - MB—E#H ( F{E feature ) NERIES O -
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A ! = |
Vi
iy ]
/ 7 M/
8,4 /// ne // B
B £ / // p /f/
(=
| =
-
B, B,

FIGURE 3.11. Estimation picture for the lasso (left) and ridge regression
(right). Shown are contours of the error and constraint functions. The solid blue
areas are the constraint regions |31| + |F2| < £ and _3? + _:3'22 <, respectively,
while the red ellipses are the contours of the least squares error function.

5-4 Lasso ¥ Ridge regression L& [51]

& ERERZEBIE (BINEEERE ) - BE SR E DR BV HEES0E
ERVERBGE-—ERENRY  MIL—38  MeENZBERNIRIEER 7

==~

BAEMERIE G - B - BREABEBIIARE - SE507E hidden layer PEFER

AYEBNR -

' teacher signal

= . error signal = -@

1

L}

: Goutput
L]

supervised learning

doy

oo '

regulated ™ T~ =
self-organization reference vectors
(X 1]

.1/}

input

Gaussian Newron

5-5 CRSOM ( Context Relevant Self Organizing Map ) ZZR48[39]
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%88 SOM RVHEZAYZE4E - 7§ hidden layer __#FE EAYE{E neuron #BER input
L8R - 3RZZEEL1ES hidden layer B9 input #1Z0 5-10 - EPX(t) € RPAREA
Bt - Wi (t) € RPAUERSE) 8 neuron B reference vector + a > 0G5 scaling factor
tRUTRIEREL - BULE H%E%ﬁgﬁlﬁid (t)&/)\AY neuron 4 winner neuron ¥, 5-11

IX@® -w®l,
a

T, 5-10 hidden layer 7 input

Ijhid (t) =

Jj*(t)=argmin I} (1)
J

I 5-11 SR hidden layer =HY winner neuron

A o] Ak B8 winner neuron 7E hidden layer EAE At neuron WA MU EFES
HTEBRE R BT 5-12 « HoPhRIREj{E neuron TE hidden layer FYEER + T LALEER
SE A 5% hidden layer neuron AY output Z#EE N, 5-13 - ( FEE# winner neuron
3= A neuron BEEE#S/)\ - H reference vector 21X (t) Z#3=2 BY neuron i B tid/)\ )

| hj*(t)‘hf”z

oG, D =e 5O
0 5-12 hidden layer Z S HTERBEREL, by F hy. . BRGNS

0j1(t) = pi* (1), e

I\ 5-13 Hidden layer 22 output

#ZE - output layer 13 = ¥ hidden layer output ZE{TAR 1 2H S 2RYE% Output layer
input =L 5-14 - EFv;, ()% output layer FIZE k f& neuron 2 hidden layer RIS j
{& neuron FIRVHEE - 6, (t)% output layer FYZ5 k 1@ neuron HY bias - RIS LEE TR

A48 —1E Sigmoid LK BUE(ET H&EZRY output - 1
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I 5-15 = Output layer SNEBEEE (ground truth value) T(t) € RF - BIT]7%
output layer B output EFKADE TR0 (t) = [02%(t), 054 (L), ..., 08*E (¢)] - &F
BME ZRIBREE® = SIT(E) — 0°4(6)]I3 - MUE—2 - CRSOM K forward 2
BRRLSTAL 7 - ZRIBEOIRUNE 5-6 -

10Ut () = Z U (DOE(E) — 6,(8)

J

I 5-14 Output layer 22 input

O™t (t) = (1™ (1)), p(x) =

1+e—%

I 5-15 Output layer Z output

ou (t) _ (0(1;?” (t)) @ :sigmoidal function

A k
I 1 J IZUZ(’)zzvfk(t)of‘d(t)_‘gk(t)
.................... Output layer

/ 01 (1)=9(j" @, j)e "

@: Gaussian function
.................... Hidden layer
\\ o HX(t) W(t)H

5-6 CRSOM 7 ZE+& EA pK &)

% N2k 2 backpropagation BIEB4 - A Gradient descent ;&£ ¥} output layer 58
k 1@ neuron SIfFMNTL 5-16 ZE# - Hobn, NREBBRERE - E—DIRFRUMDIEE
B30 5-17 Z&R - BRKABERTRUBEZSHU () = (—T @) + 02 (@) (0g* (t)(1 —

Ot (1)) - Aol SEIMmERM I IBENAERTV 5-19 °
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0FE
Vi (t+ 1) = vy (0) + 14 £ k((?)
vj

dE(t)
Ot +1) =0, (O) + 12—~ 30.(0)

I 5-16 output layer £ 8] 7 BHTEK £

OE(t)  E(t) 90Q(t) I (t)
9 () 0ZE(D) DIZ*E (D) Ok (D)

= (-T(®) + 0g(1)) (g™ ()(1 — Og™(£)) ) 0} 1)
I\ 5-17 output layer 2RI 7 B EIHEERE (— ) - SERBREQ) =

§||T(t)—0°uf(t)||§u& 7 5-18

OE(t)

v (D) S D0®
OE(t) _ o
20,(t) K

I 5-19 output layer 2 ERKEFEEIRE ()

FEHREA—E - BEH hidden layer WEHMEF - AIZHEZRMOOLE -
B 40 ZIE hidden layer 25 j {@ neuron B E NI 5-20 PI7R - B - RKE1E -
/?'\SJTef(t) = -2 (Zk SPUE(D) vjk(t)) e~1i®) . BITI¥ reference vector T, 5-21

Z &R - oy, AREBBER

IE(t) <O OE(t) 90g(t) a1 (e)
ow;(t) e AORUE(L) DI E(t) OW;(¢)
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. —aIMe ()
= soutcey v (t) |oMe () | —L—~
(Z 21 (6) vy )) 1O | 5w

=2 (Z S () vjk(t)> O () (X (2) — Wj(1))
k

I\ 5-20 hidden layer 287 B R EEE B2

W (¢ + 1) = Wi (D) + 71267 (DG (), DX () — W; (D))

T, 5-21 hidden layer 2 &2 EHERE]
#m _E Rt m?%%%ﬂafefm%%  BEREIZRE true label FEEMERE L

organizing map © R ILABE R SOM AR map EEEBH label WER -

5.3 Joint Optimization of Mapping and Classifier

RENU BB FIZ A E AT mapping B classification Z AR - R RE(CH
737% (E8LL auxiliary coordinate B91FFTJ & B ANZRFNIAR) - #% Dimension Reduction 18
%—7%& mapping TEEF - BN Classification #7g - BIEE D MR T UM R
(Bl K BV EHBIZ g o F ° [40]

£ DR WER £ - TRMODB|HRER “filter” B - HFETT DR R
Classification &8 - 55— BRR A ERIRIGE R (x,, v ) FRITERS (F (1), Yn)
HOFal3EBAE supervised 3 unsupervised 77/A5REE - L AIGEEF - M
F(x,)fF % feature Z£EgEH ER ]y, % - RMBE g BRASHHREB RN
BN - BEEARRDEEFZ LRITE—ERIEBRERE( Proxy objective
function ) - EMERE(CHBIE I RRg - FROKRIR

S—TBAIMER “wrapper” #E - BIRBHNEEEUNEE  BEAEAR

RHEBE R WgMFEm LI FRER - M2 - BREHEEg . FAMEEL
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A BESN BRI EF gHIF A 2 - 221 wrapper Al EEF non-convex B8 - BN DR
89 mapping O] B3FAR M4 EIFE - IEEE G E RIRIBNIE EE R dependence - AN S E

C2SBNEHE - EAEg - FEBGMAIE NETERIE BB ERLANE &

=
s

R E BB PR convex problem WE 5-27 -

# R AR mERE(CA A - b EEE B FI IR AR 4 1Y mapping function F
PR linear SVM fF#mg - RIEZR B0 =0 5-22 ( recall : SVM HJ objective
function &I 5-23 ) - HPR(F)BE FPT#ETTHY regularization term - 2B BI2RERE 2
= RIS weight BY L18Y Lonorm ° w » b+ &, EEghZ 8l - 7354 weight - bias
K slack variable © N %7~ sample 2 « N 77 RIPRHIRIZ linear SVM w/ slackness FIE

AKHZ - BIEACBELIR T A E 0 RMBARER b - nFF—EWERE -

N
1
ARE) + Wl +C ) &,
n=1

s.t {yn(WTF(ng ;%) =1- S;n,vn

I 5-22 Mapping £2 Classifier Z#2FEZERKE (— )

1
2 Iwll?s.t. yo(WwTx, +b) =1

N
1
3 lwl|? + C Z &y s.t.y,(Wix, +b) =1-¢,

n=1

I 5-23 Linear SVM E2 soft-margin linear SVM Z B2 (K £{[41]

MIERE L - ARCHRIBIES| regularization & slackness Y hyper-parameter
%IIWIIZ?.% linear SVM 73 7 # K AL gap PRIEY term - HIEZEREBEWEEEBIEF - &,

KglREZM28w - b - AMUILEFTEIZEZIM bottleneck 4328 B FHY non-convexity °
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Method of auxiliary coordinates (MAC) - AR EMITERBRIR go F MEMRE
1B EMEEBIZM mapping W g(z) ¥ F(.) - B - $EHEE —1@ latent space
hETEE 2 RREBF (x) - BEPREREBNES - Bl BAEEPHF (x)
WER 7z WIS —EIEG Rz, = F(x,), vn - L&A L quadratic penalty 75 T0E
HE  BolLIBE R BRRE PRI 5-24 - FIEI0WN %Zﬁﬂllzn —F(x)I> B

BIF (x)RRE - W EufREE - WETBEER u > o - BEWHLEERAR
MG - B AEERGE  BERRYFEEBCNSERTRANF g &,

BB 7z, - RMETEREBH ZBKBERBGEHER - o PRETEILEE -

N N
L K 2
AR(F) +§IIWII +C) &Gts |z, — FCen)ll
n=1 n=1

yn(WTZn + b) =>1- En
S.t { £ >0 ,vn

I 5-24 Mapping £2 Classifier Z#2FBEZRKE ()

F—HDS gstep: EEF K Z % - B{bwkb NREBEARRZHALK SVM
EEz, » y, ° WRE K-class BWEE - RITTLU one-vs-all RN EFOR -

FE_Bn% F-step - BE g (B wiib) K Z & - Bt F th 2H B regularized
regression Bl Ex, - z, °

E=87n% Z-step - BIE F & g (Bl wiib) % - RIMBIEMWSERE, Kz,
IEREBZERE OB 5-25 - NABHEEE A B AN EBNAEBZRE -
o] i =1 sample 1B AHE B MEETEIL - BIFIU 5-26 ° B7& convex quadratic

programming HJEK EI BB —7& closed form 1T 5-27 - {kiFyRIEEIE - optimal solution
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A aRETRHEZRET minima &Y

FEE IEIFEHE B ARK BIRY minima 5k

EEJHIJZE
BBEMUE -

20 N N

§ gn + E ”Zn - F(xn)llz
H -

n=1 n=1

yn(WTZn + b) =1- En’vn

e RO )
I 5-25 Z-step ZBEZRKE (—)

2C
—&+ |z = F(o)lI?
U

ywlz+b)=>1-¢

se T

T 526 Z-step ZEIZERE ()

Lagrange multiplier: %E +lz=F@|*+y(yw'z+b) —1+%)

z=F(x) +yyw
I, 5-27 z Z closed form f#
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