SEXFEMTEINRZEIREFIEFSISEIC6 -- Support Vector

Regression

EHREAEEN LB T Kernel Logistic Regression , 1H1Sa{EESVMEIFEZIG R FITE
soft-binary classification_t, JFFiEEFF2-level learning , 5Fl|FHSVMEZISEbFI
w , AEERERAogistic regressionflUit &L | BIIERMA |, XISELFIWIHITH]
3, BRIRER. A BB TILUEZIRepresenter Theorem , fEz=[EF , 5|A
SVMAkernel$?I5 , EEXdlogistic regressionif#{T3KiE, AHIRGER_ETIRNA
&, TeuarESVMaTkernel$zI5 N FAZlregression[alE k.,

Kernel Ridge Regression

BSE— T EBHiRNMBRIRepresenter Theorem , XJF{HAJEEIENITRAIL2-
regularized linear model , BERERELHBWERT LAEREzHEMEHESH I, At , 1B
FMAES I NkernelfZI5 |, Et&ETkernelized{t,

for any L2-regularized linear model

N

. A 1
min erw+ ﬁ;ﬂ"{y”'wrz”]

optimalw, = N . 5.z,
—any L2-regularized linear model can be kernelized!

AL G regressiontRBL L Fckernel (YRZTUIE ? FliJZRIN4BRYlinear/ridge
regressionfR i FREIRIGIT&squared error , Blerr(y, 'sz) = (y— wT 2)?, X
A2 ECXIRIAYRZ R analytic solution , BIRTLAERZ& MR/ "5k% , BEREEE , B
EEEIRMIER. BBAETREAIMEHATU T Ekernel5| AElridge regression
% , 82522 33mAYanalytic solution,

HAi15ciBKernel Ridge Regression|a]#iE 3K :

N
solving ridge regression min ﬁw W+ N ; (¥n—W Zp,)
A=
yields optimal solution w. = %" 3,z,
n=1



Heh | BERw, SREAEHAS, BBARINMBY, = Y0 | Bz tt\EHlridge
regressiond , }EzAIPSFRFEkernel&if | iBKw, BYAIRREE(LALK By BIERR | 182 :

with out loss of generality, can solve for optimal 3 instead of w

. A 1N N
min 5 Z Z inBmK (Xn Xm)  + 1) (yn -y -:fmh’{xn-xm}) ?
! m=1 =1

n'lm1

-
regularization of 3 on K based regularlzer linear regression of 3 on K-based features

A 1
= ZATKB+ (;‘1! K'KB -238"K"y + yry)

ridge regressionA] LASBAERERIFZ T, | EPE—IR LAEKZE S, FUIENIRN , MmN
B LABBE Br Berror function, X+ , EAIAIEFE Rz H/IMEXI NS, & |
XEERARIR T kernel ridge regression|a]aR,

KA By RO RT LAS BN R

A 1
Eag(8) = 58'KB+ (B7K"KB —28"K"y +yTy)
2 2
VEag(8) = & ()..KTI,EJ +K'K3 - K"‘ry) = EKT({M +K)B — yr)

, A= g%ﬁﬁ,ﬁr ﬁ”l%r‘jjﬂﬂlﬂ VEaug(ﬂ) 1z ?‘J:‘EEP'—ﬁtHEET,
SHETSE | AIalEEI—Ral a5 SHOmTiRs -

= (M[+K)™!

XBEEEXOHEREM + K )E’JJ_%EBEET\?‘ £ ?E5=25EMN. BRIz

BT , EREKHEMercer's condition , E2KIFER , B > 0, Frld

(A + K)—E2a¥H. Ml‘l'gEI’JETIEUaﬁ—_I:%iFE , BF (A + K)ZENxNK/MY
FIUARTEISZRERO(N®), iRE—mH , VEayy(8) EHATERIHIMN , B—HE

K AZ’ SHIK=009ERIE ? H3L , HTFZREKEMIAZ BRI | —AR

=, BRI AEERER , RIRTAZE , Bl , —REATKRETE., XNEER

ﬂ_ﬂ,ﬁéxET()\I + K)Rdense matrix , BISIMBASLERIERE. XMER , i1z
FLKI;EEEO

FrLASE , BAiIaTLAiEidkernelsEf#iRnon-linear regressionfyaldk, TmELLE— Flinear
ridge regressionfkernel ridge regressionfJk &,

<1>F¢:“4



W _EEFr~ , o8& linear ridge regression , 2—5E% ; AllEkernel ridge
regression , B—%MHLZk. KECER—T , GIORMEINSHEREF—L, X
regressionB T AR RFIERRIE ? XJFlinear ridge regression3Eiid , B4R
8, QEEISES ; DX, BISERERO(d® + d2N) , lKEZEZ0(d)
, WIMNELAKIREZRT , XFPMEBRFE B, mxdTkernel ridge regression3Ei , B
LEYARzZS8) |, fEkernelils |, SRIMNRIEEMRE |, FILIENRE ; 2R, erill
#EZEREO(N3) , MUNEZEZO(N) , WRENGX, HNRARIHE , itE
ERHARAK , FrLA , kernel ridge regressionl@SNARRARIZS. LR ¥ , ATLAR
linearflkernelSEfR _EER4E ( efficiency ) F1RiE ( flexibility ) Z BRI AT,

linear ridge regression kernel ridge regression

w = (AI+X'X)"'XTy B = (M+K)y
» more restricted . with K
» O(d®+ d?N) training; » O(N?®) training;

O(d) prediction O(N) prediction
—efficientwhen N > d | —hard for big data

linear versus
trade-off between efficiency and

Support Vector Regression Primal

AN 2SI ERREF N Bidlinear regressiona] LAFSK i classification , B4 L
—ab N 4BHkernel ridge regression[@fF el LAk #classification, FfiJ#kernel ridge
regressionfi FA{Eclassification EEXMNETAYE S |, If#fleast-squares

SVM (LSSVM ) ,

FRE—TIFE/ MBI |, soft-margin Gaussian SVMF1Gaussian LSSVMZEEREME
LOR—1FRUM T .



|
E

soft-margin Gaussian SVM Gaussian LSSVM

W LB, MRAEDEHERIE , soft-margin Gaussian SVMF1Gaussian
LSSVMEZIAZREX , BIREINSG K42/ LFHEHEN. (ERURESupport Vectorfly
& (B AERENSR ) |, Eilsoft-margin Gaussian SVMAYSVAZE |, AL
Gaussian LSSVMAEAR FENREBESY, 1IXEFHsoft-margin Gaussian SVMAEY
an KERRETE | ap > 0BIRRGDEL, FRLASVA, MXdFLSSVM , FHfilE—
OB T PHIRRRER S ERRIFEE , FRLXINANEN S EAR FEESY., SVASESHE
Se—NERE , FEMIDUREG(z) = Yy BuK (20, ) , MRS IETERS , B
LAQRNITRERLLERX |, BETERE. EFTXNRE |, soft-margin Gaussian SVME
B,

« LSSVM: similar boundary,
— slower prediction,

» dense 3: LSSVM, kernel LogReqg;
sparse «: standard SVM

BB, ETXILSSVMARdense BHYER , Bl JBEABEER—L 5 53AY15 2 sparse 5,
EBSVASKSZ , NBEIFsoft-margin SVMEHAIS SRR ? TEIRK(ITIE=
FRIRIX AN AR,

AiERSIA— MU Tube Regressionfyftfi% , BIfED 24k E o BlXIE—N X,
(X ) , NREBUERDHEXINXER , MAESSER , RERSEPIXE,
Z MU A Eerror,

BEPIZXFEE 2 , € > 0,384error measuref AT AR, :



err(y, s) = maz(0, |s — y| — €) , X _EEPLI EBFRFEAIEEE,

error measure:

err(y.s) = max(0,[s— y|—¢)
s—y| <e 0
sS—y|l>els—y|—e
—usually called e-insensitive error with ¢ > 0 |

BEEIXNerrorllfife-insensitive error , XFmaxfIF IR ] BN B Hhinge
error measurefENHSLERURY. FRLA , BAIER T REMNSBEHMERL2-
regularized tube regressionff{Z&{ilF soft-margin SVMRYIES: , M5 ZEsparse S,

B, FliHtube regressiondferror5squared errorff{iNEVER ¢

tube: err(y, s) = max(0,|s — y¥| —€¢) | squared: err(y, 8) = (8 — ¥)?

RiE  Berr(y,s)SsHUXRHZo BIEIHE :

—squared
—tube

o N\ ) tube ~ squared when |s — y| small
\ / & less affected by outliers J

FEH , TdEaYZ%FRasquared error , AL tube error, FAITRIL , His-yltb
BUNEPsEbEEEITYRIBTR |, squared error5tube error@ZEAZ A/, TITE[s-y|EEER
KX , squared errorfItEIEEEL  tube errorKiRE%2, errorfIIEKIRE A , &
TS 22 EInoiselIEIN , AFITFRMAIARRAIKEE. FrLL , WXANSESRE | tube
regressionfdiXfferror functionZEE{F—LL,

ITE , F(i3EL2-Regularized Tube Regression5 3k :



N
min %wrw + :—“Z max ({l, w'z, —y| — e)

n=1

EXNMRMHEE , BFEFEEmaxIl , HFAZRMEARSE , FRLARESH
GD/SGD3ekf#, B , BAi#F#Erepresenter theorem , B EEEIL 5| A\kernel3k
% (BRBFHABERIES R sparsity 8. NB—AEFERE , FHINTLUEX/NaJGERA
hmaFHQPEIRR |, {FRRdual SVMHEIHES TS | S| Akernel , 1BRIKKTEMS , MTIRIE
fi# Bi2sparsef.

Regularized Tube Regr. standard SVM

min yw’w + 5 3" tube violation min Jw'w + CY" margin vio.
» unconstrained, « not differentiable,
but max not differentiable but QF
» ‘representer’ to kernelize, e dual to kernelize,
but no obvious sparsity KKT conditions = sparsity

FRLA , BAITFEATLAIEL2-Regularized Tube RegressionS pEIRSVMEELIEIRZ

will mimic standard SVM derivation:

N
, 1.7 T
'RL'J Ew w+C§max(ﬂ,|w zn+b—yn|—e)

i

BS—RR  RBMICERELAIERAY , ABAXIMCHE/N , N/ NIMCHR,
Bizz{thiBwo BIbERMHZE T 3k | XERFA 12 RIfESSVMAYRERYS AR 2.

MERKAIELE 7 Standard Support Vector RegressionfJ#JIAF/ T, , IXIFEARE—
TNERIQPRIER, Bf I hizRA T — LR IES

mimicking standard SVM making constraints linear

N N
L 1T VL oA
min —-W' W =W W
bws 2 “3;‘5” 2 +Cﬂ_§_1:(‘fn+fnj
St W zo+b—yo| <et+&| —€e—& <yn—Wzp—b<e+()
€ >0 én 20,60 >0

o FEEFTR | BRRRERIQPIEEE , EeheY Fneh 58I Rupper tube violationsF



lower tube violations, XFfZTIY{#Support Vector Regression ( SVR ) primal,

N
1 L _
. T W A
min —wWw'w+ C E £+ &
bw{ E,“ 2 — |Il n n
st.  —e—&l<yp,—-wW'z,—-b<e+£
& >0,60>0

SVRAFREQPI. B AN EENSEL | CHle. CERIAIRregularizationfltube
violationZ [BJf9H/E, large CAfi[E}Ftube violation , small CRU{HEI Fregularization,
eRAE T tubelIXIHEFE , BIXHERFNBZIEE., X , MR EHRNSZE L
K. eBARERIFEE , FSVREFEFHRERT , SVMFRBIXTMSE, B, SVRAY
QPRI + 1+ 2NABE , 2N+ 2NDEHE,

» parameter C: trade-off of regularization & o
tube violation

» parameter ¢: vertical tube width
—one more parameter to choose!

. of d + 1 + 2N variables, 2N + 2N
constraints

Support Vector Regression Dual

MEFKIIELBE 7 SVRAprimalfizz, , #E NREESSVRAIDualZe,, &8k, 5
SVMSHERE—#E , S HHRBAETaV e | Sa1seY e restian
XERETSEY > 0FIEh > OXIRORHsEHEF.

N
objective function %wrw +CY (& +&)
n=1
Lagrange multiplier oy for y,—w'z,—b<e+£)
Lagrange multiplier o) for —e — &Y < yn—wW'zp—b
RfE . SSVM—HHEIFRIESF LR |, AAgEHREXIERSH RGNS AT | B8
MR RIKKT A4

—



Some of the KKT Conditions

N i N
9L _ 0:w = ah —a¥)z ; IL — Q: a—a’)=0
Wf E( fn n) n ab E( n n)
B
e+ —ya+W Zo+b) = 0
complementary slackness: 3( Eﬁ. = . )
ap(e+&n +yn—W'Zn—b) = 0

BTk, IBEMESVM primal 5SVM dualfI&E3d N X &R , EiEMSVR primaliESH
SVR dualf9fzs. ( BEAFAEEEIES |, LRS! )

N

1

min - Sw w+C» &,
m=1

st.  yo(W'z,+b)>1-¢,
En =0

N N
.1
min Ezzﬂnﬂ'mh}’mﬂln-lm)

=1 m=1

st z Vnotn = 0

N
min %WTW+GE(£§+£:}
nm=1
st 1(yn—wW'z,—b) < e+
(wiz,+b—y,) <e+&)
& >0,67 >0

N N
.1
min 13 (af - a¥)(ah — oWk

=1 m=1

N
+Z{{E_Fn)‘ﬂ#+ff+}’n]'f*3}
n=1

N
st. D 1-(af —ay)=0
n=1

0<a} <C0<ay<C

=E  BIIMERTIC—FSVRAVEE R EN Esparseld, BIECEEHES 7 SVR dual

TRV THESAIEW S

N
w = Z(a,/z\ — a,\,/)zn

n=1
tERzAYcomplementary slackness/ :
al(e+E) —yn+WZo+b) = 0

ap(e+&n + Yn— wiz,— b)

0

SHFSFREtubeOKIFHIIR , HEw 2, +b — yn| < €, ILATZRRER &Y #
&1'/;,\ #ETF=. Mlcomplementary slacknessANEXRIFE _IIIAAT , WIAEE!
aT/L\ =Oﬂ]a7\{ =0, BB, za,/z\ —a,\{ =0,



FRLA , 3FHfhtube AR | 1B52IAYFES, = 0, Esparsefd. Mo fhfttubeZ 7MY
M, Bn #0, Bt , BAIF1EE) T SVRAsparsefi,

Summary of Kernel Models

XEBD B EAINBIRIFTERIkerne fREUHNMBEFIRE . FIIREN BT =Fhsk
HRRY | 9 FIEPLA/pocket , regularized logistic regressionfllinear ridge
regression, X=FEEIERETLAUFEREEN &5 KFAIChih-Jen LintE=FF & #Liblinear
FEERRESRARIR,,

B, EAINEB T linear soft-margin SVM , Effderror function@err sym , B LB
INERIQPIRIEESESKAR. linear soft-margin SVMAIPLA/pocket—1F&R 2 MFRE1FAYE]
B, G, ™NE T linear SVRAER , B 5linear ridge regression— ¥ &2 fRREHE
AOIRIRE , NSVMINAREE | (EFerriuee , FeiEAQPIERHITRE | XBERKNATIR
HNEEARS.

PLA/pocket
minimize
erry 4 specially

linear SVR

minimize regularized
errryse by QP

linear ridge
regression

minimize regularized
errgqr analytically

regularized logistic
regression

minimize regularized
ElTcE b}f GDJ'IISGD

linear soft-margin
SVM

minimize regularized
errsym by QP

second row: popular in LIELINEAR ]

L EPBENAEE AT LA AdualffZ, , S A\kernel , E2{ARIIEEUNT -



PLA/pocket linear SVR

linear soft-margin linear ridge regularized logistic
SVM regression regression
kernel ridge kernel logistic
regression regression
kernelized linear ridge | kernelized regularized
regression logistic regression

probabilistic SVM

minimize SVM dual by | minimize SVR dual by | run SVM-transformed
QP QP logistic regression

fourth row: popular in LIESVM ]

HAASVM , SVR#probabilistic SVMEBE] LAEAEII &8 AFHIChih-Jen LinfEEFH A
AILLibsvmEZEERECRRRIR., BER , XEAERIFSVRHIprobabilistic SVMER A EH.
k4t

(AN = |

ATHRFEENEBTSVR , Bfilki@idrepresenter theoremIBig , I&Gridge regressionit
{t7okernelf9fZZ( . BDkernel ridge regression , FES T SVRAYRE. BE2ERIAMERE
densefly , KERHDAIFFE. FTLA , FAIENFHTtube regression , {FFISVMEYIES:
7%, REx/MAregularized tube errors , EALAIXHERIR , 52T sparselVfif. &
&, BTN BIZHIFrEkemelBEUEANRE | BEEIA T SENS S, ELhRNA
b, BIERIEARNRRH TS EMREIERE,

08 :
NEFFENERIIREEEAFZMETH (sF2IH0E) #iE



