SEXFNTHINEFIBGRRIEFISEICT -- Blending and
Bagging

ETRFEAIEENR T Support Vector Regression , $§kernel model5 | AZlregression
b, B4, Bidigridge regressionflrepresenter theoremZE&#esk , 8%lkernel ridge
regression, {BEHEf#Edenseld , BIREBDANRE, AT EZsparsefi#t , A&
regularized tube errorfJLagrange dualsE&#c3k , FIFASVM dualfUES % |, 5|
support vector regressionfiysparsefi#. ARF1-6TIREESM4AKernel Models & EM
F3 , NATHRFE |, i 4BAggregation Models , BIfN{ElSAREAIhypothesisF]
featuresEGHEE |, IREEYY, ATDREGNBEPHEANTE , — 1 EBlending , —
~=Bagging.

Motivation of Aggregation

BTSRRI AEEEAggregation, BEIMFAETAER . & BBRAGTR
MRS RESHRE LY | WMIIENDEIR, g2, - -+, 9T, BRAIRIZIE
FRIERANERARROEINIR ? AR AEERETNNg: (z) 24K ?

B—FEERNT IR PIEE—RZEE | WRETUNEENEERIA |, BTN
BRI . XE—MERIIMZE | XA Rvalidation A8 , BliEEIREE IR/
RS, SETMIEE RSN IIREREZENS EERLLRBER |, #AEZENE
K, BBARERERTNERIEN  BIEERHMNMIE , —A—Z | RRATEH
SHZSZRERFN, XFA AN RuniformlyBA8, F=Ff755% , INERGMEAAK
¥A— , BRILLRIAE  RELENZEA—LY , BHLVRE | IRECERIZE/N—
L, A, AT ARETIRE | REB N ARNRENEARRE, XMHEAXINEY
Znon-uniformlyfSEA8. SEIUMGESE=MEASMU , BEENERREER |, 1R
AEBNEY  EFARIINE. LINNREERITIAIRE | BBALXSHELREE
FABRREANEENE , IRERSBITI , BBAMEXHERBENIRR=E1%
ENE, LRI Uf G AR RS AR AR EERNGT | B TR
MBS LA AT N R8s FE ST K. AggregationfIEAESIX M F 2RI
B9, B2 hypothesisESHESk | 1SEIFFRITUNIRER.



You can ...

« select the most trust-worthy friend from their usual performance
—validation!

« mix the predictions from all your friends uniformly
—let them vote!

» mix the predictions from all your friends non-uniformly
—let them vote, but give some more ballots

» combine the predictions conditionally
—if [f satisfies some condition] give some ballots to friend ¢

FRINIZERIBIF RS E A CRE SR IFFERMFRER , HFG(X)
RTERIRIGRAREL,

B—MTTIER N AR
G(z) = g, (z) with t, = argminge1a,... T Evar(g; )
BMTAS AR
T
G(z) = sign() 1 gi(x))
=1
B=MITEXINAREY
T
G(z) = sz’gn(z o - gi(z)) with a; > 0
t=1

BIUFTTEXI MAREY

T
G(z) = sign(z q:(z) - g:(x)) with g;(z) >0

t=1



the most trust-worthy friend from their usual performance
G(x) = gr.(x) with &, = argmin,.4 ... 1y Evai(g; )
the predictions from all your friends uniformly
G(x) = sign(ZTT=1 1 -gf(x))
the predictions from all your friends non-uniformly
G(x) = sign (ZL g - gt(x)) with a; > 0

» include : ot = [Evai(g;) smallest]
* include Doy =1

the predictions conditionally
G(x) = sign (ZL Gi(X) - gr(x)) with g,(x) > 0

« include D QX)) = oy

ERXBERINE M ERBE WIS SRRIEEE | TeERE, (g:) kKRS
Eya(g; ). ZidValidation , RGN Eye  RIEEy: 5/)N , NI RIAIEENF
JIEAERYZESE,

(BEFE—F7TEREN RSB Ihypothesis MEIZRIFAERL | FHABEAIEERN
BE. MAggregationfIBIBZ BRI , ErIaERThypothesis(UBEEIEFK , BEIR
BERGEER , (EFUUEELAR BT IR,

TESERE—MIF , BIEXMIFRBE A 4AAggregationggwork{S&EHF.
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MEEFRFR , FEHLDHE—LEFDERNR. NREKRRBEA—FKFNESREER

RUZH TR | BN EAIRINES , HAFRIRENS SR, XSLhr EHE LE
MBRYSE—FFI53% : validation, B2 , tNRATLUSEREARES | ELi—FKFLAME
FEHSAGTARIEPTIRET I , SIRLSHREINRTES T | B2 T RIIAITT
MR,

XMiFEREE |, BB ARRhypothesestISMEE S ER |, 152 7 LB —hypothesis
EIFRITIIEERL, IXpiRaggregationfILBFIE , EIRE 7 TUEE A power , 22|



THFFEER ( feature transform ) BIREER,

e Mix
uniformly
—@G(x) ‘strong’
e aggregation
—

HATBNBI—HERE | AFERFELOME—EHFoRNR , EAPLARE , &
LISRIRZRESRMAIDRE , AN FER

XTCESEPLAGIR SR B E& X M hypothesisER RS X ERY., BERKIISE

BRI XEL R BKIEERE RELURIEN BB EHLZ | XS5ZRISVMBIRZE—
Y. MR VEFRERRERhypothesisESIEE , LUKERNANHTAESEER | &

B RIUEEBRINDEELHMEP ENREIE. XNEFRERR , MENSEH
WERRFHIA getEH TES | BRINER—REFEN. &E5ERY , BIXINE AR
EBHZ. AL, aggregationtB#2ZE] 7 IENY ( regularization ) BIZKER |, 1LF0MIREY
EEBFEM.

e MiX
uniformly
—G(x) ‘moderate’
» aggregation
—
EF LRI |, FA111B2I T aggregationfIF MR : feature transform#]
regularization, FA1ZBIENEEZIEAMREDHMNEIT , feature transformF]
regularization@XI37AY , ITIB (10 BILLIEER R JFIERRIZE. WNERi#H1Tfeature
transform , #BAregularizationfIARBRERE | RZTTA. tBHRR , B—EEEE



HeemmFfeature transformfregularizationz— , TERE Z B MY E, (BER
aggregation#lggi&feature transformflregularizationZ HHIEESHESR | IFEVITH
IR ZEE=HIERY | AR ERNTTURE,

Uniform Blending

ARG T A LGB —E5Eg; , WA ENIRITES. 67, KEE&
ERIFUEELE ? XM REFR/Iblending.,

B FRY—F75i&Runiform blending , iz FiF-classification732&/adk , MiERGE—
NETRERVREMR FANEE 1 , M TIRE |, BEIRG( RIS ¢

T
9(x) = sz'gn(Z 1-g:(x)

XMTTENN=MER | F—MEREE MREAEg #BTe—H | XIREEPER
— g REE | FMEREEMEENEg HE—LE  XEREBER , X
AT LABERENFZ A ESHEMEEDEEN , NMSEURIFIRE , S0 TNERT
™ BEMBRESHRIATR | IRREHESAIAP—ER0A.

» Same g; (autocracy):
as good as one single g;
« very different g; ( + ): x Oﬂ
majority can minority n o
» similar results with uniform voting for , z
multiclass ’ x o0
T x
G(x) = argmax » ~ [g:(x) = K]
1<k<K 3

NER Fregression[@]|3[aJ R , uniform blendingBYEiEREER , MEKBTERNHEg: K
9E :

G(&) = 7 D a(e)

uniform blending for regressionXSNFFHER : F—MPIEREE MEIELI g BT
—f |, XEBIEEHEE— g REE | BMEREE MR g #E— L=
5, Bg: > f(z) , BMg: < f(x) , LA FISERBRIERRESTBERX M ATFH]
INFRISZN , TSR FRIEITFES, FEitE , NER SRR |, KE9EEREEMN
foE , FINEm.



* same g; (autocracy):
as good as one single g;

« very different g; ( + ):
some g;(x) > f(x), some g;(x) < f(x)
— average more accurate than individual

XFFuniform blending , —RERERFMEEAFEG, BIE—LER], XK , BIYAREg:
EESFIENRSEE |, &iac52ItkBR—iE g, BIFHIEEY,

NI F 1422 7 uniform blending for regressiond , 118 g: A9 IHERTSELL B —FY gy
FRE , BER. TEHTERAHESFIIERR.,

avg ((ge(x) = f(x))?) = avg

HESITERERG(t) = avg(g). BIHES , BiI&Havg((9:(z) — f(z))?)5
(G — f)*zi@ETavyg((g: — G)*)J , BREATEN. MMEZg5BIRREHIE
EBEELCSIEEK,

RiA EX RGN | MEABERE | WBAH T DRATIRIE , 8
2
avg (Eou(gr)) = avg (£(9:— G)?) + Eou(G)

;j + Eﬂut(G}

MERERE |, avg(Eout (9¢)) = Eout (G) . WTTIEBR T N E3RI5 | iTEg:RY
SEHEG(HELL B — g, BiER BFRERET , regressionZERE T,
HIBRMBEGEHE NI NENE, SBENMURNEADISI ESHTFPY
, BRI D, RS ERIERN g, , TEXT g, SKRFHIBEIG , HiTIREIX , BITHME
FIFSAHIRTE

— . * 1 T
g =limr_ G =limr_, T ;gt = EDA(D)



consider a iterative process thatfort=1.2,..., T
© request size-N data D; from PN (i.i.d.)
® obtain g; by A(D;)

i | e »
g = JmG=lim =% g=¢ AD)
HTERTASKEHE , G = g, WBITHFKIL

avg (Eau(gr) = avg (&(gr - 8)?) + Eou(d)
expected performance of A = expected deviation to consensus
+performance of consensus

performance of consensus: called bias
expected deviation to consensus: called variance

FrERPELFRRNERRRENIEE ;| AHEZIEERAA B FFSRELR |
F{mZEbiasr ; AIE—IF M Eg SHRNEIERS ) | kitg: 2 BRI RE |
FiFZ&Evariancezr. tEFRN , —NEEZNFIIRINATLAMHRAARIT , — 1 2FT
Bg:HIHR , — 1 \BAFREg; 2 BRIEEREZ/) , Blbiasfvariance, mHuniform
blendingAUIRERTSKIIRNTTE | XBEFHIRSSH T L5 —TfvariancefI(E , MiTTiE
EENRIEET T | Be5RIEMREhIRIL.

Linear and Any Blending

—EB a2 uniform blending , BIgANg: T SEINEERR 1 | KEINEBE, TH
11BN Blinear blending , 81 g: I FEINE o HAHER , HEFap > 0. HIIRE
BRINTNERE T g: &M ES.

blending: known g;, each to be given «: ballot

.
G(x) = sign(z -gf(x)) with

=1

SRR IHE |, HiEERBRER/IMEIEE |, RERENo |, FE, (o) BlRN
{&. Bl0xdFlinear blending for regression , Ej, (a)BILAB AL RO, , H
oy BHEKESE , g (xn ) RENMEEINTUUE , HESESEE, XFHRREUT
TEABNF BN LRSI ; (2, )ilinear regressiont& Ry, FANFHH

9t (2, ) IR TFob; (2,) . EE—ARAIFLERlinear blending for regressionday > 0, M



linear regressionshw; ;S ERE,

computing ‘good’ ay: min Ejp(«x)

linear blending for regression LinReg + transformation

like two-level learning, remember? :-)

linear blending = LinModel + hypotheses as transform + constraints

XFpK R0y 735G 2 Ftwo-level learning , SRUTFERAZRIN2EHprobabilistic
SVM, X&8 , B%&itEg: (z,) , B Tlinear regressionf8Ela H, AR
linear blendinglB="&B%348Kk : LinModel , hypotheses as transform , constraints,
HAESIEN—SFR | itEIEG eI LUE g, Hpkfeature transform , KEETFEH
IRZBNZBMTAARRE | BRT o > ORYFMIRS.

linear blending = LinModel + hypotheses as transform + constraints:

1 N T
min o) e (yn,z -gf(xn))

=1

([ 1%FE— Flinear blending4fJconstraint a; > 0, XPNEHFBE—EEMILIE ? A
Roy < 0, SHRHLBRR ? HL oy < 0OFASTWOENR , REBBIERE
RfaZE |, GRS RIESREDR], BN RaRR , FniZmRIER Mo < 0, MEH
FrzReEmnE , BYNA—o; > 0. WRB(NTHXMEARIEEAIRZE-99% |
BRI ENZEARRENEREI%, o > 0fla; < OBRRESHE—E
8. BREA , BATeTLABo: > OXNERIFE X | X#Hflinear blendinggtrl LAERE S
KR



linear blending for binary classification

ifo, <0 = a:gi(x) = o] (—g:(x))

» negative «; for g; = positive |;| for —g;
 if you have a stock up/down classifier with 99% error, tell me!

=) )

in practice, often
linear blending = LinModel + hypotheses as transform + tosss=nls

Linear Blending={sE Y g, RIBITHRELEIFMSZIRY , FIAvalidation , M\ Dypesn F15
Elg; 195, 97« AR Dirain PENMHIEREIZMERITESBEINE , AAE
fBnziYlinear blendingitEAILF , ERMHEREIINaE. &%  BFBTBHEARE
1= BRIFTMNg: B,  WGHFEg: LM EETARg,  E¥Eo.

in practice, often

by minimum E;,

» recall: selection by minimum £,
T
—best of best, paying dyc (U Hr)
f=1

« recall: linear blending includes selection as special case
—by setting . = [E.a(g;) smallest]
« complexity price of linear blending with £, (aggregation of best):

e (}__T{H")

like selection, blending practically done with




Given g7, 95, - .., g7 from Dy, transform (X, y,) in Dyg to
(zn = ®~(Xn), ¥n), where @~ (x) = (g; (X),.... 07 (X))

Linear Blending

© compute o compute ¢
_ LinearMndel({(zn, yn)}) = AnyModel ({(zn, y,,)})
@ return Guns(X) = return Ganve(X) = 0(®(x)),
LinearHypothesis_, (®(x)),

where ®(x) = (g1(x),....gr(x))

any blending:
» powerful, achieves conditional blending
» but danger of overfitting, as always :-(

X T linear blendingz 4t , iXRJLAER{EER ZLAUblending, linear blending™ , G(t)2
g(hBVZMEHES ; any blendings , G(t)ATLARg(H)EMEMREF I (LM ) . XFH
L AblendingtBIlf#Stacking, any blendingfIlRRIRELERERS  ERRDIREE
FRITTUIREY ; RREEMRE LSS REMEHE. FrLL , fEfERAany
blendingfyidFZEHFERN A FRERIIE KE | BIIKAregularizationdY777% | 1.EE
BIBBEFRZEES.

Bagging(Bootstrap Aggregation)

RE—L FEHRIRNS | blendingfiZH 215 B & 152N g H1TaggregatefiJiE:
{E. B{RAYaggregationfiz={BFE : uniform , non-unifornfconditional,

blending: aggregate after getting g;;
learning: aggregate as well as getting g:

aggregation type || blending | learning
uniform voting/averaging ?
non-uniform linear ?
conditional stacking ?

IEEE— IR : MASEIARRRIg: Ve ? FTLUEEAREREH | aILURERRERES
£, Blain. IEREnS | TLAHEERIRENIESEER] , HIaNPLA. BEMFZ ; AILL
IEREARREIRNASE. X558 5 EI A RERYg: .



learning g; for uniform aggregation: diversity important
» diversity by different models: g € H1.92 € Ha....,.g7 € HT

« diversity by different parameters: GD with = 0.001, 0.01, ..., 10
« diversity by algorithmic randomness:

random PLA with different random seeds
«» diversity by data randomness:

within-cross-validation hypotheses g,

ABEIF A EBN—MHEIREEREIEHARNG R ? 85% , E(EIR—T~ZEN A8
bias-variance , BlI—NE&ZAIFIIRINT UAEIRAARIT , — 1 NErE g A9H0R
(bias) , — 1 2AEg: 2ENEERZ /D (variance ) . HFEN g #RFEFHN
HIREN., RE—MEIEENBERT , AEEHNEIESE ?

expected performance of A = expected deviation to consensus
+performance of consensus
consensus § = expected g; from D; ~ PN

Hep , gRERNHTERTAS AR , ARG ITEFIHERIRE. XBEHAA
T1EElg , MR NESEM

o BT ;
. HEEBEDIEED, PV , MRS

F—MEERBRE , B _NMEUSERIEEERT Ebootstrapping, bootstrapping 24t
TE—NIE |, BEFENCEEIEEDFEIHEMSSMUAIEAR D,

 consensus more stable than direct A(D),
but comes from many more T; than the D on hand
= want: approximate g by
« finite (large) T
» approximate g; = A(D;) from D; ~ PN using only D

bootstrapping: a statistical tool that
re-samples from D to ‘simulate’ D; J

bootstrappingfIIER , RIENERE} , SEMFIEH—MER |, BEE , BiEE
—ANEEA , BIEE , HEENR, XERITMER T —NFHONESE , XA
D, rlsea S EDENESHAS , thAlsseaEDEIRLHA , D, SDRIUER
FretamE., EE—RNE , M- HENRIER—EIEERN | REETLUIEZE,



FIRNIEREHREARTS 100004 , B TATLAHEN-FEI30005% , BRI S3000MEARI D, th
220 L. FAbootstrapif#{TaggragationBR{ERAEFR Sabagging.

aggregation

consider a iterative consider a physical iterative
process thatfort=1.2,.... T process thatfort=1.,2,..., T
request size-N data Dy © request size-N' data D;
from PN (i.i.d.) from bootstrapping
obtain g by A(D;) @ obtain g; by A(D;)
G = Uniform({g;}) G = Uniform({g;})

TEZANLERHBagging Pocket&Ei ARG F. W TFERR , foiBidbootstrappingfSZ|
25NAEHEALE | B{ERpocketEABRI25NARERYg: . B pocketE£1%E,1000
R, B&=fE , BFBblending , BB g RIGIHEER , BRIREZNSFEL  NEHEL
Fi~. BILAEW | EAbootstrappingR1SEIERIRERRID L (k& ) |, BRSD
blending/g , BEIFIDRELMREAREDN . NbaggingiB FE RS EIRIFEN D SIRE,

Toocker = 1000; Tgag = 25

EETENE , RESET AR LRREERAT , TatRFE
7,
s gt

I n=H

ATIREENE T blendingflbaggingf753% . i JEEE Faggregation , BISREAY
g BFER |, FIRSEARIEEBRIEMMNILRIGE). Blendingl@FE D A=FENR :
Uniform Blending , Linear Blending®JAny Blending, & , uniform blending>(#$&x
BBAR — A—Z B9 757% , linear blendingfany blendingZBRBirEHItwo-level
learning75i% , ST RATEEIRMURIE , KGRI MM AARIEMAS, B
&, BAINE T a{TFIAbagging ( bootstrap aggregation ) , \EBHIEED 1S



HEMWSERUBEAR D, , MEREIARENg, , BE&FHER , fATTIEE,
8B :
YEFHFENE RISREEESAEMITH (TEsx=IH0E) 718



