A AEMTRINSBZEIEZFIEFEIZEIC11 -- Gradient Boosted

Decision Tree

FRHER1FEENE T Random Forest&E£1&EE), Random ForestgiEi@idbaggingdy
HIUEITFE A ERYdecision treeBEHEE, FRILZSN , TEdecision treed I T =FH5E
MRS | ELUOARERERS MRS E. REEAALAFEROOBHAiH Tself-
validation , TBATLAi@iZpermutation testiff{Tfeature selection, ATIRIE(EH
Adaptive Boostingfd75 A3 5xdecision treeff—LbELAFIIERY,

Adaptive Boosted Decision Tree

Random ForesttU&EERZFEA ] LB RBIFMANET , BlEsiEidbootstrapping“S
H" FREEAREED |, BEIFHEARED' ; REXEND'HEHITIEEZEIAREAdecision treefl]
IR ; REEIBATANg BiZuniformiF R EEREE , BILUSENATERIG.
XEERFERIBaggingfIA = , tBREIEE N g IFUNERZEM. TE RS
Bagging&#ftaAdaBoost , {MEANBLARE. BIEEibootstrapfSEIFID HE/MF
AMMFAEINEUY) ; RBTESNdecision treerh , FIFSX LA S I4ERIRIFH
9t | REBHE N g FrEIINE | LMEESERIG, XMEEFRIAdaBoost-D Tree,

function RandomForest(D) function AdaBoost-DTree(D)
Fort=1.2,.... T Fort=1.2,.... T

© request size-N' data D; by © reweight data by u()
bootstrapping with D

@ obtain tree g by @ obtain tree g; by
Randomized-DTree(D;) DTree(D, ul?)
@ calculate ‘vote’ o; of g;
return G = Unifﬂrm({gt}) ) return G = LinearHpr{{[gr._ ft;)}»)

{BE27EAdaBoost-DTreeh BB T =N — S 28 MEANRELY , BT , 7
Adaptive Boosting®ij#17 T bootstrapifE , ult) FRDPEMEAIED P HIANR

£, (BEIDRERIERT | FINCARTE AHIESESINu® , BBA , WEE RSN
SINIX LA Eu®) KIEBIRR g, 1 AKE SRR EL LR ?

f£Adaptive Boostingh , ({188 T weighted algorithm , #2400 :



1 N
E:Ln (h) = W Z Uy - e"""(yna h(wn))
n=1

MR RSRUMERIAIING | KAOBYY |, REBEITEY (h). WREREK
WREREXMAE |, BED X MEERNARFING , BESENXEHM St
SX , R BKE. ATEHIEE , (RERRNEZASHREERTAMYE | F(IaTLL
IWRRNEES— N EEF |, BIANEZEEE , AEEASHITIENR  TINEUE
SKIRD' E—Leah I8, RRRIXFEAR |, B IRENE LR LRz AEbootstrap
PHEIIANRE , LT EHIAEER, IPATTLURIEUE , WEEAEDHI T IREN
BIBEHsampling , B ETHAERIFENIEE. samplingZfg , 52— D',
D' ENMEAHIMA RS ENE VR SRt HINIZREAZZLN. B , fFERTI
BiYsamplingt®(E , B2 THAVEREIEED' , alLABRANRERIHITYIS , AT
Tom SR BN EIRLEM., samplingA] Bk EbootstrapfISIR(E |, IXFIXIEURA S
TENMAENE EEEN G A FEEE |

‘Weighted’ Algorithm in A General Randomized Base
Bagging Algorithm

weights u expressed by weights u expressed by
bootstrap-sampled copies sampling proportional to u,
—request size-N' data D; —request size-N' data D;
by bootstrapping with D by sampling xuon D

FRLL , AdaBoost-DTreefEE T AdaBoostfIDTree |, {(BEMT —A/IVINGEKES |, iE(E
Fsampling&tiEu®) |, EREERN,

AdaBoost-DTree: often via )
AdaBoost + sampling x u'? + DTree(D;)
without modifying DTree

FEFANEI fEAsampling , FARBFEAERNRRNT |, EEIFERg:. BRILZ
Gb , BATEERES g TR E ;. ZEIF(JEAdaBoost P EZNAIY , BEH
HENg: AERRe, , ARITENE !

1—€t

ar=Ino; =1In
€t

ANEIMEE— 5L KA (fully grown tree ) , EIRFERIEAS, JIEHEE. £S
ANEREAHERIGE , —ITESY | BEFTENT, SRR ST, XEHE

Ein(g) =0, IEEL (g;) = OTiEle, 20 , ATHEEINEY = 00, oy = 00
STI%g T EIORETIRA , HSTE— SRR T G , E—Fautocracy , TiEL



ERg:XICIRER,

if fully grown tree trained on all x,,
= Ein(g¢) = 0 if all x, different
= Eij(9:) =0
—— £t = 0
— a; = oo (autocracy!!)

BRaoy = coARERKNTEEFRIR , B autocracy L2ARTFH , BANFEEA
aggregationt§ A BN g: A GHER , RIEENEERGEIRIFIIREG, 85, Flilk
E—MAREERT o = 00, BRENRE | —NEERTFERIERT, #H1T)
% ; — 1 ENRIDIIEE |, fully grown, EHRTXFNRE |, FA TR LARIRIH—LE 5
(pruned ) , EEANRFER—ZBOHEER |, iXTEsampling AR ERESERNIXRIER |
NNRBLEHERSEHERER. Rty BAIETLRENEE | 19X AEHB
1%, INimgEg@dfully grown,

need: pruned tree trained on some X, to be weak
o pruned: usual pruning, or just limiting tree height
 some: sampling x u(?

[Flts , AdaBoost-DTreefEFBAYEpruned DTree , Bl RS IXLETNIRI SRR IEAIMRIES
&tk |, BRIRFRIG |, B tHautocracy,

AdaBoost-DTree: often via AdaBoost +
sampling x u( + pruned DTree(D)

R ATt 7RI LRSS E |, BBREMESHNESERHVIZEIRI ARG 1ESRIEY
1%, B2FHER ? S/MER1HHE , BEMRER IS , TIEI—XREIE], R
impurity;2binary classification errorfiJig , BfALLETAYAdaBoost-DTreeRfiiR
AdaBoost-Stump;&{+AmitE. i RiiAdaBoost-StumpEAdaBoost-DTreefd—Fh4%:
RIE.

DTree (C&RT) with height < 1

learn branching criteria

b(x)=  argmin Y |Dg with h| - impurity(D, with h)

decision stumps h(x)

—if impurity = binary classification error,
just a decision stump, remember? :-)



BEE—RE  WERNSHI , BEREERe = 089ER . B—iRASHsampling
AURE , MEEEENERANZIEEZP., XERFItETAIAdaBoost-DTreeHEI T
2 AdaBoost-Stump , MAdaBoost-StumpgtE B E USRS ERIRY,

Optimization View of AdaBoost

R, HA RS HREIRTTAdaBoost i ARI— BRI 2 4b, FfiJRNiEAdaBoost
AU ERNERTT RN TR

S uff}-t; if incorrect
" ul" /e, if correct

= uff} . gy Y9t (Xn) Uf{;ﬂ . exp (—Ynatgi(Xn))

ZBixJFincorrect A FcorrectiF A | ug ) HNFREAXAE., WE , BRPERES
i85k , Bul T Sl —REaa

D ) ) ol oty o)

Heh , XFincorrectt R | yn g () < 0, X TFcorrectiER | yng:(x,) > 0. ML
REUEH , o ) SeisseTesl. i, SE—wEmul TV
Sl BB , BiIZESus) = L, WEITHES |

T T
1
ugT+1) _ u1(%1) . exp(—ynasg: (zn)) = I - exp(—Yn Zatgt (7))

raic =1
J:—th:zz;l o gt (T, ) BEFR Favoting score , ERERHIHEEY

G = sign(X 1, o g:(2,)). TLBH , #EAdaBooste W5
exp(—yy, (voting score on x,))FRIELL.



~
uE:T - u:{T” 'HEKD(_Y.'Jithr[Kn)J =N €XP (_.Vﬂ 2 tgit(Xn) )
e t=1

« recall: G(x) = sign ( i ¢ gr(X) )
=1

.
* > a:g:(x) : voting score of {g;} on x
f=1

AdaBoost: u ") x exp (—yn( voting score on X, ))

BT RFEAN R EEE — T voting scoredZE R TR . W TFER7~ , voting score
52 gt (25, ) RIAZENES o MBS TIRL. NBIMNRERE | BATILUE

9t (T ) BRI T, SR (2,) . s FREEMHER PN E ;. BEIXE , &
MEMZEZBISVMEF , w5¢(z, ) I5RIRBMRUWAIKER 2margin , BIREILRAY
IEE. B, FRMBE Sy, Bk , Trm0UEREIERIIE B —NIE 255 RRIER—
M, FrLA, ERgSksE |, iXEEfAYvoting scoreSCRR FRILAIBREIRBIENM (iZERLw
HKE ) BUEEE | BIafLABRERIZREIo LR IEEN—fEE. WSR LR , IEE
HAEEF |, Rl Rikvoting scoreERAJgEA—LL,

linear blending = LinModel + hypotheses as transform + Corssesamis

voting score
FT ]
G(x,) = sign o gi(Xn)
Wi oi(Xn)
- i i _ Yo (W7 () +D)
and hard-margin SVM margin = W] :

A VERE , Evoting score Sy, KTk , MFT—NEXHET SRR, Bt
MR EHEREEE , NETRATESRN D | SR ; MR EEREEY
ISR SEIERBI—D | $3RIER. ALl , IS ER BRI Ly, Svoting
scoreflITFRSIEY , MEMARF, BBAERMiESau ™k 52

exp(—yn (voting score)) i NeitF , NTHEEILS i/, e , e
voting scoreZEHIAREE | Sy, HUTAMEARNE | BRI ™Y RiZas/ vy,



¥n(voting score) = signed & unnormalized margin

want yn(voting score) positive & large
& exp(—yn(voting score)) small

T4
o u'{ 1) gmall

R AfEAdaBoosteh , BEEERE ST , AN BEmRE/I | B5

unT“ /0, DUEEMEAMEASSREN, aickE , Fretanul T 2zt
SO, BAEFHEESRE 1 (T+1) 2355 , ibraramul T /R
getth, wl T FAEERIITRA -

claim: AdaBoost decreases Y1 ul" and thus somewhat minimizes

N
Z () =N ZEKF" (—}'nz tGt(Xn )
n=1

£, thp:1 ot gt (T, ) #iFR Alinear score , s, X3F0/1 error : Fys<0, N
errgy = 1; BHys>=0, Merrg;; = 0. W FEGLERBITLMR. T EAFIEER
fsgEerror , Blefrapa(s,y) = exp(—ys) , HEEysHILIN , errorfiATRIE , BYA
#EIE0/1 erroriTf L. INTEANEEMETR. |REE | efrapa(s,y)TLL
ERGE0/M errorf9 LS. FRLL , BARTLAERRePr apa (8, y) FEEK0/1 error , BEAZ]
RIS, WAk, S u TV ETLE R —Fherror measure , TIEIIAD

EtFHRILERIME , KRES/IMERIRIRIAE N oy flgs (25) .

linear score s = EL, v Ge(Xn) °| \ " ad

* ermo/1(s,y) = [ys < 0] A\

e €riapa(S, y) = exp(—ys):
upper bound of errg /4
—called exponential error
measure

P

O = M A
1 ] /

erraps: algorithmic error measure
by convex upper bound of errg

(T+1

TEEARFFIELY Y | uy  EUSR/IME | BESTAEREE T ( gradient
descent ) BY3iARIAITHKAR. :’Lizﬂ]ZﬁUué’n’Jigradlent descentfz O EER =AM
—MNZ=ENETFF -



recall: gradient descent ( ), at iteration ¢

min  E,(W; + nv) = Ejp(w;) + 7 v VEq(wy)
”'l'”:-l S o— . w. . S— o—
known given positive known

Heh , w; 2EBEFONE , vVERERN THNSIFAE , CEEEV E;, (w;)i

RAE , TinEEREHNSE, WSRKAESHEENRAEE—INE , e

BEAK (§/IME ) . X EEE FEEERIES.

I , AT E gpa BHEE FEEHME , KEISXENARE—NREg: AR
—ANEBw, H, REFHENE—XEME— N TMrEESN , B— ) MrEE
BN, CEERE TREDENA A ANKE, Eit , REREE T EE AR
2, MHETES

at iteration t, to find g;, solve

N —1
_ o~ 1
mf:” Ewon = N z exp (_}"n (Z argr(Xn) + ’J'h(xﬂ:'))
n=1

r=1

N
= Z UJ[':Tt] exp (—ynnh(Xn))

n=1
N N N
tayl
a}rmm Z UJ[':Tt] (1 — yanh(xn)) = Z Ur{?fj — 1 Z “E]ynhl:x”]
n=1 =1 =

FR, Bz, EREESHE , BE—MNE , nRAENIISEIHNEK, BIE
KRR (2, )R | (518E o p o STERSTR/NG, S E 4p o BYSE/IMERRHER ,
BB ARTEHIS RN AEAh (2, AR EBIBSE T, FAES R TE

—yanh(z) = OI—NERERETFELL. XRSTESZE , EApA WS RATA
By, —AEBINNZAIIYY | ul) | BHEMEIFRENE, 2H ; B2
TSR (2, ISR BRI -1 YN uDyah(2,). Eapaboisia
R Sgradient descentfIFE R EAE—HH.

MAETE , MRERIMLE 4p 05 , HELE=T— N, 0D yoh(e, )
7, WA B RE— MR (2, ) (BRI ) SEBIMY,
SN ul) (—ynh(z,)) | HETERREERH D,

finding good h (function direction) < minimize ZLI uff} (—ynh(x,))

XJFbinary classification , y,F1h(x, ) IPREBUE-18+170FF, FHAiIxd
SN 0 (~ynh(en) L ST



for binary classification, where y, and h(x,) both € {—1,+1}:
N N ,
(1 (_ _ m [ =1 ifys=h(xp)
Zun (—ynh(xn)) = Zun { +1 if yn # h(Xp)
N N
N L (] 0 if yn= h(Xn)
= ;”ﬂ +§“ﬂ {2 if yn # h(Xn)

N
S S NPT

n=1

eoa f
—who minimizes EI.‘;{ '(h)?

RSN wl (—y,h(e,) WEHRRER , — - Y, o) 5—me
2B29) (h) - N, Mgt N | ul? (—ynh(a,)) Bt nSIMLELD (h), Bit
u(t) (h)&/)\Mt , IERHAdaBoostHfbase algorithmBH8HIEE1S. FRLASR
AdaBoostEF'E’Jbase algorithmIEdFESEA IR T E FEF M —RFHIRETT .

: good g: = h for ‘gradient descent’

LA EFEMNEEF £, Mgradient descentfELGIIE 7 AdaBoost{s§EEbase algorithmi§
2GR E Ap A HNIATE . RRSXANSAE—NREMAREE,

ERR T HEEEE |, BAIFEEELHRKEPNTEN, TiEREHEL g |
IV ENERN B Ap A BUSR/IME. tHREEIR , IBE 4pa BREESHHKENNERL ,
EFFRHEIE A p 4 B/ MRS RIAIN{E.

AdaBoost finds g; by approximately mm Enon= E u exp{ —yah(Xs))

n_l

after finding g;, how about min EADA:Z unr exp (—ynng:(Xn))
d n=1

BN KRIERESE LS AEIHIE | thatEsteepest decent, HfiIEBEApa
RIALE Tk -

Eupa = Zun exp(—YnTg: (Tn))

£, ERHEREEES

© Yn = ge(Tn) : uﬁ,)ewp( —n) correct



* Yn 7 g(zn) : ug) exp(+n) incorrect

Eipa = (Z - (1 = &)ezp(—n) + & exp(+7))

optimal 7;; somewhat ‘greedily faster’ than fixed (small) 5
—called steepest descent for optimization
two cases inside summation:
Yn = Gi(Xa) : Uy exp (=) (correct)
Yo # Gi(Xn) : Ul exp (+1) (incorrect)

E.ps = ( HNZI uf?n) : ((1 —¢;) exp(—n) + € exp {—H,r])

. . OE
REXINRS: , S—224 =0, 18 :

on
1—6t
nt:l'n,d = oy
€t

HIEY , SRS HHKERRo: , BIAdaBoostditE g fir SHINE., ATLA ,
AdaBoost&EEFTMBVE S 2 fEgradient descent F3RE FIE RIS MRS AHSH
KE. XBAEHMEg:  B2— TR, MPHAKENRa. BHER , &
AdaBoostHfEEg: floy BT FERE 2 F1Egradient descent_ SRR IS EIF]
RARTHEKE.

Gradient Boosting

BUEIF{IJMgradient descentBIFRBEREFNA 7 AdaBoostURILI KRR IEZ, B4
IR LAEE S

AdaBoost

N —1
n
min min & ;exp (—yn (Z arG-(Xn) + -rxrh(xn)))

T=1

with binary-output hypothesis h

LAE2EXdbinary classification[@l@l, dNRFE—RRAVEHITIE , X FARY
error function , Et#lllogistic error functionsl&regressiondfysquared error

function , APAIXFMEGERTABRIRE ? 1IXFhER FEIGradientBoostAT LA AIN T



el

mln mln — Zerr (Z arGr(Xn) + nh(Xn), yn)

=1

with any hypothesis h (usually real-output hypothesis)

{h9AtERgradient descentfBAE , XX, h(z, ) B T—SRIMIIAME , n2EHK
., LttAtAerror function~E2BIEATHAexp T , MREEAI—Ferror function,
Ikt , X3RzAYhypothesistBAE Ebinary classification , E&E V23L& HAY
hypothesis , fflfliregression, RERHIBIREERBRIENIRIFHTS (2, ) FIEIRATE
HED,

GradientBoost: allows

for regression/soft classification/etc.

ETK , BIIpREBF U Ak #FEregressiondJGradientBoost[alfR, BAIFRIANAITFT

.

N —1
o ,
min min & E crr(§ a9 (Xn) +r;h{xn),yn) with err(s, y) = (s — y)?

] h
n=1 =1

™

Sn

FIFAE RIRAOEIE , B HE LR T— N RERR , SRR -

N
) taylor ) 1 derr(S, yn)
min... &= min S + h(x,) —
h h N;M NZ” (%n) ds s=s,
- constant
I H
= m’gn constants + N ; h(Xn) - 2(Sn — ¥n)

b, BB Fregressionfierror functionEsquaredfy , FrlA , XIsHSEGEE

2(8p, — Yn). EFIRIREIESBLERTES , MRIMUKEFHEEFN . FRATLIZ
f%. REBE  BEFELXBIME , RESh(x, ) 2HE2(s, — yn)NRAEFHITT . B
h(zn) = —2(8p, — Yn). (EREEXHEWRE  FHREXTh(z, ) ANSFITIRE] , —
RAEEF BN RE kB (2, ).



mﬁm constants + N Zn:1 2h(X)(Sn — V)

SCPR A (2, ) WANHAREE |, BAEEHKE. B4 , B EENSIVLER+E
BEIFh(z, ) BIRIMBLERE], FREIA (2, ) —Fh B EREGERIE A (2, ) AN E—
ESTI (2 (z,) ) FINE)_EEAIRIMEERES | XFpiiESregularizationZ&{l, WF
B~ , 2TESFIERE , ZEREZIN , BIIE2IEXOPRFE :

N
min Z((h(wn) — (Yn — 5n))?)

FHEB—NREFELZH |, yn — SnTrHEIBENMERAESENTUIENE |, FRZ
PR, REFRETNEERHMEINSERSELENEERS ). BBA | (NRHEA]

BEF FRBIME , SKESIRAOA (2, )B9E , REiLA(z, ) RETREHZIASRE]

Yn — SpBI0], EFHIRE FRATeERAESLRER |, B2 Bregressionfy7gi% , X4
FFENDN (20, Yn — Sn)ffisquared-errorfiiregression , {EZIAIEITSEH EFATE

*Elggt (mn ) °

» magnitude of h does not matter: because , will be optimized next

» penalize large magnitude to avoid naive solution
N

mgn constants + _~. Z (2h(Xn)(Sn — ¥n) + (h(Xn))?)
nm=1
= constants + _~. 21 (:orugtart + (h(Xn) = (VY — Sn)) )
n=

» solution of penalized approximate functional gradient:
squared-error regression on {(X,, ¥» — Sp )}
N,

LAEF 25 GradientBoostiy BB f# i RregressionA VAL , EFNAT—NE
HMBEENHS , HERK Y, — Sp. RIEXLREHregression , 1S2IFAYEG: (2r, )
, FEEEG: (0, ) B EARECREN,

GradientBoost for regression:
find g = h by regression with

ERESFNA ARG (2n) 25 MERKERNSHIKEn. RELAT



after finding g; = h,

N —1
a1 ,
mm}(ﬁ E err(E o, g-(Xn) +r;gr{xn},yn) with err(s, y) = (s — y)°
! - n=1 E:1

-

i

Sn

Bt LA THESIWE | BRIINTRIAL

N N
, 1 1
min 5> (Sn+19t(%n) = Ya)? = 35 (V2 — Sn) = 1Gt(%n))?
n=1 n=1
—one-variable linear regression on {(g:-transformed input, )}

EXPBEETREY, — sn . HEFg: (2, ) TLABEKET, B , EEXE. BB
2, MNERFATVEEL FRXBIME , KEXIRAINHGE , REibng: (z, ) RETREHEAR
Hyn — snBIE]. B, XtEE—regression[l@l , MER— MEEERAIF Ny=ax
IZMEREIT , RE— P RIEN. RENAENT=(Ng: (2n), Yn — 8 )fMlisquared-
errorfillinear regression , FIBIRE NERAFEESEIRERN.

B ERAXEHESEFHEI—RE |, FIHEEI T — P =ZaERAGradient Boosted
Decision Tree(GBDT)., AJgeBAA , FlINIA—EIZBIHZEIDecison Tree , RE2H
£ Y GradientBoostlfi ? NEF({15REEDecison TreeREEEWHINFHERRY, HSC
NIRIEA JTEH E A MRS g AIRHE , BXIFABNN R (Tn, Yn — Sn )ffisquared-errorfid
regression, ARAXMNEIFAELFAJLARRRKCARTIRE! (RIS
regression ) , Xt , ®5| )\ T Decision Tree , FI§GradientBoostfIDecision TreeZs
Bk , M TEIEIGBDTE L. GBDTEARIEARARIZEW TR :

Gradient Boosted Decision Tree (GBDT)

S51=8=...=5y=0
fort=1.2,.... T
© obtain g; by A({(x,, )}) where A is a (squared-error)

regression algorithm
—how about sampled and pruned C&RT?

@ compute o; = OneVarLinearRegression({(g:(Xn), M}
© update s, + s, + 1 g:(X5)
return G(x) = Y., a1 g¢(x)

BEEEERRE , snBIIRE—MRINRII0 , Bls; = s = -+ = sy = 0. BEEN



F, BEEREg BT C&RTHE Afregression , #1T3KiR ; THKENBIERNES
BRI TREE ; REEBRENs HE , Bs, < sn + ar g (@), TEIERE
HE , BEEFIG(z) = S, agi().

BEE—ENE , ATHRE—ZS N BrYAdJaBoost-DTree2fF Rbinary classification|d]

L, TN BRIGBDT EfFiRregression[alil, —EFEB—EAIEIE | aTLAR
GBDTHi2AdaBoost-DTreefiregressionfiR 4,

GBDT: ‘regression sibling’ of AdaBoost-DTree

Summary ofAggregation Models
MNEEFIRGERENE 7 IRECHIMENS 11TIRES | HNELNB=AERY
aggregationt®EY Y, K, XX LABTHIT N E RIS EFIHIE.

B, HINM4EB T blending, blending®t215FTEERIEYg: aggregatefEGHeK , &iE
ERNEEERIC. EEFIEN—REXEMNg: 2. blendingiBFEB=F
10

« uniform : {§EithiEERS g: BFE

« non-uniform : fiBg; BIEEHEHS

 conditional : Fi8g; BIAEZIEAS

Hreb | uniform3EAIRE, KEHPFEAEFERENM ; Mnon-uniformFconditionali&
KRNESZVEMRIEDR | (BFEEIIESEK.

blending: aggregate after getting diverse g; |

conditional

simple linear model on nonlinear model on
voting/averaging of g; | gi-transformed inputs | gi-transformed inputs

uniform for ‘stability’;
non-uniform/conditional for
‘complexity’

K #HAblending RS ERTE g: EXAYE . HBANSRFE g: AR FAIIENT , XIMATFE
Flearingt&8! | MIEME—18F g , — LB ENIESER. learningiBE BB =
= ( SblendingBI=MF=X—XIN ) :



 Bagging : iBidbootstrapfix , 5EIAREg: . TEBg:AFIIE
« AdaBoost : i@idbootstrapkik , SEIFREg: . Fifg: B&EHAS
« Decision Tree : B3RS EIRINEAARENg: . B9 BIELEAS

RIE . ATIRERATIEAdaBoostERZEE—MERIGradientBoost, XFFregression|d
& , GradientBoosti@idresidual fittingdY73 T 1B RIRIERI S MR EL g A HIKE,

learning: aggregate as well as getting diverse g; |

Bagging AdaBoost Decision Tree
diverse g; by diverse g; diverse g;
bootstrapping; by reweighting; by data splitting;
uniform vote linear vote conditional vote
by nothing :-) by steepest search by branching

GradientBoost

diverse g;

by residual fitting;

linear vote

by steepest search

boosting-like algorithms most popular |

bR T IXEEEARRJaggregationtRELZ 51, Fef| IR AT LB R AR B SHe R EIFRY
aggregationt®EY, 54N , Bagging5Decision TreefS &340k ¥ Random Forest,
Random ForestfJDecision Tree 2L B HIN , B MUH g, ERLLIRE—LE,
AdaBoost5Decision TreeZ55485% 7 AdaBoost-DTree, AdaBoost-DTreefJDecision
Tree LI KRS HIN , BIE Mg, ERELIREE—LE , FHAdaBoostiG AT 5555RIX%E
Bk | 155880 E®. FH , GradientBoost5Decision Treef5SFUARM 7 &£ HAY
HiAGBDT,



Bagging AdaBoost Decision Tree

AdaBoost-DTree

AdaBoost
+ ‘weak’ DTree

Random Forest

randomized bagging
+ ‘'strong’ DTree

GradientBoost

GradientBoost
+ ‘weak’ DTree

all three frequently used in practice ]

AggregationfJiz L2 ENg Sk , BMEEI—iE , BISEAEENERE, XM
iR Z FRLABEBRIRIFRIERLG , 2F9aggregationE B NAEHILA : cure
underfittingFJcure overfitting,

%— , aggregation modelsBEIFBHLERHLE (underfitting ) . EIBEAIBLLEE5AYg,
ZEek , FIRSEREESREHRFIIRELG, aggregationFiiE= T ZEfeature
transform , SFRIEEFHIFINREL,

28, aggregation modelsBEIFBLLLIZHIE (overfitting ) . BIBMBgHITAS |
BZEE—URHEBRMREL |, XUTFSVMBTlarge margin—HERIZIER , A& —
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