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At 4BaggingRizB ?

RE-HFZEDHE ( Bias-Variance Decomposition )
BigY = (0 + e, HFE[e] = 0 Var[e] = o2
TERIN X HUEREETIRZE /9

Err(xy) = E [(Y - f(xo))2
= 02 + [E[f (o)) — feo)]” + E[f (xo) — E[f xo)]|
= 62 + Bias? (f(xo)) +Var (f(xo))
BaggingBXHIRE RS RIntRELELLRERBRBRF R T HE
(FERNEIRESE i Tl145)
SHEREE D ZFRURELTEE R

X:xO]
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0 BaggingBXHREE S RnREEN RERRESFE T TE
(B EURS L1 T)I145)
© SHEREMS S ERTTIEETEA R

O MNRE—ZRIIRME—DRIEE ( BENR? ) |, MAZIBRIKER

e , WERERFIZEISER |, covl: )
B Q . Eévz Y WJ\—-‘ —
Var=p02+1;p02 Z: f-si s < ‘16‘1 \I‘(
. e C o
AN RTRK (| 13 ), T\,
ZARIOESERe? gl | L B R
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0 BaggingBXHREE S RnREEN RERRESFE T TE
(FEEN SRS LiH1TI45)
© SHEREMS S ERTTIEETEA R

O FBEBIREFRIERERITIZEEIIRE R e R e —ERX R

1_
var = po? + Bpaz
1 1
— 2 1 —— _ 2
pa( B)+BG

T
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O fEtlSFEMSbaggingEiZNEEXBIETFE T —NES (de-
correlated ) BUM , FAISXTLEERENY

0 Breiman, Leo. "Random forests." Machine learning 45.1 (2001):

532.
All data
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Image credit: https://i.ytimg.com/vi/-bYrLRMT3vY/maxresdefault.jpg
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All data _ .
p variables in total
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X3b = 1B :
M| B8RS B BISREn N ERE N B BISRAEE
TR REAGEE R —  BETINT, , S MM REESE K
J12 , BERIEAR/ ) \NEREE
Mp PN E=FFEHIEENN T E
EmMN T EFEEREERITFNTEINSRETE A
BER D RN SR

AR SR Ty p=1. 5
XTFTHY R

B3 : T B = %Z% )
b=1

PR ZEIRE Cre(x) = majority vote{Cp (x)}7

Algorithm 15.1 of Hastie et al. The elements of statistical learning.
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Spam Data
7 —— Bagging

—— Random Forest
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Fig. 15.1 of Hastie et al. The elements of statistical learning.
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Fig. 15.2 of Hastie et al. The elements of statistical learning.
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Bagging vs. fEHl#F#F vs. Boosting

0 Bagging{X{XZ2EEHENVERBEIRESE LS FUUERHT
JIIZx

O BEHAFRMIEIL SR E=IN A S BENlIgFuuiREs (R
R )

0 Boosting&iZE T Z RURIFRRELS SRS (1 IS G FRAY
F=E
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NtEA=EBY (Additive Models)

IR R R
FOO = ) fu®)

X3F[E)F R .
fn () = B (63 Vi) Fay(0) = ) b6 )
m=1

HFRURRSHEE , # TN _FFS

2
B Ym} < argmm E [ Z Brb(x; vi) — Bb(x; V)‘

k#+m
ZEIFIFRITIRESEHERE , B TR/ _FFES

U%Jm%—my%yﬁb—fﬁAQO—ﬁmxyﬂz
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HittfuERSHEE , #ITHR/NSRFS
2

y = > Bib ey — b p)

k+m

{Bm» ¥m} < argmin E
By

AR EFE , XM IBETFEERBEESOT -
Vm <Y — Z fre (%)

2RISR SRER | B TR TS

{Bms Ym} < argmin Ely — F—1(x) — Bb(x; )]

AR EH  XFINEEIBZITERBEESLOT -
Ym <V — Fpo1(X) = Yym—1 — fim-1(x)
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X_JtoR y={1-1}

M
FGO = ) fn(0)
m=1

3 _exp(F(x))
PO =10 = 1+ exp(F(x))
1
P(y = —1|x) =

TR iR

P(y=1|x)

1+ exp(F(x))

log 1-P(y=1|x)

= F(x)
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AdaBoost

O XN oo, &IMETH

J(F) = E[e™"()]

[19985-FSchapirefSingeriG E{ENiR 7 RIRERT_LIRIEH]

Friedman, Jerome, Trevor Hastie, and Robert Tibshirani. "Additive logistic regression: a statistical view of boosting." The annals of statistics 28.2 (2000): 337-407.
—— < K . — ~ Y
0 B (JIF) FNTFEERZIEHREKEEL
s WFE(y=+1)FRA (y=-1)IF7&
1+y efF® 1y 1

L(y,x)=— > log1+eF(x)— > log1+eF(x)
1+ 1-—
= —Ty(F(x) —log(1+ ef™)) + 5 ylog(l + ef @)
1+
= —TyF(x) +log(1 + eF™)
1+ ef™ log(1+ ef®Y)  ify=—-1
—log it - og(1l+ef™) ify = log(1 + e™¥F®)

o 7 F@ log(1 + e F@y ify=+1

20



AdaBoost : —MEEIHE (Exponential Criteria)

XJ_rooss , mIMETE

J(F) = E[e™YF™]

Ble ) = [ [ @ xlpCod

E[e P ®|x] = P(y = 1]x)e F® + P(y = —1|x)eF®

OE[e~YF™)|x]

= —P =1 —F(x) P = —1 F(x)
e (5 = 1)e ™ + Py = ~1])e

OE[e ¥ @|x] 1. Py =1|x)
J0F (x) =0=F() = ElogP(y = —1|x)




AdaBoost : —MEEIHE (Exponential Criteria)

BxfLF(X)
OE[e™YF()|x] 1. P(y=1[x)
0F (x) =0=F&) = ElOgP(y = —1|x)
eZF(x)
=Py =10 =T

Et , AdaBoostFiZ4E[E]FANRIKERE L FAE =
AdaBoostRIBRALF (x) X1/ 2(ZREERITF (x)E



v —
—— Misclassification
o Exponential
—— Log-likelihood
----- Squared Error (p)
7 ———- Squared Error(F)
P
o —

O FEEUENIFIRTEULZA (3236 ) E—MNZ=8RE ERFIHY
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R AdaBoost

N J(F) = E[e™VF™)] f(x) = +1
WEIHTHE F(x)
SHBUHAEITE F(x) + ¢f (x)

ST | m
flatn) =@+l D D0 T 1D
e

J(F + cf) = e+ @)

= E[e ™" (1 = yef (0 + *y*f (0)/2)]
— E:e_yF(x)(l — ny(x) + CZ/Z)]
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EeBIAdaBoost

N J(F) = E[e™VF@™)] fx) = +1
J(F +cf) = E[e™F® (1 — yef (x) + ¢?/2)]
B E KRS
f= argmfin](F +cf) = argmfin E[e Y™ (1 — ycf (x) + ¢2/2)]
= argmjl;n E,[1—ycf(x)+ c?/2|x]

= argmaxIE lyf(x)|x] (forc > 0)

1= CYINYES U E=YS

E[e ™ ™Myf (x)]
Ele —yF(x)]

Ewlyf(o)lx] =

NEERES MRS LRI —LIRER e ™)
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R AdaBoost

O FEE(E K, fG) = 1

f = argm];n](F +cf) = argm]gx E,[yf(x)|x] (forc>0)

Ele™®yfl  juigupes
Ele —yF(x)]

Ewlyf(o)|x] =

- BRI AN B ZREGRESEARINIGf (1) , ININESHE ZRIINRERE
e VFO BREL 5]

f) = {_11 if By, (v|x) = By (y = 1|x) = By(y = =1[x) > 0

otherwise
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ERIAdaBoost

AN J(F) = E[e¥F] fx) = +1
BB f K ftEc

c = argmin J(F + c¢f) = argmin E,, [e Y (¥)]
(o C

oE,, [e—cyf (x)]
dc

= Ey[—e™ Wy f ()]

=E, [P(y # () - e¢ + (1= P(y # f(x))) - (—e™)]
=err-e‘+ (1—err)-(—e€)=0

1 1—err L ______ ,
= =gl o err = Ey[lyaral |

__________________

IS AI R
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R AdaBoost

O N J(F) = E[e ¥F®]
O EE(ES KfEc

err

0.4 0.2

1.2
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R AdaBoost

1=K
A FRINAEN | EEBREBIFNGS () |, WNINESEZBIRNRER
e VFEO RREL

if E, (y|x) =PF,(y =1|x) —B,(y = —1|x) > 0
otherwise

fx) = {_11,

err = By |11y r )

1 1 —err

err f(x) ¢ :Elog err

1—err

F(x) « F(x) +%log

w(x,y) « w(x,y)e @7 = w(x, y)e @ y=ren1)
1—err

= wix,y)exp (108 Aly=re— ))

err
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ENENBLE— MR Ew, =i =1,..,N
FANEw, || 48808 )| |80 K88 £, () € {-1,1}

1—err

S g | — = L
ITERZEerr = Ew[l[yif(X)]]’ ¢ = Elog err

EHNEW; « w; eXp[cm1[yﬁtfm(xz')]] ,i=1,.., N, FEFHIP—HE
Liwi =1

SR sign[XM_ 1 confim (0)]
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FNEDNRUE— RN EwW,; =

Mm = 1Z|M ,

FIREw, E)|45:2850E bl 450 a8 B8 — 1 2B UER & T pm, () =
pw(y — 1|x) € [0'1]

S fn(x) « 21og pm(x)/(1 = pm(x)) € R
Qw; « weexp[-yifm(x)]i=1,..,N , FEFHII—LEL,w; = 1
BiH 3 SRS R sign[Xm—1 firn (2)]

,i=1,...,N

ZIP-‘

LB Adaboost{ERSSHIERIG TP, (0) RIT B SLEUE SRR fn (%)
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Bagging vs. Boosting

Test Error

10 Node Trees Stumps
< < .
S A S ‘| Bagging
\
\
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Bagging L
g 4 1 17} g - Discrete AdaBoost
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= \
\ N\
- Discrete AdaBoost - N o
o o Se e
Real AdaBoost | 1 T T TN e e e e
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O I I 1 I 1 o I I T T I
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Number of Terms Number of Terms
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Robert Schapire
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— AR, SRS
* ARTEM Fh, DRERA—HHINMER_E|Z5A;
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GBDTHEEIRH R R

O RRNWHIRAEA
© [ OB NRERIREEY
- FBEMK , EUIGBRT , boosted trees , GBM

O SBRUHEFRRR TGS

* https://web.njit.edu/~usman/courses/cs675 fall16/BoostedTree.pdf
+ http://devdoc.net/bigdata/xgboost-doc-0.81/tutorials/model.html
- https://xgboost.readthedocs.io/en/latest/
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n

J® = Z (032 + 207
A(t) Z £ (xl) _ (t 1) +ft(x)

Objective w.rt. f; J® = Z [ (yl yl(t S ft(xl)) + 2(f;)

i=1

AR AR f SR B MU B & BT (f) ROtk R gy

0 7(0)
min
ft J
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Objective w.rt. f;  j© = z l (yl y(t Yot ft(xl)) + 0(f)

ZRENREN

B fl(a) fll(a) ) flll(a) 3
flatx)= T TR TR
O EXTBE
9i = V-l (3’1 yl(t 1)) h; = V;(t—ﬂl ()’l JA’l(t 1))

O EFREREQEIL

n

1O = 3" [1(5098) + gufeled + 5 haf2 )| + 207

i=1
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fr(x) = Wqx) W € R”, q: R% {1,2,...,T}

- Hep, TANFHRREE
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Leaf 1 Leaf 2 Leaf 3

wy = +2 wy, =+4+0.1 w3=-1 "
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1
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1
Q(f) =yT + E’lz wi
— N =1
O BtREREY !
n

1O = 3 [1(33) + gufeed + 20| + 27
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I 1 1
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O gow; +50) i+
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T el il
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v _ ) — __Z j
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Instance index  gradient statistics

8

lg =+42.3,5}

¢

2 € g2.h2 Gs3 = g2 + g3 + g5
3= R
.ﬁ‘ Iy = {1} ly = {4} Hs = ho + h3 + hs
3 4P g3,h3 Gi=q1 G2 =94
Hy=h Hy = hy
4 g4, h4
A ® = 123: 6/ + 3
5 g g5, h5 S = 2],=1 H; + 2 4
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Gain = —(

- TREEST , SIS REETARSFEA A
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Scalable and Flexible Gradient Boosting
GEDED

Get Started

https://xgboost.readthedocs.io

T Chen, C Guestrin. XGBoost: A Scalable Tree Boosting System. KDD 2016. 50
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-
!
concatenate l l l
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Level 1 Level 2 Level N
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gcForestigt

0 ZSREREFHFMgcForest(multi-Grained Cascade Forest)
© —FRRFRMERI (=T ) ik
- 5DNNsfftt , 2 MES ERIEEBRRERF
. BEEUF/IEE
- ENBBRESH

-« BUAREESMES LB LUREBERY
- BIENAVREIEE

- IRIBSUIESEERE

- AL/ NSRS ERIF
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UFRISERR T TV
O E-\JtIF‘ljm:l = - Learnerl (66.6%)
= - .

.:. Ground-truth Lezierz (66.6%) _E E;nble(GG.G%) /I\ MK le@,j
FEES

learner3 (66.6%) /
. . Majority voting
Learner2 (66.6%) \ Ensemble (100%)
= and B
/ Learnerl (33.3%)
learner3 (66.6%)

. Majority voting :-

Learner2 (33.3%) Ensemble (0%) .
—t»

| K A=
[ %mﬁgﬁm%ﬁﬁsﬂﬂ ] learner3 (33.3%)
. Majority voting

Learnerl (66.6%)
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€5

O fRIRIEE- 9159 ( Error-ambiguity decomposition )
[Krogh & Vedelsby, NIPS" 95]:

£ = - @

————————————————————————————————————————————————————————————————————————————————————

O BENFEIREE CRRE S ES | SERiRBIRI =
O FETR
"Dl FHEE—MERMEN
CRE DI R T R B S/
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_______________________________________________________

O EAXRUE - IIAEZRIBEIE R B
o . UERERMNEIT aEES
0 =22 0RH - LB WERMESREE. SYMSHA
g S L 4% J
© HUESREEOLLE R
+ BaggingFHIBEERM | RESHERES

- BoostingRRYEEEMERF

BEALRRFA
. B =/ ualylyIN | '
B EH L PR v ToUca 2001

- AIFEISEHINIE
- NNBJBENAIEILRandom Initialization [Kolen &Pollack, NIPS" 91]
- fatE¥* %S Negative Correlation [Liu & Yao, NNJ 1999]
- AR
« ECOC [Dietterich & Bakiri, JAIR 1995]
- EHEIEEFlipping Output [Breiman, MLJ 2000] 20
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REXFRINGHS

| O O O
L Forest - Forest -0 O Forest -0
e} O O O O
S O O O O c
2 Forest --0| | |Forest--Of O Forest [0 0 2
w < 0 O . [ D=>g=>o S
= O O O 0 m| 5
= Forest (O Forest{--{O * —>|O Forest (-0 o
3 0 o g g|Ave. Max &
g | F a [ d —H [Forest}-3 £
o - & -> -~ S
3 | orest -1 orest - 0 orest 14 i
— 1 p— T T m e m s eI
1 ! . S| — NP
' Lo RIFTEN=125
comcatenate '
| A ! | | BRTEWEH— N =HREFRE
-------------------------- b - 1
Level 1 Level 2 Level N - EBWETLERRIERE

\,
(N

__________________________________________________

O B2 RAEMBYEIHEAFRIEAN |, EAB—EBEHNZHHFRN
- F{FStacking [Wolpert, NNJ 1992; Breiman, MLJ 1996] , Z8 &R
FITA
- Stacking—iRXN—EIMEHIT , 2TBRIE | EHFABENATH
g tles 7
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SRR BIRISR R

g ) | BENVRIOSERL

——————————————————————————————————————————————————————————————————

SR FEAIIEENY d ML,
’%Eﬁ_‘ﬁj B{ERHIE

__________________________________________________________________

[} L] o ] )

p Forest |-

1%

Forest |-

Input Feature Vector

Forest (-
\
! Forestt-g = . .-\-. ,_:. """""""""""""""""
e [ smamEaR | | SRR |
corircatenate

—————————————————————————————————————————

: . :
------------- J- i ’ ) ’ . ; \i\
Level 1 i < e |

~
___________________________________________________________________________

O SRAAREFSSHIFRM | SUMEERRELRISE AT ZH1E

72



ZRIERERFRIR

RnlFERIERY

O
A Forest Jé
o O
s — O
g Forest ({0 Halast
(W) < O €T
; D | |
= Forest -0
A LS g Ave. 0.5
5 1 Forest (-0 Il: — 0.3
c ! e : i 0.2
i AN DEO o /0o L
: o o5 AN e | oA po Class Vector
concatenate . = of
R (i
Level 1

0 TFhD KIS | SETHELCERR | WREA LMD 2=
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0 ZF|CNNsUAKRNNsHE A |, =SB N RyIAKEL

BRTRT
i-i: Iloo For sequence data
e [ -dim Elﬂﬂﬂ ﬂ 903
ko o o
§ :g’ If‘> E> orestB|— £ 903
E g 301 mstances I -dim
- 301 concatenate

For image-style data

OB SRR | 09T i
BRI z20 " 10

§ 363

: i |$ |:> [Forest A]—> HH -dim

i HHEIEEFlipping Output(Breiman, QJ \’e\\ 10 LForest [ForestB] s § B 363
£ K3 i

ML 2000483, — TR 8 Z2RY5 Ak -dim
K%EE’\JE@H:‘.%EE )

o
N Concatenate
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100 For sequence data prmm—
: dim . g: 0 ﬂ:ﬁ *90.3
2 Hﬁﬁl-{: Forest A|—> #0000 = -dim
<8r J Uty § Forest B|— g: i ﬂ: “903
e inln -B -dim
3

01 =
Concatenate

————————————————————————————————————————————————————————————————————————————————————————————————————

FHAISHEEEE ..
I Z AU HIAST KA E R E AL ?

____________________________________________________________________________________________________

—————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————

HSFIESRAE L SRR S BB
(BN, JIFREBIHTIESRRE) | maHuTORSEOMS SR |

____________________________________________________________________

{ERandom Subspace [Ho, TPAMI \J

__________________________________________________________

199818K , —MESMEZERER
EEETNRISE Y apES
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_______________________________

____________________________________________________________________________________________________________________________________________________________

lMuItl -Grained Scanning E i Cascade Forest é
; EN 1,806-dim! E / \ / \ E
E é l —->B 903-d|m : 1818dim  1,218-dim  618-dim 1818dim  1218dim  618-din i
E g’ --> 903—d|m |>---E-"-->| Forest -->§ - ﬁ -->§ = E -->§ E\ :
< 8 :ﬁ.N £ ‘ g } I : i : [J\: !f‘>: $: i »:Ez::cﬁon
Bl i £ orest B2| __5 [/603-dim 5 - |"’E . 0l ~/1e _,EI .__>E .-->E B
3 | i @ ; E o E H n] o o
- 5 oosm || 0 o g g o
w Levk{l,j;r Level 1, / Le\el NAT Level N,,f Level /

Mfﬂ?

F R FRM500184

MRVELK - BRIERIMFEERE=100
¢ iBEIEOKNd/16],[d/8].[d/4]
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Deep neural networks (e.g., convolutional neural networks)

gcForest

Type of activation functions:
Sigmoid, ReLU, tanh, linear, etc.
Architecture configurations:
No. Hidden layers: ?
No. Nodes in hidden layer: ?
No. Feature maps: ?
Kernel size: 7
Optimization configurations:
Learning rate: 7
Dropout: {0.25/0.50}
Momentum: ?
L1/L2 weight regularization penalty: 7
Weight initialization: Uniform, glorot_normal, glorot_uni, etc.

Batch size: {32/64/128}

Type of forests:

Completely-random tree forest, random forest, etc.
Forest in multi-grained scanning:

No. Forests: {2}

No. Trees in each forest: {500}

Tree growth: till pure leaf, or reach depth 100

Sliding window size: {|d/16], |d/8], |d/4]}
Forest in cascade:

No. Forests: {8}

No. Trees in each forest: {500}

Tree growth: till pure leaf

O {ESCieH

- gcForestlITRTEHIEEMERBRIIVES 2L
- DNNsYI T EUEEERHTT 7SR =
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O EfBaRs!I ( MNIST )

0 ABERA (ORL)

gcForest 99.26%

LeNet-5 99.05%

Deep Belief Net | 98.75% [23] | [Hinton et a/, 2006]

SVM (rbf kernel) | 98.60%

Random Forest | 96.80%

5 image | 7 images | 9 images

gcForest 91.00% | 96.67% | 97.50%
Random Forest 91.00% | 93.33% | 95.00%
CNN 86.50% 91.67% 95.00%
SVM (rbf kernel) | 80.50% | 82.50% | 85.00%
kNN 76.00% 83.33% 92.50%
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0 EKR72E (GTZAN)

gcForest 65.67%
CNN 59.20%
MLP 58.00%
Random Forest 50.33%
Logistic Regression | 50.00%
SVM (rbf kernel) 18.33%

0 FEizznR5 ( SEMG )

gcForest 71.30%
LSTM 45.37%
MLP 38.52%
Random Forest 29.62%
SVM (rbf kernel) | 29.62%
Logistic Regression | 23.33%

0 {BR3< (IMDB)

gcForest 89.16%
CNN 89.02% [26]
MLP 88.04%
Logistic Regression | 88.62%
SVM (linear kernel) | 87.56%
Random Forest 85.32%

[Kim et al., 2014]

O {RAESEE (55 : 16,14, 8)

LETTER | ADULT

YEAST

gcForest

97.40% | 86.40%

63.45%

Random Forest | 96.50% 85.49%

61.66%

MLP 95.70% 85.25%

55.60%

80



ZRIERERFRIR

0 BEf&o3s (CIFAR-10)
- ZE32x32MNEE

A P4

ResNet 93.57% [20]
AlexNet 83.00% [30]
gcForest(gbdt) 69.00%

Deep Belief Net 62.20% [31]

Random Forest 50.17%
MLP 42.20% [1]

Logistic Regression | 37.32%
SVM (linear kernel) | 16.32%

gcForest(5grains) | 63.37% —

- izt : 100003KEE

——————————————————————————————————————

——————————————————————————————————————

______________________________________

——————————————————————————————————————

gcForest(default) | 61.78% ‘\i' {%ﬁﬁ E}(i}\z/%éi

0 gcForestE22E3FDNNJT AR EIF A

- DNNs7AEEGIERAHES TR
© REFWNMETSHMESTEEETE
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gcForestfliREFRI

0 gcForest{ENEERIRELRY BTN A
- =R REAREIRIHE
- gcForest/ LR T A RESSRIEINREANER

0 gcForest AR AR EFMITIARIFTIE
. RETINEV SRR
- RETMEV S B ES AL
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- BaggingBHIRE R SIRIEE B REERERFE T 5 E

- ERFIBIEWENHEEST RN F3I88 , IKBEFAER
» ZIURIFE SRR

- FELEARMBE BT R RATANREHESES | MTTEAERFS
RYSRTREIZ 1

» Boosting & AN BB S/IMUIRK R FA BIRRgEZ T —1F>
2% , GBDTNE @I E F—If e/ MU A RIHYRK

* REFRMNNREX NMEEH—SIREARMEHEERIZR MRREI e
SHEREFINEBER
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