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lRE-FZEDHE (Bias-Variance Decomposition)
BRiRY = f(X) + e, HHFE[e] =0 Var[e] = o2
TERIN X AUHAEETRZE /Y

Err(xy) = E [(Y — f(xo))2 X = xol

= 02 + [E[f o)] — fGx)]” + E[f (xo) — E[f o]
= 02 + Bias? (f (o)) + Var (f(x,))
BaggingBMHERE R SRREEIEREERERE T HE
(EEBN RS _LifiT)ll2R)
SR RIS 2R TSR AT R
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0 BaggingBHRRE RS RISREBLL REBRBERFE 7 HE
(RIS LHIT)|2K)
- WKREMS K ZEFNEECEHER

O MRE—FRIRNE—DHIERE (5EH?) , FWRZIERIKER

M, WTERENTIZEAER - OV (L)
\-G‘l ﬁ &' . iéa ¢l 1 WJ\—-‘ —_—
Var=p02+1;p02 Z= fjﬁ‘lwzt- =5 \;(
o fgl < C )
WRREHATRA, | | & fer(r) L5 1
waRERERe. gLl U UTRCR
= - 1?1~(>alix-_01
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0 BaggingBHRRE RS RISREBLL REBRBERFE 7 HE
(NSRS LiH1T)|2k)
- WKREMS K ZEFNEECEHER

O FBEEREFEIERITIZEEIRE R RS —ERX MR

1-p
B
1\ 1

— 2 1 —— 2
,?a< B>+BG

B\, ERIRERRHITTE )N

0.2

var = po? +



FEHLARR

O pEflARMSbagging EiZRNEEZEXBIETHE T — M ES (de-
correlated) BB, PATRRILEREGE

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

532.

Image credit: https://i.ytimg.com/vi/-bYrLRMT3vY/maxresdefault.jpg
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tbh = 1ZB:
MIGEUEP BTN R E N B3R E
TRIESRESURE R —  EV T, , e MM T s ESIE Tk
J12, BRIRIAR/INNEREE:
Mp PN E=FEHIEEN N E
EmN T EFEIEFERITFHNTENRES R
BERD RN TSR

L FTHISE PSR T b p=1 . 5
XTFTHY e AT

B
E3: NP R =5 T
b=1

N SEITE CE(x) = majority vote{C,, (x)}}

Algorithm 15.1 of Hastie et al. The elements of statistical learning.
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Fig. 15.1 of Hastie et al. The elements of statistical learning.
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O 10ERREREIE v = {1 if T30, X2 > 9.34
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Fig. 15.2 of Hastie et al. The elements of statistical learning.
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Bagging vs. fEHLF%#F vs. Boosting

O Bagging{¥{NEEEHENERNBEKEE DS N FulREESHT
IIZx

O BEHARMIEIL KRR EASI A S S B8R FulRE. (R
SRIF)

O Boosting EiAE T ZRIHYFIRELS SRS i IS SR FRAY
TR
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NS (Additive Models)

ISR A, )
FOO = ) fn®)
X FEAIEE " )
fn () = b (3 V) Fu() = ) b ¥m)
=

HEFTUREESHEE, # TN _FFS

2
y— Z Brb(x; vi) — Bb(x; V)]

k+m

{Bm, Ym} < argminE
By

ZEESIFTOUERESSER, B TR RS

{Bms¥Ym} < argrrﬁl’ianE[y — Fpo1(x) — Bb(x; V)]Z
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HEFTWRESEHERE, #HiTRN_FFS

2

> Beb(e; ) = Bb(: )

k+m

{Bm>VYm} < argn/}ianE y —

AR EH, XMHIMMEEIEIFIEFEREESUT:
Ym <Y — Z fie (x)

ZEIFIFHFTIERESHEE, EEH TR _FFS

B Ym} < CngTTﬁl,l;/n[E[y — Fp—1(x) — Bb(x; V)]Z

AR, XMINEFEIESTERREESENT:
Ym <YV —Fn_1(X) = Yym—1 — frn-1(%)
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y ={1,-1}

M
FOO = ) fn0)
m=1

exp(F (x))

PO =11 = T e tF (o)

Py =-1x) =17 exp(F(x))

P(y:llX) _
lOg 1_P(y=1|X) B F(x)
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AdaBoost

0 XNemsR, &IMET
](F) — ]E[e_yF(x)]

(1998 SchapireF1SingerFEAEHIRD S IREH L IRIEH]

Friedman, Jerome, Trevor Hastie, and Robert Tibshirani. "Additive logistic regression: a statistical view of boosting.” The annals of statistics 28.2 (2000): 337-407.
E U1P) SHFBERURRERE
08B (JIF) FMTFEERXERKRZ
—
« XYFIE (y=+1) FIfA (y = -1) I7&

1+y efF@ 1y 1
L(»y,x) =— 5 10g1+eF(x)_ 2 10g1+eF(x)
1+ 1—
= —Ty (F(x) —log(1 + ef®)) + > ylog(l + ef ™)
1+
= —TyF(x) +log(1 + eF™)

1+ef® _flog(1+ef®y ify=-1

= log——— =
S T log(1+eF®) ify=+1

= log(1 + e™YF))

19



AdaBoost: —/MSEHIE

O N Zjooss, &=IMETIC

J(F) = E[e™"®)]

E[e ¥F()] = jIE [e YF®)|x]p(x)dx

IE[e—yF(x)|x] =P(y = 1|x)e—F(x) +P(y = _1|x)eF(x)

OE[eYF™)|x
[ ] _ —P(y = 1|x)e F® + P(y = —1|x)ef®

d0F (x)
OE[e™VFW|x] 0= Fx) — 1l P(y = 1|x)
0F (x) =0=F)= 2 OgP(y = —1|x)
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AdaBoost: —/MSEHIE

fx{LF(X)
OE[e YF™)|x] 1 P(y = 1|x)
0F (x) =0=F&) = ElogP(y = —1|x)
eZF(x)
=>P(y=1|x) = 11 o2F GO

Eitt, AdaBoostFliZiEHiHE]FAIHRAEREY LT8R
AdaBoostHIE{LF (x)XI R T 1/2(SHEABHRIFHRITF (x)E
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Losses as Approximations to Misclassification Error

v -
—— Misclassification
™ Exponential
—— Log-likelihood
----- Squared Error (p)
e ———- Squared Error(F)
i
o —

O IEEUENFIRIEUAA (32XE) E—MZ=sRE E2F MY
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B J(F) = E[e™YF™)] flx) = £1
SRMEITHE F(x)
SHEUHRMGTHE F(x) + cf (x)

ZeEN N | ” )
fla+x)=f(a) +f1(?)x +f2(!a)x2 +f 3(!a)x3 + ..
—BNZRENREL

J(F+cf) =E [e—y(F(x)+cf(x))]

~ E[e™VFO (1 — ycf (x) + c?y?f (x)?/2)]
= E[e VP (1 — ycf (x) + c2/2)]

IR y2=1 f(x)?*=1
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BN J(F) = E[eYF®)] fO) = +1
J(F +cf) = E[e PO (1 - yef (x) + ¢?/2)]
EEAE KRS
f= argmfin](F +c¢f) = argmfin[E[e‘yF(x)(l — ycf (x) + ¢2/2)]
= argmjl;n E,[1— ycf(x) + c?/2|x]
= argmjgxIEW[yf(x)lx] (for ¢ > 0)
H AN SRAFHAEE /S

Bl Wy f (o)
E [e —yF(x)]

Ewlyf(o)lx] =

NERES MUELA LRI —RERE e V™
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O BEE(EcKiRf flx) = +1

f= argmfin](F +cf) = argmjglxle[Yf(x)lx] (forc>0)

Bl el g
Ele —yF(x)]

Ewlyf()lx] =

- BIR AN EISREESERIRIIZRS (), MNNESHEHLZBIRNRERE
e VPO Rtk

f) = {_11, B, (/1) = By(y = 11x) = Ry(y = ~11x) > 0

otherwise
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AN J(F) = E[e "™ fx) = +1
EIE{Ef Kk

¢ = argminJ(F + c¢f) = argminE,,[e ¥ )]
Cc (o

—cyf(x)
aIEW[eaCy ] — ]EW[_e—cyf(x)yf(x)]
=E, [P(y # f(0) - e + (1= P(y = f(2))) - (—e™9)|
=err-e“+(1l—err)-(—e “)=0
1 1—err e,
== Elog err , CIr = IEW[l[yif(x)]] :

ARSI iR
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0N J(F) = E[e™F™] flx) = +1
O EE(E S KiEc

——————————————————

14
04 02 02 04 06\%\1 12
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&
AR A ZREFESEBIFNIERSf (), WNMANESHZRIRNREREL
e YF pR LV

£(x) = 1, HE,[x) =R, =1x) -PR Y =-1[x) >0
—1, otherwise

err = [E,, [1[y¢f(x)]]

1 1—err
f(x) c=log

1—err

F(x) « F(x) +log

err err

w(x,y) « w(x, y)e T = w(x, y)eC(ZX1[y¢f(x)]_1)
1—err

= w(x,y)exp <108 (1[y¢f(x)]_ )>

err
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N ERNE— MEAEW, =<, i =1,..,N
Mm = 1ZIM,
Pt Ew, E)4R80E Ll 4 mKesf, (x) € (1,1}

1—err

. g | —_ - L
HEIREerr = Ey[1y=pa], ¢ = 7log—

EHTNEwW; « w; eXp[le[yiifm(xi)]] ,Ji=1,..,N, HEHF—HE
2w =1

E@Hjﬁj\%kjéé:é%ﬂgn [Z%: 1 Cmfm(X)]
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FNENIRUE— NI EW,; =

Mm = 1ZIM,
P S W, 15|88 )| 14555 S8 3 — L BIEER A p, () =
P, (y = 1lx) € [0,1]
D fn(x) « 210g P (0)/(1 = pm(x)) € R
Lw; « wiexp[—yifm(x)] i =1,...,N, FEFHIF—EZ;w; =1

b D 24E R sign[Xm=1 fn (X)]

,i=1,...,N

2|

SLEEIAdaboostERSEAIERIEITp,, () R BSLEUESTBA fr ()
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Bagging vs. Boosting

Test Error
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https://www.jigizhixin.com/articles/2020-04-16-10
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https://www.jiqizhixin.com/articles/2020-04-16-10

IERRERSE

0 1990%E-SchapirellfB8, 35F s8R 2rLUET
E NSRRI EARAS L)1 B INE N 288K
IReHE e

- SRR —MAEMM T RENEE, HtRER
ik (LEiEE) BBEMATFRENDE

Robert Schapire
0 B,

BN IMEARRAEUE L4555 25880,
- REE—EFBINIER LG50 KE5h,, HPE
—HFEEREWh, FEIRD R
© RIGTER FOh, D RERA—ERINNER L)l185h;
‘ T—Eﬂﬁ%’éﬁ%hlg =y§ﬂ}ﬁ§—5(h1, hy, hs)
- BRECUERH, hptbh 4REES
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19964F - FreundfISchapirei2Hi 7 AdaBoost Yoay Freund
£ T BRI ER

1996~1998 - Freund, SchapirefSingerL{iZ{iR

%E’Jtﬁﬁ/ﬂfmtﬂT—E"Jﬂlbﬂ%ﬁi—:f@{ BESIENS
(BRAFRKINEMAEBELRENX
EASERERRIIT T TIESHR

2003%FFreund, SchapireFAdaBoost3k{EE{E/RI
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O RRWHRAEE
() B NIRRIREY
- 2K, EUNGBRT, boosted trees, GBM

O SRRUHEEFRRET IS

* 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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1O =3 1(33°) + (£
i=1
t
50 = ) () =970 4 £

1

Objective w.rt. f, J® =

M1=3

o~
Il
[UEN

v + £ix0) + 20

0 4R N —1Ef SRR IME B A ESIIO (f,) B REy ©

i 7(0)
min
ft /
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Objective w.rt. £, j® = zl(yz =D +ft(xl)> +OF)

2RI EN

ffl@  f"(a) f(a)
flatx)= TG TR T
0 EXHEE
~ ~(t—1
gi = Vy(t—l)l ()’z )’l(t 1)) h; = V;(t—l)l ()’L )’l( ))

O BireREurd

J® = Z [ 1o 980) 4 guful) + 5 hufi (xa] +0(f)
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MEGHEEREET

O HFHRITUERIZRNIEE

ft(x) = Wqax)»W € ]RT; q- RY {1,2, ,T}

- H, TANFEREE

Leaf 1 Leaf 2

W, = +2 Wy = +0.1 W3 = -1
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MEGHEEREET
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T
1
N(f;) =yT + E/lz sz
Jj=1
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0 F ST r
1 2
0(f) =yT + 5/12 w;
— sz =1
O BREREY :
n

[ _ 1
R Z l()’i:j;i(t 1)) + gift(x;) + Ehiftz(xi)] + 0(ft)

i=1 =

-1

~
Il
=

] . )
9ife () + shif(x) | +yT + 52
i 2 2

O gow; +50) i+ w]

| LEI]' lEIj

0 LERRBIRIES (o) = /)

T
wi + const  RIHES
Jj=1

LAM=onFn. = + T + const

gi = Vol (}’i, yiY

h; = V;(t—l)l (Yi'yi(t_l))
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0 BiREREL

T

J® = z

j=1

(z gOW; + = (z by + Dw? | +yT

lEI] lEI]

O AT7TEUAIRE, /‘ESLG]' = Ziaj gi,Hj = Zielj h;
T
1
j® = Zl [ijf + 5 (H; + A)wﬁ] +yT

O MFEENE g R - {1,2,...,T} . |
~ : %a:'f*_]-i 1
0O HIFZUE | Wé“—“d"]ﬁ’]tz%i\ |
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Instance index  gradient statistics

e .-

1
1-3:{213:5}
2 g2, h2 Gz =092+ 93+ g5
Iy = {1} I =4} H3 = ho 4+ h3 + hs
3 @ g3, h3 Gi1=q Ga = g4
Hi=h 2 e
8 .
' 3
1 G?
A o1y G,
- S 244 Hj+2

R MOTROEREANERT S S EME



GBDTHEERFA R

SHEMEN

O FHIEFID RS

0 RO RIS
© NHEHRE 0T R

c WFE—MFOR, EE—ArRzE, ERRREIENS

G Gg (G, + Gg)?
AT A H tH A

EFHoE AFNDE THRDEM FHiFET

Gain = —(

- BT &EERYETNI, SINSRIGEREASIFIELRIIED
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Gr =91+ 94 GrR=¢g2+93+ 95
O (NEERESE—BgFA, BIETE
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0 &AL EEHIGBDTTER

Scalable and Flexible Gradient Boosting

Get Started

https://xgboost.readthedocs.io

T Chen, C Guestrin. XGBoost: A Scalable Tree Boosting System. KDD 2016. 49



Zhi-hua Zhou, Ji Feng. Deep Forest:
Towards an Alternative to Deep Neural
Networks. IJCAI 2017.
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€5

O fREIEE- 91592 (Error-ambiguity decomposition)
[Krogh & Vedelsby, NIPS" 95]:

£ =@ - @

____________________________________________________________________________________

O BNFEIEEWCIHEBRE S ES, SERREIRINILE
mR=cr ey =y
B FRE—AEREY
© 1RmE - R AR SRR E R ESSEIRY
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_______________________________________________________

O EARBE: IMAEZAREIMSE | R B
. AT . SUEREENT g
== B MEMDHER SYMSHR
e 4 T 4 = S
- HgERERORS® . e
© BaggingFHIEHERFF | RAEsHERES

* BoostingPRIEREERAF

BEANARFA
. e /T Rk . i
Eﬁu}\g;;‘iﬁ;i%ﬁp‘#?_%«fﬁ_*i - FASBIR [Zhou & Yu, TSMCB 2005]
J )il S HATH S e e e %

- AFEISERILCTE
- NNBFBH#IIa{LRandom Initialization [Kolen &Pollack, NIPS" 91]
- fatE*% > Negative Correlation [Liu & Yao, NNJ 1999]
- BRI
« ECOC [Dietterich & Bakiri, JAIR 1995]
- i EREEFlipping Output [Breiman, MLJ 2000] 69
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0 & RARmM BB FAFRHVEIAN, BAS—ERIZ R FR:
-« {FStacking [Wolpert, NNJ 1992; Breiman, MLJ 1996], ZE8&R
FIHE
- Stacking—fRRX—FIFRIHT, STERINE, EHFEMATR
EiEEh 70
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0 ZZ|CNNsUAKRRNNsHE &, 2R 8 3 =5 a9K<EX

BFTR
i-i‘: Iloo For sequence data
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B E O
i 100 For sequence data e\
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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: 7
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 {ESC50H:

- gcForestXFFrEEEEMERABRIANES 2]
- DNNsYTFE N EUEERRAT 7 BHEmE=

77



ZRIERERTFI

O EEgaREl (MNIST)

O AR2iRBI (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 &R (GTZAN)

gcForest 65.67%
CNN 59.20%
MLP 58.00%
Random Forest 50.33%
Logistic Regression | 50.00%
SVM (rbf kernel) 18.33%
0 FE=1REI (SEMG)
gcForest 71.30%
LSTM 45.37%
MLP 38.52%
Random Forest 29.62%
SVM (rbf kernel) 29.62%
Logistic Regression | 23.33%

0 BR2< (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 {RAEERIE ($HE: 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%
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0 B&49o3E (CIFAR-10)
- 6832 x 32008 F

A

il
ResNet 93.57% [20]
AlexNet 83.00% [30]

gcForest(ghdt) 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%

Zx: 500005K10£R9E /; Mhiz,: 100005KE A

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

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

gcForest(5grains) | 63.37% 1\:’ g
. SERSNBIEN

______________________________________

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

gcForest(default) | 61.78% ‘\{ {E F Ej(i A;ﬁ;{é&

______________________________________

0 gcForestB 2 23EDNNEF R EIFHIGE

- DNNsTAEEGIERAHES TR
- REFWNMETSHMESTEEETHE
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gcForestfliREFFI

0 gcForest{ENEERAEEIAY B TR FE

- =R REREER KR
- gcForest/ V&R T FiE REGKIENNEERIER 4

O gcForest A2 R EFFM T AHIFIAR

. REFIEV SRR
- RETHMEV S B ES AL
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