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Adaptive basis function models

e Kernel methods: P B 5 45 $e

f=wex)

D(x) = [R(X, fq)s - K1 )]

e Kernel g2 rxx)

1
K(x, x") = exp ( —(x— x) T (x - k;})
- AR S
D
) 1 L
e /EH %)Lﬁ}kernelr? K(x, x') = fp exp ( EZHJ-[-IJ ) )
i=1
e /EMESkernel? k(x.x') = exp (_ I|Ix — x| )
/ 202
— Maximizing likelihood : | T X
KX, Xr ] =
— MKL (multiple kernel learning, il |2

— Adaptive basis function model (ABM)

p(x,x") = 3wk (x,x) f(x) =wo + Z Wit O | X)

Basis function,

Q Q KR - IR
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C ART [f (x) = wo + i:: wm¢m(X)]

M M
fX)=Eyx]= > wnl(x € Rpn) = Y wmd(X; Vi)
m=1 m=1

Rm: region m, Hibasis function & X
Wm: mean response
Vm: encodes the variable to split on
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M
f(x)=wy + W O (X)
CART 2

e CART model:
M M
fX)=Elyx]= > wnl(x € Rp) =) wmo(X;Vm)
* Find best split:

gLt = t < )+ cost : >1})
(j°,") = arg _min  mincost({x;,y; : zij < t}) + cost({X;, y; : 235 > t})

e Algorithm:

i function fitTree(node, D, depth) ; Costii/bAN ?

2 node.prediction = mean(y; : i € D) // or class label distribution : > NES@LIEEHE ?
(j*,t*, D, D) = split(D); RafABlabelpmEZpure7?
4 if ﬁn{‘l :.unrr}:finhfﬁﬁﬂfdﬂnﬂi— cost, T?f ﬂn]‘ ______

A%}

5 | return node A 2 cost(D) — (|D |c05t{D Dr |mst{DR)>
6 else D) D

7 node.test = Ax.z;- < t* // anonymous function;

8 node.left = ﬁtTreel[nﬁde Dy, depth+);

9 node.right = fitTree(node, Dk, depth+1);

10 return node;
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— MBI
— 8 gini index
— M Hc A #lfeatureiF 1 T 404 4351
— MR KAE B R ik Bl A 7 #lfeature
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M
{f[xj = Wp + Z t"I-I.‘r'.l’l'f.—"_."'*.'ﬂ [X‘J
m=1

* Entropy 7
H () = if‘rclog?rr
e Gini index =
S hll-h) = S - YR =1- 3
=~ ~ 4 (

J9@09 wik -2
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LK

Data Set

. . Multivariate
Characteristics:

Attribute
Characteristics:

Associated

Classificati
Tasks: assification

Number of
Instances:

Number of
Attributes:
Missing
Values?

150

No

Area: Life

Date Donated 1988-07-01

Number of

Web Hits: >33125
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Y=
. T
— Greedy natureM:fiEde,

HfBlocalff i/

AN

A
f[Xj = wWp + Z Wi Om rth
\ m=1

% O

— PS: Hyafil and Rlvest 19763 H e 2 At 4 2

NP5E 28, FrPA R
1tlocal optimize MLE

* WATERE:

fitgreedyh 24k, HuiEd R A

— Training data/pa, AR A A
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A
f[Xj = wWp + Z Wi Om rth
m=1

DAAc+ina
BbOOStiNg

a greedy algorithm for fitting adaptive basis-
function models (Leo Breiman, 1998)

DL ECARTAE A basis learner (weak learner)

“best off-the-shelf classifier in the world”
(Hastie et al. 2009, p340)

— Boosting > random forest >> single decision
tree

JIFA . ?
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DAA~Ac+ina
bOOoStiNng

e P IJHML (weak learner): ¥—E04 WG Z BER (X
s TREALAEI)
- BIEAHBNATRES T

o BRZFIJPL (strong learner): MRHEIFZ] A 55 5 IHLFIAH B B ALE 24
Bk (BKRFEE FRFALRREML: almost perfect expert)
— A AR R AT

Boosting

55354 AL 5 AL

N

« Hip: mj_jn Z Ly, f(x:))

=1

| 't..' kBR -EE
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DAA~Ac+ina
bOOoStiNng

Al Hboosting &.i%:

19894F, Schapire oM H—Fh 25 T X2 A 5338, 3 12 R UL T
H E WIER X 52 i #) i Boosting &%
—4E )5, Freund#gi 7 —FE ¥ B iboostingH.ik

B e AR EOR S S AIE 55 5 ) R A o) IR R B R IR

0009 _ xnz -%m

+O uml.org.cn




DAA~Ac+ina
bOOoStiNng

e 1995 4£, Freund Fflischapire 3t 7 Boosting®.3:, 12T
AdaBoost (Adaptive Boosting)®&%

o LA ZEPERCEFFreund T 199 14£42 ) By Boosting .32 JLSF-HH [,
AEAS G BT AA] 56 T 55 24 S 231 5656 1R, IR T 56 25 55 . FH 2] 32 s 7] 7 24
Hr

o M5, Freundfiischapiregt—2P#H T 2 Boosting#t AU |

AdaBoost. M1, AdaBoost. M255.7%, FEHLER S ISz 2] THCR
e
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train classifier

Setof [

weighted | adjust weights| Classifier Ct
instances [+
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M RAR B R,

~»

?gi{ﬁ‘}tﬂﬂ‘ , Adaboost IR E N1 /0, BIEEAIIZBIREUE AR F]
no

R, A 995 0T T YO B UGARE, $ZIRIIZRE 3 Bpr)| 2748
) 0413, 65 TIN5 S W g I 5 R B R B BCERL A T — (IR AR B ISR IX 2
YR, N 152 — A Fiil e HUys1hl  h2 -, ht ST s Fht By
—AMACE, FINRCREF#Y, #H B AL R

T JIERZ )5 A5 R M B i 2 TN e 20 H R PR MBCESET8 7 A
BN 55 52 S SR A S HERSR A ) i 42 il Boosting 5% 2 Ji e 445 R UER

RRAFRIIR S
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N M
min Y Ly, f(xi)) [f(x) —wo+ ) wm%{x)}
i=1

RAanctingc e
BbOOSUING
Name Loss Derivative f* Algorithm
Squared error Sy — f(x0))? v — f(xq) E [y|x;] L2Boosting
Absolute error lyi — f(x3)] sen(y; — f(x5)) median(y|x;) Gradient boosting
Exponential loss — exp(—g;f(x;))  —y; exp(—y:f(x;)) 5 log 7 AdaBoost
Logloss log(1 4 e %)y — < log Fp— LogitBoost
-ﬁri e {—]_—l-l}
| — 01
Yi € {U, ]-} r \\ = = = = pgloss
T = sigm(2f(x:)). o\ —
A\
5 ‘.}
\
g * \
= \ \1‘\‘
\\

2 Q‘

1 jh“'{" —

0 | e T

-2 -1.5 -1 -0.5 0 0.5 1 1.5 2
yf
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M
f(x)=wy + Z W O [x)}
L‘ m=1
N
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o HliRAk:

fo(x) = algmmZL (yi, f(xi577)) fo(x) = %log ﬁ
i=1
IR AR -
N
(Srn ,}m) = ﬁrgﬂllﬂz_ﬁ Y, f.‘ru 1(}:1) +, -}’Q{Ki ,}))
L i=1

‘ﬁn(x)::tﬁn—l(x)“ﬁ%n@(xz7h1)

forward stagewise additive modeling
e In praCtiCe: frn(X) = frn—1(X) + VB, 0(x:7,,)

shrinkage

nQQQQQ WiR - B8
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m=1

M
[f (x) = wp + Z U-mEﬁm{X)J
ANAAlIhAA~H
AMAUdJdIUUUOL
N N

Lm(d) = Y exp[—fi( fm-1(x:) + Bo(xi))] = Y wim exp(—Biid(x:))

i=1 1=1

— _'6 E w i,m + LD E 'U--'!f..,ﬂl

Qb(xi ya#ﬁﬁfxﬁ)

N
e —e u*zm yg#oxz 'BE Wi,m

1:1 i—=1

Mz

79009 xR -u
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M
[f(xj = wp + Z um‘:}m{x)}

ANA-AWhhAACH m=t
MAUAdVUUOL
Ly, = e°” Z Wim + €° Wi.m
Ui=¢(Xq) Ui A (%)
N N
= (‘?6 - ‘?_ﬁ) Z wimI(yi # @(Xl)) T e g Z Wi,m
i=1 1=1
O = argmin w; ., 1(7; # o(x;))
b
N - .
Brm = 1 log L~ et err,, = 2=t ullHﬁE'yt 7 i)
' 2 erIT 2%21 Wi, m

79009 xR -u
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e Update
fm (X) — fm—l(X) + -Bmgl)m(x)

O = argmin w;  1(7; # ¢(x;))
"
1 —err,,

log

o =

.BTH -

err,,

_ﬁntgiﬁbnl{xi) < y; € {—1,_—|—1}

Wim+1 — Wim€

— [L’i,meﬁm (Qu(gt-f—q}‘m (xi))_l)

— .IL,iamegﬁm]I(gi?égbm(xi))e_ﬁm

M
[f(xj = wp + Z umq"}m{}()}

m=1

79009 xR -u

,J\/j\/j\)\,f'\ uml.org.cn




1
2
3

4

-]

Q.
Q)
O

@
@
(0p)
(am

w; = 1/N;
for m=1: M do

Compute erry, = SN )
i=1 M

Compute v, = log[(1 — err,,)/err,,];
Set w; +— w; explaml(y; # dm(xi))];

Return f(x) = sgn [Z,E:l r:squ’)m(x)]:

1]

Fit a classifier ¢,,(x) to the training set using weights w
Sty wimI(Fi#dm (%)) |
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training set

=EaoA

//J}??://

loop3 loopd
Wealk lesrner3d Weak learnerd
=0, 4) (x=0. 8)
+ +
I N |~

A

A

loopl loop?2
l'ieali_ learnerl Weak learner?
(y=0. ) x=0. T)

strong learner

wle (0. 871:-1) + w2%(x<0.7T71:-1) + wis(vy<0.471:-1) + wds(z>0, 671 :-1)

‘RL

7

T
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£ 4 E: R A a 1 2 3 4 iL:

KERRET R RN EEE:
ROLRETAORERGEE, AGERNETHEOKREGEE.
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o BTG RIR METIREARP S AEEE, DERERENZGES T
GRERE R, 15T —IRIEIRR 522 I HLRE I AR v ) B4 X
Yo A AR T T
— 9= IHLAE
o YWERZEHL S 58 S ST HLALE R
— PEIREER]: PR REBOE R B/
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DAActinA~
DUUOSLITIE
Performancelf i J5 A7

— B {I/El1-regularization
o E.g Pt ElF—weak learners, u] PLHl1-regularization
% A feature] 42, Wn] DL boostingfg ik H—
weak learner. 5 #pL1-Adaboost (Duchi and Singer,
2009) H 45&boosting Ml 11-regularization (%X
boostingik—/"best weak learner, R )5 1189k, £
— e Rfeature) o

— Adaboosti KAt T margin(Schapire et al. 1998; Ratsch et al.
2001)
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— Boosting 5} H M7 i 551, i B AL R A el B L4 M
S AR VLR 750 8 75 7 D) 5 30 PR b 5 B8 0 G 2
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LACTICIOC

AL — B, SRE R R -
JRBF kernel#fit ©

"BIID3, C4.5, CARTE. 4, 4 5ifit &
JAdaboost#fit
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