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Bagging (Bootstrap Aggregating)
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Boosting
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» AdaBoost(Adaptive boosting) EIFENDFEN
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* Y. Freund and R. E. Schapire. "A Decision-Theoretic Generalization of
on-Line Learning and an Application to Boosting", 1995.
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» Top 10 algorithms in data mining [@ekE 1com 2006]
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: K-Means

: SVM
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RO (EzXrpart)

o T IAI) MCTIEZZHRIUCKLDDE
(> hOE—diz&(dsplit="information” %15

> library("mvpart")

> set.seed(20)

> iris.rp<-rpart(Species~.,data=iris)
> print(iris.rp,digit=1)

n= 150

node), split, n, loss, yval, (yprob)
* denotes terminal node

1) root 150 100 setosa (0.33 0.33 0.33)
2) Petal.Length< 2 50 0 setosa (1.00 0.00 0.00) *
3) Petal.Length>=2 100 50 versicolor (0.00 0.50 0.50)
6) Petal.Width< 2 54 5 versicolor (0.00 0.91 0.09)
12) Petal.Length< 548 1 versicolor (0.00 0.98 0.02) *
13) Petal.Length>=5 6 2 virginica (0.00 0.33 0.67) *
7) Petal.Width>=2 46 1 virginica (0.00 0.02 0.98) *

%E)
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ROF| (B2 randomForest)

> library("randomForest")

> set.seed(20)

> jris.rf<-randomForest(Species~.,data=iris)
> print(iris.rf,digit=1)

Call:
randomForest(formula = Species ~ ., data = iris)
Type of random forest: classification
Number of trees: 500
No. of variables tried at each split: 2

OOB estimate of error rate: 4.67%
Confusion matrix:
setosa versicolor virginica class.error
setosa 50 0 0 0.00
versicolor 0] 47 3 0.06
virginica 0 4 46 0.08
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o HXFFEZPRUVLNTZEF D= ZARZ DA 73 TEHMi

> importance(iris.rf,scale=TRUE)
MeanDecreaseGini
Sepal.Length 9.993809
Sepal.Width 2.180028
Petal.Length 43.362837
Petal.Width 43.795833
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Kinectia

o MED/IN\=Y (F. B. B, etc.) Danl(C
SANLTA LA NEFIRE
» XbOXD ABREBHETETILTVX L «

depth image == bodyparts == 3D joint proposals

o & : 3 trees, 20 depths, 1 million samples
— “a day on 1000-core clusters”

o sosak : 200fps on a consumer hardware

J. Shotton et al., “Real-Time Human Pose Recognition in Parts from Single
Depth Images”, In Proc CVPR, 2011 [best paper]
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o SUEARD—FIL K(xi,xj):tanh(elxiij+92)
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Explicit feature maps
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Additive kernel

« FFHEBERC LD1VRTDIN—FRILDOFEH TREND I—IL

K(xi,xj)=§k(xim’XT)

o EXANITSLEERE (E>ZEDH—FIV)
o 1IRFTTDIH—FILIC DU Cfeature maph TS, HEISMLARBIES

- f5l) Bhattacharyya kernel k(xi,xj): [xx.
o HEDEFERFICsqrt U THIFEOK
(CNHBIDRIAfeature map)

A. Vedaldi and A. Zisserman, “Efficient Additive Kernels

via Explicit Feature Maps”, In Proc. IEEE CVPR, 2010. "



Additive kernel: Histogram intersection

s EZEDNEVWHEDEZE EDH—FRIL

Klo) = S q)  Klox) = minGe )

« x 2L, 1TIEDHD
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o ITDIBE (FEFLERCHKTT
» FWCBRTICABN, ENTERDOHA—FILELDT > LR

S. Maji and A. C. Berg, “Max-Margin Additive Classifiers for Detection”,
In Proc. ICCV, 2009.
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Polynomial embedding

» BIEDRE CHIZT A5 7
X = (X1’ X, )T :> ¢(X) = (Xlz’ X X2 XZZ)T

T 2.2 2,2
¢(Xi) ¢(Xj): Xin X1t X Xjp X1 Xjp + XjpXjp + -

K(xi,xj): (c+xiij)D = (c+ X X1 + xizsz)D

C=0,D=2 > X3X5;+ 2%, X XX, + XX,

N. Pham and R. Pagh, “Fast and Scalable Polynomial Kernels via

Explicit Feature Maps”, In Proc. KDD, 2013.
47



KD —Hx B e

» RBF kernel (H2OXH—=)L)

« A. Rahimi and B. Recht, “Random features for large-scale kernel

machines”, In Proc. NIPS 2007.

« Random Fourier features (C DT

Q

Kernel Name

k(D) p(w)

Gaussian

Generalized RBF kernel

4 R Laplacian

Cauchy

EYE o _D _l«l3
e~ 2 (2m)"2e” "2
—lAll: 1

¢ [ o

2 Al
I, TTAz €

» S. Vempati, A. Vedaldi, A. Zisserman, and C. V. Jawahar, “Generalized
RBF feature maps for Efficient Detection”, In Proc. BMVC 2010.

RBF kernel + additive kernel

(BIAIXZALZD)
K(X,y):exp(— 2;2 zz(x,y)), Zz(x,y):izw

200 X, +Y, 48
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