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Topic 9

J-SVM Extensions
eFeature Selection (Filtering and Wrapping)
eSVM Feature Selection

eSVM Kernel Selection

eMED Feature Selection
eMED Kernel Selection

eMeta-Learning and Multi-Task Learning
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Feature Selection
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“eIsolate interesting dimensions
of data for given task
eReduces complexity of data X
eAugments Sparse Vectors (SVMs) x* x
with Sparse Dimensions
eAlso Improves Generalization
eExample: find subset of N features from
D dims that give largest margin SVM?

LX10)=>"sX6 +b  s5€{01} &> s =N

eTypically needs exponential search: 1000 choose 10
if we consider all possible subsets of dimensions

eHow to do this efficiently (and possible jointly) with SVM
parameter estimation? Filtering or Wrapping (more work)...
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Feature Selection: Filtering

N

J-Filtering: find/eliminate some features before even training
your classifier (before induction) as a pre-processing.
eWrapping: find/eliminate some features by evaluating their
accuracy after you train your classifier (after induction).
eFisher Information Criterion: Compute score below for each
feature i=1...D. Keep the top N features
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Like putting a Gaussian on each class in each 1 dimension
to compute their spread. The Gaussian assumption may
be wrong! Only measures how linearly separable data is.
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Feature Selection: Filtering

N

L

ePearson Correlation Coefficients: score how similar or
redundant two features are. Can then remove redunancies
or remove features that are too correlated on average.

> (e - “)(5’7; 5 “j)

(T +1)oo.

Pearson (i, j) =

...again Gaussian only
eKolmogorov-Smirnov Test: non-parametric, more general
than Gaussian but only 1 feature at a time.

For each feature, compute the cumulative density
function over both classes then over the single class.
Find KS score as follows, keep top N features.

KolmogorovSmirnov (i) = \/Tsupq (]5 {Xi < q} — P{XZ <ql|y= 1})
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Feature Selection: Filtering
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eKolmogorov-Smirnov example:
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K50 = VT sup, (PX, <0}~ PX <aly=1))
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Feature Selection: Wrapping

N
N

e\Wrapping: use accuracy of resulting classifier to drive
the feature selection  f(X)=w"¢(X.*5)+b
eBut (obviously) using more features almost always helps
Improve training accuracy.
eEither pre-specify the maximum number (or %) of features
eQOr, optimize generalization bound (SRM vs. ERM)

eMargin & Radius Bound (like VC-bound): Expectations
R 1 over
E{P, } < _E{W} — fE{RZWQ (OL)} datasets

eBetter Span Bound: (if SV’'s don‘t change when doing

leave-one out cross-validation, i.e. removing point p)
u() is step function

{Ple 1} < %E< Zilu (K—f) ke Ksv is Gram matrix
pp

Of only support
vectors
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SVM Feature Selection

N
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eMargin & Radius Bound: optimize via gradient descent
eAssume selection vector s is given: k(x,x,)=K(X,.*3,X,.*3)
eCompute R? and betas via:

R* =max,y  BK(X,X,)-> BBK(X,X,) sty B =18 >0

esCompute WTW and alphas via:

max Z o —Z QLYY (Xt’Xt') st.a, € [O,C’], Ztoctyt =0

eAssume SW|tches are continuous, take derivatives of R2/M2:

OR'W’ _ s a@wQ 2 OR’
S
8R2 0K (X, X OK (X, X,
i Zt t ( ) Ztt B B (as )
0K (X, X)) Z

aw? 1
0 _Ztt ytyt OLISOLt 88.

1
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SVM Feature Selection

N

“eUse chain rule to get gradient of kernel with respect to s.

eExample: RBF kernel...
aK(XHXt') :i exp|—<(X . .*s— X *3H2 ]
s, s, P2l d
= 5| () - X, (J'>)2]]
= exp 405 (X, () - %0

2o -1 0 )

= exp —%Zf:w? (Xt (]) =4, (‘7) 2J
e[ (X, )= %, () | . (%, 9) - . ()
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SVM Feature Selection

eAssemble all calculations to get gradient vector over s

8R2 _Z 8K(X X,) T 0K (X, X,
tt i ettt 882.

aw? -+ 0K (X, X,

i _Ztt Yl &y s
Given old s: Gradient is: ORW" _ . OW" | 1 OF

0] Os, 352- : 83}. _
! 0.4 ~0.3

s = 0.2 3.1
1 — 924 +25.4
0 _3.2 3.5
- 2.4 ~2.3

eTake a small step to drive down the term (against gradient)
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SVM Feature Selection

AR

J-Synthesized from mixture of Gaussian data
eFeature selection improves classifier & speeds it up
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Figure 1: A comparison of feature selection methods on (a) a linear problem and (b) a
nonlinear problem both with many irrelevant features. The z-axis is the number of training
points, and the y-axis the test error as a fraction of test ponts.
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SVM Feature Selection
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*Real face & pedestrian (wavelet) data (only speedup)
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Figure 2: The solid line 1s using all features, the solid line with a circle 1s our feature
selection method (minimizing R2W?2 by gradient descent) and the dotted line is the Fisher
score. (a)The top ROC curves are for 725 features and the bottom one

for 120 features for face detection. (b) ROC curves using all features and 120 features for

pedestrian detection.
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SVM Kernel Selection

N

“eWe are given d=1...D possible kernels to use in an SVM
k. (X,X'),k2 (X,X'),...,kD (X,X')
eHow do we pick the best ones?
Bens (XX ) =k (X, X) 4 by (X, X)) + By (X, X0
eIt we only had to use 1 kernel, try D different SVMs...
eTo pick 5 out of 10 kernels, need 10 choose 5 = 252 SVMs!
eEven worse is picking a weighted combination of kernels
where the alpha weights are positive

Kovar (X’_X ') - Zf:1udkd <X>X ') I
eIt turns out this can be solved as a semidefinite program!

eDefine the ‘alignment’ between two kernel matrices:
LA

NEIANCATS

Al Ky = where (KoK b= ke (X X b (X%

17772 ij=1 1 J
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SVM Kernel Selection

e\We want to find a kernel matrix K which is most aligned
with the labels matrix:

max A(K, ny)
but want matrix to be a convex combo: k ="’ o K,

or at least positive semi-definite: K0

«This is equivalent to: max, <K ny> st. (K.K)=1K =0

T
o]0 write this as an SDP: 4 K 0 0
o K I 0 0 ;
maXK< A4 >S't 0 0 1-tr(4) 0 o
0 0 0 K
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SVM Kernel Selection

p
%
eOr we can explore conic combination of kernels:
T
max <K Yy >
Table 1. Margin and number of test-set errors (TSE) for
A KT 0 0 SVMs trained and tested with the initial kernel matri-
ces K1, K9, Kq and with the optimal kernel matrix K*,
K 1 0 0 learned using semi-definite programming (12) with ¢ =
s.t. =0 Y trace(KG). A dash means that no hard margin clas-
0 0 1—tr (A) 0 sifier could be found.
0 0 0 K Ky K4 K K*
Breast cancer d=2 o=05
margin 0.010  0.136 - 0.300
L D TSE 19.7 28.8 114
AND... K = zdzl OLde Sonar d=2 a=01
[ . margin 0.035 0.193  0.006 0.352
eThis is simpler than an SDP, sk 15 194 219 138
= —_ —_ R
just a second order cone il =2 0=05

margin - 0.159 - 0.285

program (faster code!). TSE 10.2 36.6
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MED Support Vector Machine

eRecall MED technique for SVMs, etc.
eMany 6 solutions valid, find p(8)

+Find P(6,~) minimizing KL P B, ) + 3" €,
subject to fP [ (Xt7@> L 1] dO > ¢, Vi

eResulting classifier is: ¢ = sz’gan(@)L(X;@)d@
eSolution:
P(6) =2 b (©)exp () [yL(¥,:0) 1)
-Partition:
:fP exp(zt [ (X'@)— Dd@

«Objective: maximize J( ) Zx ——Zx ytyt,(XtTXt,)

with SVM constraints: A, in [0,C] and Z, A.y,=0
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«

MED Feature Selection

N
N

eGoal: pick 100 of 10000 features to
get largest margin classifier (NP)
eTurn features on/off via binary switches
s. €10,1} L
Switch Prior: Bernoulli distribution P, ( Z) =p" (1—p) "
rho parameter varies pruning IeveI

L(X;0)=) s6X +b P, (©,5)

MED uniquely & efficiently finds discriminative
feature subset, analytic partition fn:
Z(\)

= fP(@,s) e

The Admissible Set
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MED Feature Selection

N
N

*Modify parameters to include L (X;0) = Z,_ 56X 4B
a binary ON / OFF Switch :

eThe model © = {60, ,0 RN D} contains structural
s. € {0,1} parameters to aggresswely prune features.
Prior: P(@) Poe (90>P (O)P (8) = ( ) \0] H P ( )

Switch Prior: Bernoulli distribution P | ( ) X (1—p) i

rho parameter selects no pruning to aggresswe prunlng
Prior on 5.6,

Aggressive attenuation -
of linear coefficients

at low values (rho=.01). =
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MED Feature Selection

N

% D i 2 ]
Objective function J (x) — 3\, =Y log|1—p+p SR
t 1=1

With SVM constraints: A, in [0,C] and Z, Ay,=0

DNA Data: 2-class, 100 element binary vectors. Train/Test=500/4724

ssssssssssssss

ROC of DNA Splice Site CDF of Linear Coeffs ROC DNA Splice Site
100 Features DNA Splice Site ~5000 Features
Original 25xGATC 100 Features Quadratic Kernel

Dashed line: p = 0.99999 Solid line: p = 0.00001
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MED Feature Selection

M

L/

( ) Zx —Zlogll p_|_pe(ztktyt t)]

A constralned to [0,c] hyper-cube with constraint >~ Xy, =0

Example: Intron-Exon Protein Classification:
UCI: 240 dims; 200 train, 1300 test

Acceptar/Donor Protein Classification

0965
0.3 \ T ‘ T 0.3 0.96}
0.2' 1 0.2_ 7 §0955 L
0.1 {1 o1 1 3 oest
o 5 I | | :
E 0 1 g 0 || |I I‘ I ||| " . WL i _% 0.945
= = ) e
2-0.1} 1 2-0.1} | ;G 09
= = 509351
-0.2f 1 -0.2r 1
0.93H
-0.3f 1 -0.3r . il
0925 S e e s e s e e s e e e .
-0.4 : : : : -0.4 : : : :
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Linear Parameter # Linear Parameter # g
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MED Feature Selection

N

“eIntroduce switches into regression and integrate in MED
TN =35, =x) - e SN A+x, )+ og(x,) —log(1— e + 21|

S log(N) g1 4 2] - 5 b ]
t

eBoston Housing Data: predict price from 13 scalars
Train/Test=481/25 ———
Explicit Quadratic Kernel Expansion ..~

1—po—l—p0€

Linear Model Estimator Epsilon-Sensitive Linear Loss ‘
L east-Squares 1.7584 o&
MED pO = 0.99999 1.7529 .
MED p0=0.1 1.6894 04
MED EO = 0.001 15377 s Dashed line: p0 = 0.99999
MED p0 = 0.00001 1.4808 o2/  Dottedline: p0=0.001
»' Solid line:  p0 = 0.00001
[ ] n O L L 1
eCancer Data: predict expression from =  °= e« s s

67 Other Cancer Ievels Linear M odel Estimator Epsilon-Sensitive Linear Loss

L east-Squares 3.609e+03

Train/Test = 50/3951 MED p0 = 0.00001 1.6734e+03
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MED Kernel Selection

N
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ePurpose: pick mixture of subset of D Kernel matrices
to get largest margin classifier, (learn the Gram matrix)

«Turn kernels on/off via binary switches s, € {0,1}

eSwitch Prior: Bernoulli dlstrlbutlonP ( ) X (1_p)1_8@'

eDiscriminant uses D models with multiple nonllnear
mappings of datum L (X;0) = Z S OTCD X)+b

eMED solution has analytic concave objective fn:

J(X):;X Zlog ZZx Yy k (XX)H

With SVM constraints: A, in [0,C] and 2 A\y,=0

Il—p+pexp
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Meta-Learning

N
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e[ earning to Learn: Multi-Task or Meta-Learning
eUse multiple related tasks to improve learning

typically implemented in Neural Nets (local minima)

with a shared representation layer and input layer
(Caruana, Thrun, and Baxter)
eSVMs: typically only find a single classification/regression
eCan we combine multi SVMs for different tasks yet with

a shared input space and learn a common representation?

2 22 3 @
22224
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Meta Feature Selection

N

"eGiven a series of classification tasks: m € 1..M|
map inputs to binary: Xtm — vy, Vte []‘"Tm]
using M discriminants with 1 feature selection vector:

L(X;s,0,,,b,)= ZsiOm,in. + b

M) U m

Subject to MED classification constraints:
[ P(5.85008,808, ) 1,0 (£(X,,58,8,,8, )~ 1)|d6 > 0, vevm

tm’?

Solve by optimizing joint objective function for all Lagrange
2

D M

JN=3"X,, =D log|l—p+pexp|)

t,m =1 m=1

With SVM constraints: A, in [0,C] and Z A\Y,=0 for all m

T

m

>\tm ytm Xtm,i
1

t=
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Meta Feature Selection Results

“eHave many classification tasks with common feature
selection. To ensure coupled tasks, turn multi-class data
set into multiple 1 versus many tasks

UCI Dermatology Dataset: 200 trains, 166 tests, 33 features, 6 classes
Cross-validating over

Regularization Levels - " Meta Leaming

73 — Independent Learning |

22 |d

- i |e
=
W
c 20
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= 19t
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L
< e

17+

16+

% 15 1 1 1 1 1
1] 1 2 3 4 5 B
Feature Selection Lewel logip)
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Meta Feature Select Regression

N

J =
eGivenmany regression tasks with common feature selection

D. Ross Cancer Data: 67 expression level features.
Use subset of 800 genes to predict all others
Compared with random feature selection

CELL LINE CELL LINE

60

s

50r

9457 1 GENE

L
B40} e,
%35- -

30F

251

200 5 10 15 20
Mumber of Features
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Meta Kernel Selection

N
N

eGivenmany tasks with common (unknown) kernel matrix
eUse M discriminants with 1 feature selection vector:

L(X;50,,b,)= ZsiOTTm@i (X)+5b,

m? m
eSubject to MED classification constraints:
fP(s,@l,...,@M,bl,...,bM)[ytmL( 90,0, ) = ~|dsdb,d®, > 0, ¥t¥m

optimize joint objective function over Lagrange multipliers

D M
J(\) = 2N = 2o D)D) B IR Z<Xtm’Xtm')”

l—p+pexp

m=1 t=1 t'=1

With SVM constraints: A, in [0,C] and Z A\Y,=0 for all m
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Meta Kernel Selection

M
N

eCode for learning the weights for d=1...D kernels
Table 1: The Multi-Task SVM Learning Algorithm

0 | Input: dataset D, value " and o and kernels kg tord =1,..., D.

Initialize Lagrange multipliers to zero, A = Oform=1..Mandt=1..... T35
Store A = A

Eor it = 1o M do?

Set g4 = avexp (_ Zm 1 t— Zr—m Am, t/\m,TlUm.tlUm,T’l"d("‘{m‘t-. JYF?I.T)) for all d.

Set G = %2# for all d.

Set S(d) = 75 for all d.

Set ‘f’}n.f(d) 2—21 AmrYmrkd(Ximt, Ximr). for all t and d.

Update A, vectors with the SVM QP:

IAXx,, Z;le mt Zt—n /\memde 15 (] mf(d)
+ 2 T Amihmr it g (G¥mt (@) (@) + kaXimgs X))
ST ST A tindting St (6aTima (@) + KXo X))

st 0 XL C YE=1,..., T

s.t. ?;‘1 SiiigAsag—10

41 I ||A=Al| > € goto2

5 | Output: S and .

eFinal kernel to use in the SVMs: k(X,X')=>"" §(d)k,(X,Xx")

d=1

Lol b |~
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Meta Kernel Selection Results

N

UCI Isolet data set (letter recognition from audio)
26 Classes used as 1 to Many Binary Classification

200 training | S R A
600 testing = h\a\“hﬂhwxmaﬁﬁ_gq?m -
300 J
I_EEEI— .
SVM (X,S) L%EEEI— -

Kernel Selection (red) |5z
Meta Selection (blue) 22

o

Used p=0.1 o \\

160

p = 0.01 o
p — 0.001 o 0.5 1 o i3 2 2L




