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Topic 6

eReview MED SVM
*MED Feature Selection
*MED Kernel Selection
eMulti-Task MED
eAdaptive Pooling
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MED Support Vector Machine
MED approach to find discriminant: L(X;@) — 0" X +b
eGet P(9): I, KL(P \Po) +C) ¢,

st. [ P(O)yL(X;0)d0>1-¢, vt
+Solution:  P(6) = 21 B, () exp(L, ), [y,.L(X,:0) - 1]

Z(>)

ePartition: 7 (>\) = f@Po (@) exp (Zt A, [ytL (Xt;@) — 1]) dO
*Objective: J(X\)=max, > X, —1> A\ 4y, (X/X, )
(same : 00
as SVM) st 0< N\, <C, > Ny, =0

ePrediction: § = sgan(@)L(X; @) 4O = sgn) , y\X X +b
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MED Feature Selection

«Goal: pick 100 of 10000 features to et
get largest margin classifier (NP)

eTurn features on/off via binary switches s. € {0,1}
eDiscriminant is now L(X; @) Zs 0X +b
eIntroduce a prlor on switches: PO(@,S)

1— S,
Poyls)=0"(1-0)
eThis is a Bernoulli distribution where
PO,

p controls a priori pruning level
eMED finds discriminative P(0,s) close
to prior by maximizing J(A)= —log Z()\)

The Admissible Set
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MED Feature Selection

eDiscriminant function now is L(X;@) = ZP 00X +0b

eThe model © = ﬂf’ 61,...,6D,sl,...,sDk contains binary s, € {0,1}
parameters (with Bernouilli priors) to prune features
Prior: P (©) =P, (b)F,(0)P,(s) = N (b ] 0,00) N (0] 0, 1), P, (s

0 0 0 0

Partition: Z(\) =3\ .3 [ [R(6)exp(x,[y,L(X:0)~1]j0as

| Prioron 5.0,
Aggressive attenuation |

of linear coefficients
% o s 1 = 3 at low values (rho=.01). =
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MED Feature Selection

Objective is now: J (>\) = Z X, — zD: log|1—p+ peé(Z»ttht,i)
l 1=1

st. 0<\, <C, > Xy, =0

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

1

0.8r

0.6

0.4-

0.2r '

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
ONEDDIE f:log é(zt”thm)Q}

st. 0<X\, <C, > Xy, =0

1 —p-+pe

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

Acceptor/Donor Protein Classification
0.97 T T

p=1 (SVM)
0.965 p=1e-5
0.3 - - ‘ ‘ 0.3 ; : ; o p=le-s
0.96F p=le-1 |
. — p=le-2
0.2p 1 0.2} 1 50.955 {\ ) = E=1e—4 I
0.1 ] 0.1 1 8 oest N 1
5 s Lyl 5 N
3 0 13 o0 .| i ,\ ” 1 Eossy — -
0.1} 1 g-o1 | |
= = 509351 1
-0.2t 1 -0.2t 1
0.93 1
-0.3f {1 -03 1 |
0.925¢ T T TS TS T T s s e e B
-0.4 : : : : -04 : : : :
0 50 100 150 200  25(C 0 50 100 150 200 250 0.2 ; 2 5
Linear Parameter # Linear Parameter # 10 . 10 10
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MED Feature Selection
*MED can also use switches in regression, objective is then2:
TN =3y, (N =X )= X (N 4X,) =D log 220N

L—p,+ pye’
s£.0 <N\, <C, PORVEDY =0 |
eBoston Housing Data: predict price from 13 scalars

Train/Test=481/25 e
Explicit Quadratic Kernel Expansion s
Linear Model Estimator Epsilon -Sensitive Linear Loss
Least-Squares 1.7584 061
MED p0 = 0.99999 1.7529 ‘
= 0.4r |
MED 50— 0001 L5377 " Dashed lne: p0=0.99999
MED p0 = 0.00001 1.4808 0z Dotted line: p0 = 0.001

| Solid line:  p0 =0.00001
eCancer Data: predict expression from °  ° o« s e
67 Other Ca ncer Ievels Linear Model Estimator Epsilon -Sensitive Linear Loss

Least-Squares 3.609e+03

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

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

eTurn kernels on/off via binary switches s, {0,1}
. . . . . . s 1—82.
eSwitch Prior: Bernoulli distribution P, (si) =p" (1 - p)

eDiscriminant uses D models with multiple nonlinear
mappings of datum L(X; @) = Zsﬁfcbi (X) +b

*MED solution has analytic concave objective fn:
J(\)=>"% =) log

st. 0<X\, <C, > Ny, =0

T

T
% Z Z >\t>\t'ytyt'kz‘ (Xt’ Xt' )H

t=1 t'=1

l—p+pexp
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Meta-Learning

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?

a '- ’ -' @ | ’ ‘\ | ' |
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Meta Feature Selection

eGiven a series of classification tasks: m € [LM ]
map inputs to binary: X, —y, =~ Vte|l.T,
using M discriminants with 1 feature selection vector:

L(X;5,6,.0,)=>"s0, X +b,

Subject to MED classification constraints:
[ P(s.0,...0,,.b ..,bM)[ytm(L(Xt 5,6, ) )]d@zo, Vivm

Solve by optimizing joint objective function for all Lagranges
2
D T,
J(X) — thm - Zlog 1- P+ pexp % thmythtm,i
t,m 1=1 t=1

1 —
=0 Vm

NG

3
I

st. 0<X, <C, >\

tm ytm
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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 2 v —

3 SV — Independent Learning ||
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Meta Feature Selection Results

Can also cross validate over p (or a=(1-p)/p) as well as C

Example: UCI Dermatology dataset (6 tasks)

1 \

i E——

0.98f

Average AUC on 6 Tasks
S ©
@ (o]
O (o]

o
© ©
© ~
~ o

0.965(

—— Multi-Task Sparsity
Independent SVMs
0.96— ‘
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Training Set Size per Task
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Meta Feature Select Regression

eCan also solve many regression tasks with one 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
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Meta Kernel Selection

eGiven many tasks with common (unknown) kernel matrix

eUse M discriminants with one feature selection vector:

L(X;5,0,.0, )= > 56! @ (X)+b,

eSubject to MED classification constraints:
[ P(5:6,:20,.b,, )|y, L(X,,:5.0, .8, ) = ~|dsdb dO >0, ¥vm

optimize joint objective function over Lagrange multipliers
J()x) = Z)xtm—ZIOg %;:;m‘ym‘ SN, Y, ytme(X X, )]

=1
st. 0< >\tm <, Ztktmytm =0 Vm

l1—p+pexp
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Meta Kernel Selection as QP

eThe objective function is convex but not quite a QP
J(\)=>"N, ~ log

st. 0< >\tm < (), Ztktmytm =0 Vm

M T,
%xyy tm ytmy k (Xtm’Xtm')

t=1 t'=1

l—p+pexp

eUse a bound on each log term to make it quadratic in A
VTV] eXp(va) - 1 T BT )

5 _(x—|—exp(vzv)v (u—v)—a(u—v) ( vV V4 )(u—v)

tanh (; log (oc exp (—VTV / 2)))

2log (OL exp (—VTV/Z))
eAs with EM, maximize the lower bound, update & repeat

log (1 / e)
log (min [1+1/a, 2))

T
o+ exp 11211 >

—log —log| o+ exp

where & =

eConverges in fewer steps than
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Meta Kernel Selection as QP

eCode for learning the weights for d=1...D kernels

Algorithm 1 Multitask SVM Learning

0 | Input dataset 2,C >0,0>0,0 < ® < 1 and kernels k; ford =1,...,D.
1 | Initialize Lagrange multipliers to zero A = 0.

2 | Store A= A.

3 |Form=1,...,Mdo:

3a | Set 8a = OLEXp (_ % Z?nl=1 ZtTgl Z‘{il }"m,t}"m,‘tym,tym,‘rkd (xm,ta xm,‘r)) for all d.

Set g = “A186D) for 411 g.
Set8(d) = 15, foralld.

Set 9 (d) = 3 AnxYm.tka (X s, Xm ) for all £ and d.

3b | Update each of the A, vectors with the SVM QP:

maxy ZtTgl }\'m,t - ZtTgl )"m,tym,t ZdDzl §(d)ym,t (d)
+ 23‘21 ZTT'Ll }\'m,t~ m,tymtYm, ZdDzl (GdS'm,t (d)ym,r (d) + ka (xm,t ; xm,’r))
- % ZtTgl 2-{21 }"m,t}\'m,‘cym,tym,‘t Zfi)zl (Gdym,t (d)ym,“r (d) + kd (xm,t :xm,‘l:))

$.t.0<Amy <C Vt=1,...,T, and 3" ymsAms =O.

4 | If A=A >o||A|| goto 2.

5 | Output: 8§ and A.

*Final kernel to use in the SVMs: k(x,x)=3"" §(a)k, (X, X ")

d=1
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Meta Kernel Selection Results

Can also cross validate over p (or a=(1-p)/p) as well as C

Example: Landmine dataset (29 tasks) with RBF kernels
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Meta or Adaptive Pooling

eAnother type of meta-learning is adaptive pooling
eAssume m € [1..M] datasets predicting binary labels
eHere, datasets are all labeled for the same task
eBut, inputs are sampled from slightly different distributions
eE.g. Dataset 1: color face images labeled as male/female
Dataset 2: gray face images labeled as male/female
ePooling: combine both datasets and learn one classifier
L (X)=0"X+0
eIndependent learning: learn a separate classifier for each
I X) —0"X b
eAdaptive poollng each classifier is a mix of the shared
model and a specialized model
L (X)=s (OTX+b )+ EjeTXer)
eOnce agaln MED solution is straightforward...
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Meta or Adaptive Pooling

eCompare to full pooling and independent learning

0.87— - ' - 0.868
IRRRIER AR
0.86 0.866|
0.85} 1 1
0.864} I . D e
0.84} i —
o) / Q 0.862
2083 2 / ’
0.82f ] 0.86f
0.81H : i |
— Adaptive Pooling 0.858 [ — Adaptive Pooling
0.8FF1-t-tF+-Hr{-Ht{-+| - Pooled SVYM i - Pooled SVM
2ol ‘ - -Independent SVMs 0.856] I - - - Independent SVMs||
0. 0 5 10 15 20 5 10 15 20
log a log o
(a) Average AUC (b) Average AUC zoomed in

( ) thm Z Zm QZthm tmytmyt'm'k(Xtm7Xt‘m')

t=1 t'=1
T T
Elog Qsztm tmytmytm m(Xtm’Xtm')

t=1 t'=1
st. 0< )\tm <, Ztktmytm =0 Vm

o+ exp

+ Mlog(oc—i—l)




