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What$we$have$covered$$

! !Supervised!Regression!models!!
–  Linear!regression!(LR)!!
–  LR!with!nonHlinear!basis!func+ons!
–  Locally!weighted!LR!
–  LR!with!Regulariza+ons!

! !Supervised!Classifica+on!models!!

–  !Support!Vector!Machine!!

–  !Bayes!Classifier!!
–  !Logis+c!Regression!!
–  !KHnearest!Neighbor!!
–  !Random!forest!/!Decision!Tree!

–  !Neural!Network!(e.g.!MLP)!

!

!

!
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(1) Support Vector Machine 

classification 

Kernel Func K(xi, xj) 

Margin + Hinge 
Loss (optional)  

QP with Dual form 

Dual Weights 

Task  

Representation  

Score Function  

Search/Optimization  

Models, 
Parameters 

€ 

w = α ixiyi
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∑

subject to  ∀xi ∈ Dtrain : yi xi ⋅w+b( ) ≥1−εi

K(x, z) :=Φ(x)TΦ(z)
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(2) Bayes Classifier 

classification 

Prob. models p(X|C) 

EPE, with Log 
likelihood(optional)  

Many options  

Prob. Models’ 
Parameter 

Task  

Representation  

Score Function  

Search/Optimization  

Models, 
Parameters 

P(X1, ⋅ ⋅ ⋅,Xp |C)

argmax
k

P(C _ k | X) = argmax
k

P(X,C) = argmax
k

P(X |C)P(C)

 P̂(Xj |C = ck ) =
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P(W1 = n1,...,Wv = nv | ck ) =
N !

n1k !n2k !..nvk !
θ1k
n1kθ2k

n2k ..θvk
nvk

p(Wi = true | ck ) = pi,kBernoulli)
Naïve))

Gaussian)
Naive)
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(3) Logistic Regression 

Classification 

Log-odds(Y) = linear 
function of X�s  

EPE, with conditional 
Log-likelihood  

   Iterative (Newton) method  

Logistic 
weights 

Task  

Representation  

Score Function  

Search/Optimization  

Models, 
Parameters 

P(c =1 x) = eα+βx

1+ eα+βx
=

1
1+ e−(α+βx )11/13/14! 5!
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(4) K-Nearest Neighbor 

Classification 

Local Smoothness 

NA 

NA 

Training 
Samples 

Task  

Representation  

Score Function  

Search/Optimization  

Models, 
Parameters 
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(5) Decision Tree / Random Forest 

Greedy to find partitions 

Split Purity measure / e.g. 
IG / cross-entropy / Gini /  

Tree Model (s), i.e. 
space partition  

Task  

Representation  

Score Function  

Search/Optimization  

Models, 
Parameters 
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Classification 

Partition feature space 
into set of rectangles 

(6) Neural Network 

Cross-Entropy / 
MSE   

SGD / Backprop 

NN network 
Weights 

Task  

Representation  

Score Function  

Search/Optimization  

Models, 
Parameters 
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Classification 
/ Regression 

Multilayer Network 
topology 
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9!

" !different!assump+ons!on!data!

" different!scalability!profiles!at!training!+me!

" different!latencies!at!predic+on!+me!

" different!model!sizes!(embedability!in!mobile!devices)!

Olivier!Grisel’s!talk!!

ScikitHlearn!:!Classifica+on!

11/13/14! 10!

Linear!classifiers!

(SVM,!logis+c!

regression…)!with!

SGD!training.!

approximate!the!!

explicit!feature!

mappings!that!

correspond!to!

certain!kernels!
To!combine!the!

predic+ons!of!

several!base!

es+mators!built!

with!a!given!

learning!algorithm!

in!order!to!improve!

generalizability!/!

robustness!over!a!

single!es+mator.!(1)!

averaging!/!bagging!

(2)!boos+ng!!
!
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ScikitHlearn!algorithm!cheatHsheet!
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hep://scikitHlearn.org/stable/tutorial/machine_learning_map/!!
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ScikitHlearn!:!Regression!

Linear!model!
fieed!by!

minimizing!a!

regularized!

empirical!loss!

with!SGD!
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Basic!

PCA!

BayesH!Net!

HMM!!!

Kmeans!+!

GMM!!

next!aier!classifica+on!?!!
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Where!are!we!?!#!!

Five!major!sec+ons!of!this!course!

! !Regression!(supervised)!
! !Classifica+on!(supervised)!

! !Feature!selec+on!!!
! !Unsupervised!models!

! !Dimension!Reduc+on!!

! !!Clustering!!!
! !Learning!theory!!
! !Graphical!models!!
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Today$
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$ Feature!Selec+on!(supervised)!

$  Filtering!approach!

$ Wrapper!approach!

$  Embedded!methods!

!

A!labeled!Dataset!

•  Data/points/instances/examples/samples/records:![!rows!]!
•  Features/a0ributes/dimensions/independent3variables/covariates/

predictors/regressors:![!columns,!except!the!last]!!
•  Target/outcome/response/label/dependent3variable:!special!

column!to!be!predicted![!last!column!]!!
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Feature!Selec+on!
!

•  Thousands$to$millions$of$low$level$features:!

select!the!most!relevant!one!to!build!beNer,$

faster,$and$easier!to$understand!learning!

machines.!

X!

p!

n!

p�!

From!Dr.!Isabelle$Guyon$!

A!Typical!Machine!Learning!Pipeline! 

9/16/14!

Low-level 
sensing 

Pre-
processing 

Feature 
Extract 

Feature 
Select 

Inference, 
Prediction,  
Recognition 

Label 
Collection 
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Evaluation 

Optimization 

e.g. Data Cleaning Task-relevant 



e.g.,!QSAR:!Drug!Screening!

 
Binding to Thrombin 
(DuPont Pharmaceuticals) 
-  2543 compounds tested for their 
ability to bind to a target site on 
thrombin, a key receptor in blood 
clotting; 192 �active� (bind well); the 
rest �inactive�. Training set (1909 
compounds) more depleted in active 
compounds. 

-  139,351 binary features, which 
describe three-dimensional properties 
of the molecule. Weston et al, Bioinformatics, 2002 

Number of features 

e.g.,!Text!Categoriza+on!with!feature!Filtering!

Bekkerman et 
al, JMLR, 2003 

 

Top!3!words!of!some!output!Y!categories:!

•  Alt.atheism:!atheism,!atheists,!morality!

•  Comp.graphics:!image,!jpeg,!graphics!

•  Sci.space:!space,!nasa,!orbit!

•  Soc.religion.chris8an:!god,!church,!sin!

•  Talk.poli8cs.mideast:!israel,!armenian,!turkish!

•  Talk.religion.misc:!jesus,!god,!jehovah!

!

Reuters: 21578 news wire, 114 
semantic categories. 

20 newsgroups: 19997 articles, 20 
categories. 

WebKB: 8282 web pages, 7 
categories. 

Bag-of-words: >100,000 features. 
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Feature!Selec+on!

–  Filtering!approach:!!
!

ranks!features!or!feature!subsets!independently!of!the!

predictor!(classifier).!
!

•  …using!univariate!methods:!consider!one!variable!at!a!+me!

•  …using!mul+variate!methods:!consider!more!than!one!variables!at!a!+me!
!

!

– Wrapper!approach:!
!

!uses!a!classifier!to!assess!(many)!features!or!feature!subsets.!
!

–  Embedding!approach:!
!

uses!a!classifier!to!build!a!(single)!model!with!a!subset!of!

features!that!are!internally!selected.!

!
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Feature!Selec+on!I:!univariate!

filtering!approach,!e.g.!THtest!

!!

xi!

D
e
n
si
ty
!

P
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i|
!Y
=
H1
)!

P
(X

i|
!Y
=
1
)!
!!

Legend:!

Y=1!

Y=H1!

-1 

µ- µ+ 

σ- σ+ 
xj!

σ- 
σ+ 

µ-, µ+ 

$  Issue:!!determine!the!relevance!of!a!given!single!feature.!
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Feature!Selec+on!I:!univariate!

filtering!approach!,!e.g.!THtest!

!

-1 

σ- σ+ xi!

THtest!

• !Normally!distributed!classes,!equal!variance!

σ2!unknown;!es+mated!from!data!as!σ2
within.!

• !Null!hypothesis!H0:!µ+!=!µH!

• !T!sta+s+c:!!
!!!If!H0!is!true,!then!

!!!t=!(µ+!H!µH)/(σwithin√1/m++1/m-)   ∼  
        Student(m++m--2 d.f.) $

µ- µ+ 
Is!this!distance!

significant?!

From!Dr.!Isabelle$Guyon$!

Feature!Selec+on!I:!univariate!filtering,!

(many!other!criteria)!



Feature$Selec8on:$mul8variate$

approach!

��/59!
Guyon4Elisseeff,)JMLR)2004;)Springer)2006)

Univariate!selec+on!may!fail!

��/59!

Feature$Selec8on:$search$strategies$

p!features,!2p!possible!feature!subsets!!

Kohavi4John,)1997)
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Feature!Selec+on!II:!search!

strategies!for!wrapper!approaches!

% $$$Forward$selec8on$or$backward$elimina8on.$

% $$$Beam$search:!keep!k!best!path!at!each!step.$$

% $$$GSFS:$generalized!sequen+al!forward!selec+on!–!when!(nH
k)!features!are!lei!try!all!subsets!of!g!features.!More!trainings!at!
each!step,!but!fewer!steps.!

% $$$PTA(l,r):!plus!l!,!take!away!r!–!at!each!step,!run!SFS!l!+mes!
then!SBS!r!+mes.!

% $$$Floa8ng$search:!One!step!of!SFS!(resp.!SBS),!then!SBS!
(resp.!SFS)!as!long!as!we!find!beeer!subsets!than!those!of!the!
same!size!obtained!so!far.!

From!Dr.!Isabelle$Guyon$!
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Feature!Selec+on:!filters!vs.!

wrappers!vs.!embedding!
$  Main$goal:!rank!subsets!of!useful!features!!

!

From!Dr.!Isabelle$Guyon$!
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Feature!Selec+on!III:!e.g.!Feature$Selec8on$

via$Embedded$Methods:$L1+regulariza8on$

sum(|beta|)! sum(|beta|)!
From!ESL!book!

��/59!

Feature$Selec8on:$feature$subset$

assessment$(for$wrapper$approach)$

1)!For!each!feature!subset,!train!
predictor!on!training!data.!

2)!Select!the!feature!subset,!which!
performs!best!on!valida+on!data.!
$  Repeat!and!average!if!you!want!to!
reduce!variance!(crossHvalida+on).!

3)!Test!on!test!data.!

N!variables/features!

M
!s
a
m
p
le
s!

m1!

m2!

m3!

Split!data!into!3!sets:!

training,!valida+on,!and!test!set.!

$

Danger$of$over+fi[ng$with!intensive!search!!
From!Dr.!Isabelle$Guyon$!



In!prac+ce…!

•  No$method$is$universally$beNer:$

–  wide$variety$of$types$of$variables,$data$distribu8ons,$
learning$machines,$and$objec8ves.$$

•  Feature$selec8on$is$not$always$necessary$to$
achieve$good$performance.$

NIPS 2003 and WCCI 2006 challenges :   http://clopinet.com/challenges 

From!Dr.!Isabelle$Guyon$!
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