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Where$we$are$?$!$$
Five$major$secHons$of$this$course$

" $Regression$(supervised)$
" $ClassificaHon$(supervised)$
" $Unsupervised$models$$
" $Learning$theory$$
" $Graphical$models$$
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Today$

" $Supervised$ClassificaHon$$
" $Support$Vector$Machine$(SVM)$

$
$
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 e.g. SUPERVISED LEARNING 
•  Find function to map input space  X  to 

output space Y  
 
•  So that the difference between y and f(x) 

of each example x is small. 
 

 
 

9/30/15$

I$believe$that$this$book$is$
not$at$all$helpful$since$it$
does$not$explain$thoroughly$
the$material$.$it$just$provides$
the$reader$with$tables$and$
calculaHons$that$someHmes$
are$not$easily$understood$…$

x$

y$
X1$

Input$X$:$e.g.$a$piece$of$English$text$$

Output$Y:$$$${1$/$Yes$,$$X1$/$No$}$$
e.g.$Is$this$a$posiHve$product$review$?$

e.g.$$

4$
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A$Dataset$$
for$classificaHon$$

•  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$]$$

9/30/15$ 5$

Output Class: 
categorical 

variable$

Dr.$Yanjun$Qi$/$UVA$CS$6316$/$f15$

 e.g. SUPERVISED Linear Binary Classifier 

    f          x y 

f(x,w,b) = sign(w x + b) 

w"x"+"b<0"

Courtesy$slide$from$Prof.$Andrew$Moore’s$tutorial$
$

?$

?$

w"x"+"b>0"

denotes +1 point 

denotes -1 point 

denotes future 
points 

 

?$
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ApplicaHon$1:$Classifying$Galaxies$
Early$

Intermediate3

Late$

Data Size:  
•  72 million stars, 20 million galaxies 
•  Object Catalog: 9 GB 
•  Image Database: 150 GB  

Class:  
•  Stages of Formation 

Attributes: 
•  Image features,  
•  Characteristics of light 

waves received, etc. 

Courtesy: http://aps.umn.edu 

From [Berry & Linoff] Data Mining Techniques, 1997 
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ApplicaHon$2:$Cancer$ClassificaDon$
using$gene$expression$$$

$
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X$N patient 
blood 

samples 

p genes’ quantities in blood cell  
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ApplicaHon$3:$–$
Text$Documents,$e.g.$Google News 

9 9/30/15$
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•  Each$document$becomes$a$`term'$vector,$$
– each$term$is$an$(alribute)$of$the$vector,$
–  the$value$of$each$describes$the$number$of$Hmes$
the$corresponding$term$occurs$in$the$document.$$

Document 1

season

tim
eout

lost

w
in

gam
e

score

ball

play

coach

team

Document 2

Document 3

3 0 5 0 2 6 0 2 0 2

0

0

7 0 2 1 0 0 3 0 0

1 0 0 1 2 2 0 3 0

Text$Document$RepresentaHon$

9/30/15$
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Text Categorization 
 

•  Pre-given categories and labeled document 
examples (Categories may form hierarchy) 

•  Classify new documents  
•  A standard supervised learning problem 

Categorization 
System 

… 
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y
ŷ = f (x)

Dr. Yanjun Qi / UVA CS 6316 / f15 
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Examples of Text Categorization 

•  News article classification 
•  Meta-data annotation 
•  Automatic Email sorting 
•  Web page classification  

9/30/15$



ApplicaHon$4:$–$ObjecHve$recogniHon$/$Image$
Labeling$$($Label$Images$into$predefined$classes$)$

9/30/15$ 13$
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Image$RepresentaHon$for$$
–$ObjecHve$recogniHon$$

•  Image$representaHon$!$bag$of$“visual$words”$

9/30/15$
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ApplicaHon$5:$–$Audio$ClassificaHon$

$
$
$
$
$

•  RealXlife$applicaHons:$
–  Customer$service$phone$rouHng$
–  Voice$recogniHon$sooware$

9/30/15$

Dr.$Yanjun$Qi$/$UVA$CS$6316$/$f15$
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Music$InformaHon$Retrieval$Systems$
e.g.,$AutomaHc$Music$ClassificaHon$

•  Many$areas$of$research$in$music$informaHon$
retrieval$(MIR)$involve$using$computers$to$classify$
music$in$various$ways$
–  Genre$or$style$classificaHon$
– Mood$classificaHon$
–  Performer$or$composer$idenHficaHon$
– Music$recommendaHon$$
–  Playlist$generaHon$
–  Hit$predicHon$
–  Audio$to$symbolic$transcripHon$
–  etc.$

•  Such$areas$ooen$share$similar$central$procedures$
17$9/30/15$
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Music$InformaHon$Retrieval$Systems$
e.g.,$AutomaHc$Music$ClassificaHon$

•  Musical$data$collecHon$
–  The$instances$(basic$enHHes)$

to$classify$
–  Audio$recordings,$scores,$

cultural$data,$etc.$
•  Feature$extracHon$

–  Features$represent$
characterisHc$informaHon$
about$instances$

–  Must$provide$sufficient$
informaHon$to$segment$
instances$among$classes$
(categories)$

•  Machine$learning$
–  Algorithms$(�classifiers�$or$
�learners�)$learn$to$associate$
feature$palerns$of$instances$
with$their$classes$

Musical$Data$

CollecDon$

$

Basic$ClassificaDon$Tasks$

Feature$ExtracDon$

$

Machine$Learning$

Metadata"

Metadata$

Analysis$
 

$

ClassificaDons$

Music$

Classifier$

Training 
$

9/30/15$
18$
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Audio,$Types$of$features$
•  LowXlevel$

–  Associated$with$signal$
processing$and$basic$auditory$
percepHon$

–  e.g.$spectral$flux$or$RMS$
–  Usually$not$intuiHvely$musical$

•  HighXlevel$
–  Musical$abstracHons$
–  e.g.$meter$or$pitch$class$

distribuHons$
•  Cultural$

–  Sociocultural$informaHon$
outside$the$scope$of$auditory$
or$musical$content$

–  e.g.$playlist$coXoccurrence$or$
purchase$correlaHons$

Feature$ExtracDon$

LowOLevel$

Features 
$

HighOLevel$

Features$

$

Cultural$

Features$

$
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Where$we$are$?$!$$
Three$major$secHons$for$classificaHon 

•  We can divide the large variety of classification 
approaches into roughly three major types  

      
 1. Discriminative 
              - directly estimate a decision rule/boundary 
              - e.g., support vector machine, decision tree 
  
 2. Generative: 
              - build a generative statistical model 
              - e.g., Bayesian networks 
       
  3. Instance based classifiers 
          - Use observation directly (no models) 
          - e.g. K nearest neighbors 

9/30/15$ 20$

Dr.$Yanjun$Qi$/$UVA$CS$6316$/$f15$



A study comparing Classifiers$

9/30/15$ 21$

Dr.$Yanjun$Qi$/$UVA$CS$6316$/$f15$ICML$'06$Proceedings$of$the$23rd$internaHonal$
conference$on$Machine$learning$

A study comparing Classifiers  
! 11$binary$classificaHon$problems$$

$
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A study comparing Classifiers  
! 11$binary$classificaHon$problems$/$8$metrics$$
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Today$

" $Supervised$ClassificaHon$$
" $Support$Vector$Machine$(SVM)$

# $History$of$SVM$$
# $Large$Margin$Linear$Classifier$$
# $Define$Margin$(M)$in$terms$of$model$parameter$
# $OpHmizaHon$to$learn$model$parameters$(w,$b)$$
# $Non$linearly$separable$case$
# $OpHmizaHon$with$dual$form$$
# $Nonlinear$decision$boundary$$
# $$MulHclass$SVM$$$
$

$
$

9/30/15$ 24$
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History$of$SVM$
•  SVM$is$inspired$from$staHsHcal$learning$theory$[3]$
•  SVM$was$first$introduced$in$1992$[1]$$
•  SVM$becomes$popular$because$of$its$success$in$handwrilen$$$$$$$$$$$$$$$$$$digit$

recogniHon$(1994)$
–  1.1%$test$error$rate$for$SVM.$This$is$the$same$as$the$error$rates$of$a$carefully$

constructed$neural$network,$LeNet$4.$
•  SecHon$5.11$in$[2]$or$the$discussion$in$[3]$for$details$

•  SVM$is$now$regarded$as$an$important$example$of$�kernel$methods�,$
arguably$the$holest$area$in$machine$learning$15$years$ago$$

[1] B.E. Boser et al. A Training Algorithm for Optimal Margin Classifiers. Proceedings of the Fifth Annual Workshop on 
Computational Learning Theory 5 144-152, Pittsburgh, 1992.  

[2] L. Bottou et al.  Comparison of classifier methods: a case study in handwritten digit recognition. Proceedings of the 12th 
IAPR International Conference on Pattern Recognition, vol. 2, pp. 77-82, 1994. 

[3] V. Vapnik. The Nature of Statistical Learning Theory. 2nd edition, Springer, 1999. 
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Young$/$$
theoreHcally$$
sound$/$
Impacuul$

ApplicaHons$of$SVMs$

•  Computer$Vision$
•  Text$CategorizaHon$
•  Ranking$(e.g.,$Google$searches)$
•  Handwrilen$Character$RecogniHon$
•  Time$series$analysis$
•  BioinformaHcs$
•  ……….$$

$$Lots$of$very$successful$applicaHons!!!$

9/30/15$
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Handwrilen$digit$recogniHon$

In$90s,$SVM$

achieves$the$

9/30/15$
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A$Dataset$$
for$binary$$

classificaHon$$

•  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$]$$

9/30/15$ 28$

Output as 
Binary Class:  

only two 
possibilities$

Dr.$Yanjun$Qi$/$UVA$CS$6316$/$f15$



Today$

" $Supervised$ClassificaHon$$
" $Support$Vector$Machine$(SVM)$

# $History$of$SVM$$
# $Large$Margin$Linear$Classifier$$
# $Define$Margin$(M)$in$terms$of$model$parameter$
# $OpHmizaHon$to$learn$model$parameters$(w,$b)$$
# $Non$linearly$separable$case$
# $OpHmizaHon$with$dual$form$$
# $Nonlinear$decision$boundary$$
# $$MulHclass$SVM$$$
$

$
$
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�Linear$Classifiers$
f3$$$$$$$$$x" yest$

denotes$+1$
denotes$X1$

How$would$you$
classify$this$data?$

9/30/15$ 30$
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�Linear$Classifiers$
f3$$$$$$$$$x" yest$

denotes$+1$
denotes$X1$

How$would$you$
classify$this$data?$
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�Linear$Classifiers$
f3$$$$$$$$$x" yest$

denotes$+1$
denotes$X1$

How$would$you$
classify$this$data?$
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�Linear$Classifiers$
f3$$$$$$$$$x" yest$

denotes$+1$
denotes$X1$

How$would$you$
classify$this$data?$

9/30/15$ 33$
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�Linear$Classifiers$
f3$$$$$$$$$x" yest$

denotes$+1$
denotes$X1$

Any$of$these$would$
be$fine..$
$
..but$which$is$best?$

9/30/15$ 34$
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Classifier$Margin$
f3$$$$$$$$$x" yest$

denotes$+1$
denotes$X1$ Define$the$margin$of$

a$linear$classifier$as$
the$width$that$the$
boundary$could$be$
increased$by$before$
hiyng$a$datapoint.$

9/30/15$ 35$
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Maximum$Margin$
f3$$$$$$$$$x" yest$

denotes$+1$
denotes$X1$ The$maximum$

margin$linear$
classifier$is$the$
linear$classifier$with$
the,$maximum$
margin.$
This$is$the$simplest$
kind$of$SVM$(Called$
an$LSVM)$

Linear$SVM$
9/30/15$ 36$
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Maximum$Margin$
f3$$$$$$$$$x" yest$

denotes$+1$
denotes$X1$ The$maximum$

margin$linear$
classifier$is$the$
linear$classifier$with$
the,$maximum$
margin.$
This$is$the$simplest$
kind$of$SVM$(Called$
an$LSVM)$

Support$Vectors$are$
those$datapoints$
that$the$margin$
pushes$up$against$

Linear$SVM$
9/30/15$ 37$
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x2$

x1$

Maximum$Margin$
f3$$$$$$$$$x" yest$

denotes$+1$
denotes$X1$ The$maximum$

margin$linear$
classifier$is$the$
linear$classifier$with$
the,$maximum$
margin.$
This$is$the$simplest$
kind$of$SVM$(Called$
an$LSVM)$

Support$Vectors$are$
those$datapoints$
that$the$margin$
pushes$up$against$

Linear$SVM$

f(x,w,b)3=3sign(wTx3+3b)3

9/30/15$ 38$
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Max margin classifiers 

•  Instead of fitting all points, focus on boundary points 

•  Learn a boundary that leads to the largest margin from both 
sets of points 

From all the 
possible boundary 
lines, this leads to 
the largest margin 
on both sides 

9/30/15$ 39$
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Max margin classifiers 

•  Instead of fitting all points, focus on boundary points 

•  Learn a boundary that leads to the largest margin from points on both 
sides 

D 

D 
Why?  

•  Intuitive, �makes 
sense� 

•  Some theoretical 
support 

•  Works well in practice 

9/30/15$ 40$
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Max margin classifiers 

•  Instead of fitting all points, focus on boundary points 

•  Learn a boundary that leads to the largest margin from points on both 
sides 

D 

D 
Also known as linear 
support vector 
machines (SVMs) 

These are the vectors 
supporting the boundary 

9/30/15$ 41$
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MaxXmargin$&$Decision$Boundary$
•  The$decision$boundary$should$be$as$far$away$from$

the$data$of$both$classes$as$possible$

Class -1 

Class 1 

W is a p-dim 
vector; b is a 

scalar$

9/30/15$
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Specifying a max margin classifier 

Predict class +1 

Predict class -1 
wTx+b=+1 

wTx+b=0 

wTx+b=-1 

Classify as +1            if                  wTx+b >= 1 
 
Classify as -1             if                  wTx+b <= - 1 
 
Undefined                  if                 -1 <wTx+b < 1 

Class +1 plane 

boundary 

Class -1 plane 

9/30/15$ 43$
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Specifying a max margin classifier 

Predict class +1 

Predict class -1 
wTx+b=+1 

wTx+b=0 

wTx+b=-1 

Classify as +1            if                  wTx+b >= 1 
 
Classify as -1             if                  wTx+b <= - 1 
 
Undefined                  if                 -1 <wTx+b < 1 

Is the linear separation 
assumption realistic?  
 

We will deal with this shortly, 
but lets assume it for now 

9/30/15$ 44$
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Today$

" $Supervised$ClassificaHon$$
" $Support$Vector$Machine$(SVM)$

# $History$of$SVM$$
# $Large$Margin$Linear$Classifier$$
# $Define$Margin$(M)$in$terms$of$model$parameter$
# $OpHmizaHon$to$learn$model$parameters$(w,$b)$$
# $Non$linearly$separable$case$
# $OpHmizaHon$with$dual$form$$
# $Nonlinear$decision$boundary$$
# $$MulHclass$SVM$$$
$

$
$
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Maximizing the margin 

Predict class +1 

Predict class -1 
wTx+b=+1 

wTx+b=0 

wTx+b=-1 

Classify as +1   if   wTx+b >= 1 
Classify as -1    if   wTx+b <= - 1 
Undefined         if   -1 <wTx+b < 1 M 

•  Lets define the width of the margin by M 

•  How can we encode our goal of maximizing M in terms of 
our parameters (w and b)? 

•  Lets start with a few obsevrations 
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Maximizing the margin: 
observation-1 

Predict class +1 

Predict class -1 
wTx+b=+1 

wTx+b=0 

wTx+b=-1 

Classify as +1   if   wTx+b >= 1 
Classify as -1    if   wTx+b <= - 1 
Undefined         if   -1 <wTx+b < 1 

M 

•  Observation 1: the vector w is orthogonal to the +1 plane 

•  Why? 

Let u and v be two points on the +1 plane, 
then for the vector defined by u and v we have 
wT(u-v) = 0  

Corollary: the vector w is orthogonal to the -1 plane  9/30/15$ 47$
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ObservaHon$1$$
!$Review$:Vector$SubtracHon$

Dr.$Yanjun$Qi$/$UVA$CS$6316$/$f15$
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ObservaHon$1$$
!$Review$:Vector$Product$!$Orthogonal$

9/30/15$ 49$
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ObservaHon$1$!$Review$:$
Vector$$Product,$Orthogonal,$and$Norm$

For$two$vectors$x$and$y,$$

xTy3

is$called$the$(inner)3vector3product.$

The$square$root$of$the$product$of$a$vector$with$
itself,$$

is$called$the$2Cnorm$($|x|2$),$can$also$write$as$|x|$$

x$and$y$are$called$orthogonal$if$

xTy3=303

9/30/15$ 50$
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Maximizing the margin: 
observation-1$

•  $ObservaDon$1:$the$vector$w$is$orthogonal$to$the$+1$plane$

Class 1 

Class 2 

M 

9/30/15$
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Maximizing the margin: 
observation-2 

Predict class +1 

Predict class -1 
wTx+b=+1 

wTx+b=0 

wTx+b=-1 

Classify as +1   if   wTx+b >= 1 
Classify as -1    if   wTx+b <= - 1 
Undefined         if   -1 <wTx+b < 1 

M 

•  Observation 1: the vector w is orthogonal to the +1 and -1 planes 

•  Observation 2: if x+ is a point on the +1 plane and x- is the closest point 
to x+ on the -1 plane then  

                                        x+ = λ w + x- 

x+  

x-  

Since w is orthogonal to both planes 
we need to �travel� some distance 
along w to get from x+  to x-  

9/30/15$ 52$
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Putting it together 

Predict class +1 

Predict class -1 
wTx+b=+1 

wTx+b=0 

wTx+b=-1 

M 

•  wT x+ + b = +1 

•  wT x- + b = -1 

•  x+ = λ w + x-  

•  | x+ - x- | = M 

x+  

x-  

We can now define M in 
terms of w and b 

9/30/15$ 53$
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Putting it together 

Predict class +1 

Predict class -1 
wTx+b=+1 

wTx+b=0 

wTx+b=-1 

M 

•  wT x+ + b = +1 

•  wT x- + b = -1 

•  x+ = λw + x-  

•  | x+ - x- | = M 

x+  

x-  

We can now define M in 
terms of w and b 

wT x+ + b = +1 

 => 

wT (λw + x-) + b = +1 
=> 

wTx- + b  + λwTw = +1 

 => 

-1  + λwTw = +1 

=> 

λ = 2/wTw 
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Putting it together 

Predict class +1 

Predict class -1 
wTx+b=+1 

wTx+b=0 

wTx+b=-1 

M 

•  wT x+ + b = +1 

•  wT x- + b = -1 

•  x+ = λ w + x-  

•  | x+ - x- | = M 

•  λ = 2/wTw 

x+  

x-  

We can now define M in 
terms of w and b 

M = |x+ - x-| 

 => 

=> 

M =| λw |= λ | w |= λ wTw

€ 

M = 2 wTw
wTw

=
2
wTw

9/30/15$ 56$
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Finding the optimal parameters 

Predict class +1 

Predict class -1 
wTx+b=+1 

wTx+b=0 

wTx+b=-1 

M x+  

x-  

€ 

M =
2
wTw

We can now search for the optimal parameters by finding a 
solution that: 

1.  Correctly classifies all points 

2.  Maximizes the margin (or equivalently minimizes wTw) 

Several optimization methods can be used: 
Gradient descent, simulated annealing, EM etc. 
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Today$Recap$

" $Supervised$ClassificaHon$$
" $Support$Vector$Machine$(SVM)$

# $History$of$SVM$$
# $Large$Margin$Linear$Classifier$$
# $Define$Margin$(M)$in$terms$of$model$parameter$
# $OpHmizaHon$to$learn$model$parameters$(w,$b)$$
# $Non$linearly$separable$case$
# $OpHmizaHon$with$dual$form$$
# $Nonlinear$decision$boundary$$
# $$MulHclass$SVM$$$
$

$
$
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Optimization Step  
i.e. learning optimal parameter for SVM 

Predict class +1 

Predict class -1 
wTx+b=+1 

wTx+b=0 

wTx+b=-1 

M x+  

x-  
€ 

M =
2
wTw

Min (wTw)/2  
subject to the following constraints: 

For all  x in class + 1 

wTx+b >= 1 

For all  x in class - 1 

wTx+b <= -1 

} A total of n 
constraints if 
we have n 
input samples 
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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
i
∑

argmin
w,b

wi
2

i=1
p∑ +C εi

i=1

n

∑

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

K(x, z) :=Φ(x)TΦ(z)
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!!

maxα α i −
i
∑ 1

2 α iα jyi y j
i,j
∑ xi

Txj

α iyi =0
i
∑ , α i ≥0 ∀i
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