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Preface

I seemto have beenonly like a boy playing on the seashore,and diverting
myself in now and then finding a smootherpebble or a prettier shell than
ordinary, whilst the greatoceanof truth lay all undiscoveredbeforeme.

IssacNewton,1642-1727

Throughouthumanhistory, greatscientistsandphilosophersinspiredus with their discoveriesaswell as their wit
andwisdom.Fromthevery beginningwhentheideaof implementingSupportVectorMachinesusingtheSequential
Minimal OptimizationAlgorithm germinated,to thetime this projectreportwascompleted,I notonly gainedinsight
andunderstandingaboutSVM but personallyexperiencedthetruthssomeof thesegreatmenandwomenpassedon
to us. As I wasevaluatingthis projectandthewritten report,I discoveredthatduring theprocessof developingthe
researchprojectandwriting theindividual chapters,thereis aphilosophicaltruthwhichI cananddid learnfrom each
chapter. I thoughtit would bea goodideato sharethis wisdomwith my readersby puttingthemat thebeginningof
eachchapterin thereport.

Thereaderswill encounterthetermsLagrangemultiplier(s)andLagrangianfunction in this reporta lot. They were
namedafterthegreatestmathematicianof theeighteencentury, JosephLouisLagrange(1736-1813)whosebiography
canbefoundin thebook“A ShortAccountof theHistory of Mathematics”(4th edition,1908)by W.W. RouseBall.
It is my intentionthatthecontributionsof our greatscientistsandmathematicianswill never beforgotten.I hopethe
readersfind thisaddeddimensionasmeaningfulasI do.

Ginny MF. Mak

Montreal,April 2000
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The beginning is the most importantpart of the
work.

— Plato427-347BC—

Introduction

Supportvectormachines,SVMs,area machinelearningtechnique,which is basedon theStructuralRisk Minimiza-
tion Principle[20]. Thepurposeof thisprojectis to implementasupportvectormachineonapersonalcomputerusing
JohnPlatt’sSequentialMinimal OptimizationAlgorithm sothatabetterunderstandingof thetheorybehindSVM can
begainedandthereportof theprojectcanserve asanintroductionof SVM to readerswho arenot familiar with the
subject.This reportconsistsof six sections.In thesecondsection,thetheoreticaloverview of SVM is givenfollowed
by adescriptionof how SVM worksin differentcasesof binarypatternrecognitionandabroadsurvey of somerecent
applicationsof SVMs. Thethird sectiondescribestheSequentialMinimial OptimizationMethod,SMO,which is one
of themany methodsto speedup SVM implementation.The fourth sectiondetailsthe softwareimplementationof
this projectdescribingthedesign,themodulesmakingup thesoftware,andthedatastructures.Theresultsof tests
conductedusingartificial dataandbenchmarkstogetherwith their analysisarepresentedin thefifth section.Finally,
we concludewith a summaryof the overall projectresultsandthe issueslearnedin the implementationin the last
section.

SupportVectorMachinesarea relatively recentmachinelearningtechnique. Therearestill many unexplored ar-
easandunansweredquestionsof both theoreticalandpracticalnaturein this field. While the basictheorybehind
SVM is nothardto understand,it doesrequiresomeknowledgeof optimizationusingLagrangemultipliersaswell as
basicmatrix theory. A review of thebasicmathematicsneededto understandthetheoreticalunderpinningsof SVM
is includedin theappendix.



I cannotteachanybodyanything.
I canonly make themthink.

Thebeginningof wisdomis
adefinitionof terms.

— Socrates—

SupportVectorMachines

2.1 Theor y

Machinelearningis a searchproblem. Given a taskof classifyingsomedatainto a numberof classes,a computer
programhasto searchfor an hypothesis,which cancorrectlypredictthe classlabel y for an input datax, from the
hypothesisspace.

Let saywe have asetof datadrawn from anunknown distribution P � x � y� 1� x1 � y1 �����������	� xl � yl � , xi 
�� n , yi 
��� 1 � 1 ���
Wearealsogivenasetof decisionfunctions,or hypothesisspace[12] fλ : λ 
 Λ ���
whereΛ (anindex set)is asetof abstractparameters,notnecessarilyvectors. fλ is alsocalledahypothesis.

fλ : � n ������ 1 ��� 1���
Thesetof functions fλ couldbeasetof RadialBasisFunctionsor amulti-layerneuralnetwork. In thelattercase,the
setΛ is thesetof weightsof theneuralnetwork.

For a given function fλ, the expectedrisk (the test error) R� λ � is the possibleaverageerror committedby fλ on
theunknown exampledrawn randomlyfrom thesampledistribution P � x � y�

R� λ ����� 1
2 � fλ � x � � y � dP � x � y���

R� λ � is a measureof how well ahypothesisfλ predictsthecorrectlabely from aninputx.

Sincethesampledistribution P is unknown, wehave to useinductive principlesto minimizetherisk. This is achieved
by samplingthe dataand computinga stochasticapproximationto the actual risk. This approximationis called
empiricalrisk Remp � λ � (trainingerror)

Remp � λ ��� 1
l

l

∑
i � 1 � fλ � xi � � yi � �

wherel is thenumberof samples.
1Thejoinedprobabilityof thecombinationof x � y happen.
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The Empirical Risk Minimization Principle

If Remp convergesin probabilityto R, theexpectedrisk, thentheminimumof Remp mayconvergeto theminimumof
theexpectedrisk R. TheEmpiricalRisk Minimization principleallows us to make inferencesbasedon thedataset
only if the the convergenceholds,otherwisethe principle is not consistent[12]. Vapnik andChervonenkisshowed
thattheconvergenceto theminimumof R holdsif andonly if theconvergencein probabilityof Remp to R is replaced
by auniform convergencein probability(Theoryof Uniform Convergencein probability).

lim
l � ∞

P  sup
λ  Λ
� R� λ � � Remp � λ ���"! ε �#� 0 $ ε ! 0 �

Moreover, thenecessaryandsufficient conditionfor consistency of theEmpiricalRisk Minimization principle is the
finitenessof theVC-dimensionh of thehypothesisspaceH [12]. TheVC-dimensionis furtherexplainedin thenext
section.

2.2 The VC-dimension

The VC-dimensionor Vapnik Chervonenkisdimensionof a setof functionsis the maximumnumberh of vectors
z1 �������	� zh thatcanbeseparatedinto two classesin all 2h possibleways,by usingfunctionsin theset. In otherwords,
VC dimensionis themaximumnumberof vectorsthatcanbeshatteredby thesetof functions2. In Figure2.1,each
dashedline separatesthreevectorsinto two classes.For threevectors,themaximumpossiblewaysto separatethem
into two classesby a functionwhich is a straightline is 23. HencetheVC-dimensionof a setof straightlines is 3.
On theotherhand,Figure2.2shows thatno straightline canshatterfour vectorsinto two classes.If for any n, there
existsasetof n vectorswhich canbeshatteredby thesetof functions  fλ � λ 
 Λ � , thentheVC dimensionof thatset
of functionsis equalto infinity [20].

The ability of a set of functions(a hypothesisspace)to shattera set of instancesis closely relatedto the induc-
tive biasof a hypothesisspace[10]. The VC-dimensionof a hypothesisspaceis a measureof the complexity or
expressivenessof thathypothesisspace.Thelarger theVC-dimension, the larger thecapacity(expressiveness)of a
learningmachineto learnwithout any trainingerror. An unbiasedhypothesisspaceis onewhich canrepresentevery
possibleconceptdefinableover the instancespaceX andis thereforevery expressive [10]. It canshatterthewhole
instancespaceX. However, a learningmachinewith anunbiasedhypothesisspacecannotgeneralizewell. In order
thatsucha learningmachinecanconverge to a final target function, it hasto bepresentedwith every instancein the
instancespaceX asa trainingexample. ChristopherBurgeswrote in his “A tutorial on supportvectormachinesfor
patternrecognition”that

A machinewith too muchcapacityis like a botanistwith a photographicmemorywho, whenpresented
with a new tree,concludesthat it is not a treebecauseit hasa differentnumberof leavesfrom anything
shehasseenbefore;amachinewith toolittle capacityis like thebotanist’s lazybrother, whodeclaresthat
if it’s green,it’s a tree.Neithercangeneralizewell.

The theoryof uniform convergencein probabilitydevelopedby Vapnik andChervonenkisgivesan upperboundof
theexpectedrisk, R, with aprobabilityof 1 � ψ as

R� λ �&% Remp � λ �'� h ( ln 2l
h � 1) � ln ψ

4

l
, $ λ 
 Λ (2.1)

whereh is theVC dimensionof fλ andl is thenumberof data.Thesecondtermof theright handsideof equation2.1
is calledtheVC-confidence.

2Thereare2n waysto labela setof n pointsin two classes.If for eachlabellingof thesetof n points,a memberof a setof functioncanbe
foundwhich cancorrectlylabelthepoints,thenthesetof pointsis shatteredby thatsetof function.
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f is a line in a plane. The VC dim. of {f} is 3, 
since they shatter 3 vectors.

(The Nature of Statistical Learning Theory, 
 Vapnik, 1995).

Figure2.1: VC dimension

No straight line can shatter four vectors.

(The Nature of Statistical Learning Theory, Vapnik, 1995).

x2

x1

Figure2.2: Shattering4 vectors
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To get a small R, we needa small Remp and a small ratio of h
l at the sametime. h dependson the set of func-

tions which the learningmachinecan implement. Remp dependson the fλ chosenby the learningmachineand it
decreaseswith increasingh. We have to chooseanoptimalh especiallywhenl , thenumberof data,is small in order
to getgoodperformance.This is whereStructuralRisk Minimization,animprovedinductionprinciple,comesin.

2.2.1 Structural Risk Minimization

Let S �  fλ:λ 
 Λ � beasetof functionsandΛk beasubsetof Λ, and

Sk �  fλ:λ 
 Λk ���
Wedefineastructureof nestedsubset

S1 * S2 * ����� * Sn * ����� (2.2)

suchthatthecorrespondingVC dimensionof eachsubsetSn satisfiesthecondition

h1 % h2 %+������% hn %+�����
Eachchoiceof a structureSproducesa learningalgorithm. For a given setof l examplesz1 ��������� zl , StructuralRisk
Minimization principlechoosesthefunction fλn

l
in thesubset fλ:λ 
 Λn � for which thesecondtermof equation2.1

is minimal[17].

However, implementingSRM canbe difficult becausethe VC dimensionof Sn could be hardto compute.Even if
we cancomputehn of Sn, finding

min , Remp � λ �'�.- hn

l / �
amonghn’s is hard3.

SupportVectorMachines,SVM, areableto achieve the goal of minimizing the upperboundof R� λ � by minimiz-
ing a boundon theVC dimensionh andRemp � λ � at thesametime duringtraining. Thestructureon which SVMs are
basedis a setof separatinghyperplanes.

Let X bea N-dimensionalinstancespace.We have a setof vectors  x1 � x2 �������	� xl � wherexi 
 X. Eachhyperplane
w � x � b � 0 will correspondto a canonicalpair (uniquepair) � w � b� if we putaconstraintthat

min�w � xi � b � � 1 � i = 1,...,l. (2.3)

This meansthat the point closestto the hyperplanehasa distanceof 1021 w 1 . The VC-dimensionof the canonical
hyperplanesis N � 1[20]. For StructuralRiskMinimization to beapplicable,weneedto constructsetsof hyperplanes
of varyingVC-dimensionsothatwe canminimizetheVC-dimensionandtheempiricalrisk simultaneously. This is
achievedby addingaconstraintonw in thefollowing way.

Let R betheradiusof thesmallestball Bx1 3 4 4 4 3 xl whichcontainsx1 � x2 ��������� xl

Bx1 3 4 4 453 xl �  x 
 X : 1 x � a 176 R��� a 
 X �
Wealsodefineadecisionfunction fw 3 b sothat[1]

fw 3 b : Bx1 3 4 4 453 xl �2�8:9 1 ���
fw 3 b � sgn��� w � x � � b���

3Weignorethelog factorin equation2.1
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Thepossibilityof introducingastructureon thesetof hyperplanesis basedon theresultof Vapnik[20] thatthesetof
canonicalhyperplanes ;

fw 3 b � sgn� w � x � b� � 1 w 17% A �=< (2.4)

hasaVC-dimensionh, whichsatisfiesthefollowing bound[12]

h % min?> R2A2 @ � N �A� 1 � (2.5)

Removing theconstraint 1 w 1B% A givesus a setof functionswhoseVC-dimensionis N � 1 whereN is thedimen-
sionalityof X. By addingtheconstraint1 w 1C% A, wecangetVC-dimensionsthataremuchsmallerthenN andhence
allow usto work in avery highdimensionalspace[17].

Geometricallyspeaking,thedistancefrom apointx to thehyperplanedefinedwith a � w � b� is

d � x;w � b���D�w � x � b �1 w 1 �
Equation2.3 tells us that the closestdistancebetweenthe canonicalhyperplane� w � b� and the datapoints is 1E

w
E .

Since 1 w 17% A, theclosestdistancebetweenthehyperplaneandthedatapointsmustbegreaterthan 1
A (seeequation

2.4). Theconstrainedsetof hyperplaneswill have a distanceof at lease1
A from thedatapoints.This is equivalentto

puttingspheresof radius 1
A aroundeachdatapoint andconsideronly thosehyperplanesthatdo not intersectany of

thespheres[12].

If the setof training examplesare linearly separable,then the SVM which is basedon StructuralRisk Minimiza-
tion is to find amongthecanonicalhyperplanestheonewith theminimumnorm( 1 w 1 2) becausea smallnormgives
a smallVC-dimensionh (seeequation2.5). In thenext section,we will show thatminimizing 1 w 1 2 is equivalentto
maximizingthedistancebetweenthetwo convex hullsof thetwo classesof data,measuredalongaline perpendicular
to theseparatinghyperplane[12].

2.3 How SVM works

Wewill illustratehow SVMswork by describingthethreedifferentcasesin binarypatternclassification.

Linearl y Separab le

Thedatato beclassifiedarelinearly separable.

The generalequationof a planein n-dimensionsis w F x � b wherex is a n G 1 vector, w is the normal to the hy-
perplaneandb is a (scalar)constant.Of all thepointson theplane,onehasminimumdistancedmin to theorigin

dmin � � b �1 w 1 �
Trainingpatterns� x1 � y1 � ,. . . , � xl � yl � aregivenwherexi is ad-dimensionalvectorand

yi � 1 if xi is in classA,

yi � � 1 if xi is in classB.

If thedataarelinearly separable,thenthereexist ad-dimensionalvectorw andascalarb suchthat

w F xi � b H 1 if yi = 1; w F xi � b % 1 if yi = -1. (2.6)

In compactform, equation2.3canbewritten as

yi � w F xi � b�&H 1 (2.7)
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Margin

H1, {x| w.x - b = 1}

H2, {x| w.x - b = -1}

Optimal Separating Plane

{x| w.x - b = 0}

W

b/||w||

Support Vectors

Figure2.3: Optimalseparatingplaneandsupportvectors

or � � yi � w F xi � b� � 1�&% 0 �� w � b� definesthehyperplaneseparatingthetwo classesof data.Theequationof thehyperplaneis w F x � b � 0 where
w is normalto theplane,b is theminimumdistancefrom theorigin to theplane.In orderto make eachdecisionsur-
face � w � b� unique,we normalizetheperpendiculardistancefrom theorigin to theseparatinghyperplaneby dividing
it by 1 w 1 , giving thedistanceas I b IE w E .
As depictedin Figure2.3,theperpendiculardistancefrom theorigin to hyperplaneH1 : w F xi � b � 1 is I 1J b IE

w
E

The perpendiculardistancefrom the origin to hyperplaneH2 : w F xi � b � � 1 is I b K 1 IE
w
E . The supportvectorsare

definedas the training pointson H1 andH2. Removing any pointsnot on thosetwo planeswould not changethe
classificationresult,but removing the supportvectorswill do so. The margin, the distancebetweenthe two hyper-
planesH1 andH2 is 2E

w
E . Themargin determinesthecapacityof the learningmachinewhich in turn determinesthe

boundof theactualrisk - theexpectedtesterrorR� λ � (seeequation2.1). Thewider themargin thesmalleris h, the

VC-dimensionof theclassifier. Thereforeour goal is to maximize 2E
w
E which is equivalentto minimizing

E
w
E 2

2 . Now
we canformulateourproblemas

Minimize

f � 1 w 1 2
2

subjectto
gi � � � yi � w F xi � b� � 1�&% 0 , i = 1,.. . ,l
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wherel is thenumberof trainingexamples.

This problemcanbe solved by usingstandardQuadraticProgrammingtechniques.However, usingthe Lagrangian
methodto solve theproblemmakesit easierto extendit to thenon-linearseparablecasepresentedin thenext section.
To getacquaintedwith thesubjectof LagrangemultipliersandKarush-Kuhn-Tucker (KKT) conditions,“Introduction
to operationalresearch”by J.G. EikerandM. Kupferschmid[5] is agoodreference.A review of LagrangianMethod
andKarush-Kuhn-Tucker conditionsis includedin theappendix.

TheLagrangian function of thisproblemis

Lp � w � b � Λ �L� f � x �'� l

∑
i � 1

λigi � x �� w F w
2 � l

∑
i � 1

λi � yi � w F xi � b� � 1�� w F w
2 � l

∑
i � 1

λiyiw F xi � l

∑
i � 1

λiyib � l

∑
i � 1

λi

whereΛ �M� λ1 � λ2 ��������� λl � is thesetof Lagrangemultipliersof thetrainingexamples.

TheKKT conditions for thisproblemis
Gradient condition:

∂Lp

∂w
� w � l

∑
i � 1

λiyixi � 0, (2.8)

where∂Lp

∂w �ON ∂Lp

∂w1
� ∂Lp

∂w2
�������	� ∂Lp

∂wd P
∂Lp

∂b
� l

∑
i � 1

λiyi � 0 � (2.9)

∂Lp

∂λi
� gi � x ��� 0 � (2.10)

Orthogonality condition:

λigi � � λi � yi � w F xi � b� � 1��� 0 i � 1 ������� l � (2.11)

Feasibility condition: � yi � w F xi � b�Q� 1 % 0 i � 1 ������� l � (2.12)

Non-negativity condition:

λi H 0 i � 1 ������� l � (2.13)
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The stationarypoint of theLagrangiandeterminesthe solutionto theoptimizationproblem. Substitutingequations
2.8and2.9 into theright handsideof theLagrangianfunctionreducesthefunctioninto thedual functionwith λi as
thedualvariable.Thedualproblemafterthesubstitutionis:
Maximize

LD � l

∑
i � 1

λi � 1
2

l

∑
i � 1

l

∑
i � 1

λiλ jyiy jxi F xj (2.14)

subjectto

l

∑
i � 1

λiyi � 0

λi H 0 i � 1 �������	� l �
Wecanfind all theλ’s by solvingequation2.14with QuadraticProgramming.w canthenbeobtainedfrom equation
2.8

w � l

∑
i � 1

λiyixi �
λi is ! 0 at thepointwhich is asupportvectorandthecorrespondingconstraintis active. It is zeroat thepointwhich
is notasupportvectorandthecorrespondingconstraintis inactive.
Wecancalculateb usingequation2.11

λi � yi � w F xi � b� � 1��� 0 i � 1 ��������� l (2.15)

by choosingthexi with nonzeroλ.

Theclassof aninput datax is thendeterminedby

class� x �A� sign� w F x � b� (2.16)

In practicebecauseof numericalimplementaton,themeanvalueof b is foundby averagingall theb’scomputedusing
equation2.15.

Figure2.4 shows the resultof training a setof datawhich are linearly separablewith a C parameterof 4.5. C is
a parameterwhich canbeimaginedasa penaltyfactor. ThelargerC is thenarrower themargin andtherewill beless
trainingerror. A smallerC givesawidermargin with moreof theoutliersincluded.Thefigurewasproducedwith the
interactive Pythonprogramdemo.py(seeAppendixB for theinteractive window of theGUI anda brief description
of theprogram).Margin supportvectorsarecircledwith darkcirclesandboundsupportvectorsarecircledwith light
circles. BoundsupportvectorsarethosevectorswhoseLagrangemultipliers equalthe C parameter. Thesebound
supportvectorslie closerto theseparatingplanethanthemargin supportvectors.In somecasesthey lie on theother
sideof theseparatingplaneandaretrainingerrors(misclassifiedpoints). Themiddle line is theoptimal separating
planefoundby thelinearSVM. Thetwo light linesarelinesjoining themargin supportvectors.

2.3.1 Linearl y Nonseparab le Case

If alinearlyseparatinghyperplanedoesnotexist,wecouldstill searchfor alineardecisionplaneby introducingasetof
variablesξ whichmeasurethedegreeof violationof theconstraintsfor alinearlyseparablecase- yi � w F xi � b� � 1 H 0.
(Seeequation2.7).

Theproblemis thenformulatedasfollows:
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Figure2.4: Linearly separabledata,trainedwith C = 4.5
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Minimize

f � w � Ξ ��� 1
2
1 w 1 2 � C

l

∑
i � 1

ξ

subjectto
yi � w F xi � b�&H 1 � ξi , i=1,.. . ,l

ξi H 0 , i=1,.. . ,l

whereC is determinedby theuserandΞ �R� ξ1 �������	� ξl � . OnecanimagineC asa penaltyfor errors.A smallC max-
imizesthe margin andthe hyperplaneis lesssensitive to the outliersin the training data. A largeC minimizesthe
numberof misclassifiedpoints.

Now theLagrangianfunctionis:

Lp � 1
2
1 w 1 2 � C

l

∑
i � 1

ξi � l

∑
i � 1

λi � yi � xi F w � b� � 1 � ξ � � l

∑
i � 1

µiξi

whereµi aretheLagrangianvariablesintroducedby theconstraintξi H 0

TheKKT conditions for theproblemare:

Gradient condition:

∂L
∂w

� w � l

∑
i � 1

λiyixi � 0 (2.17)

where ∂L
∂w �SN ∂L

∂w1
� ∂L

∂w2
��������� ∂L

∂wd P
∂L
∂b
� l

∑
i � 1

λiyi � 0 � (2.18)

∂L
∂ξi

� C � λi � µi � 0 � (2.19)

∂L
∂λi

� � � yi � xi F w � b� � 1 � ξi ��� (2.20)

Orthogonality condition:

λi � yi � xi F w � b� � 1 � ξi ��� 0 , i � 1 ��������� l � (2.21)

Feasibility condition: � yi � xi F w � b� � 1 � ξi �&H 0 , i � 1 �������	� l � (2.22)

Nonnegativity condition:

ξi H 0 , i � 1 �������	� l (2.23)

λi H 0 , i � 1 ��������� l (2.24)

µi H 0 , i � 1 ��������� l (2.25)
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µiξi � 0 , i � 1 �������	� l (2.26)

Substitutingequations2.17and2.18into theright sideof theLagrangianfunction,weobtainthefollowing dualprob-
lemwith thedualLagrangianvariablesasbefore.

Maximize

LD � l

∑
i � 1

λi � 1
2

l

∑
i 3 j � 1

λiλ jyiy jxi F xj

subjectto:
0 % λi % C ,

l

∑
i � 1

λiyi � 0 �
Thesolutionfor w is foundby equation2.17whichdescribesoneof theKKT condition:

w � l

∑
i � 1

λiyixi

Againb canbefoundby averagingoverall thetrainingexamples’b values,whicharecalculatedby usingthefollow-
ing two KKT conditions:

λi � yi � w F xi � b� � 1 � ξi ��� 0� C � λi � ξi � 0

The above equationsalsoindicatethat ξi � 0 if λi 6 C. Thereforeb canbe averagedover only thoseexamplesin
which0 % λi 6 C.

If λi 6 C, thenξi � 0. Thesupportvectorslie at a distanceof 1E
w
E from theseparatinghyperplane. Thesearemargin

supportvectors. Whenλi � C, the supportvectorsaremisclassifiedpoints if ξi ! 1. When0 6 ξ % 1 the support
vectorsareclassifiedcorrectlybut arecloserthanthe 1E

w
E from thehyperplane.Theseareboundsupportvectors.See

Figure2.5. Figure2.6 andFigure2.7 show theresultsof trainingby meansof thedemo.pyprogramon datawhich
arenot linearly separable.Thetrainingin Figure2.6wasdonewith aC parameterof 4.0while thatin Figure2.7was
donewith a C parameterof 10.5. Margin supportvectorsarecircledwith darkcirclesandboundsupportvectorsare
circledwith grey circles.Onecanseethemargin narrows with increaseof C andtherearelessboundsupportvectors
which aresupportvectorswith their Lagrangemultipliers equalC. Notice the changein orientationof the optimal
separatingplane.

2.3.2 Non linear decision surface

In mostclassficationcases,theseparatingplaneis non-linear. However, thetheoryof SVM canbeextendedto handle
thosecasesaswell. Thecoreideais to maptheinputdatax into afeaturespaceof ahigherdimension(aHilbert space
of finite or infinite dimension)[14] andthenperformlinearseparationin thathigherdimensionalspace.

x �2� ϕ � x ���
x �T� x1 � x2 �������	� xn ���

ϕ � x ���T� ϕ1 � x ��� ϕ2 � x ������������� ϕn � x ���������U���
whereϕn � x � aresomereal functions.Thereis anoptimalseparatinghyperplanein a higherdimension,which corre-
spondsto anonlinearseparatingsurfacein inputspace.A verysimpleexampleto illustratethisconceptis to visualize
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0 < λ < C

ξ = 0

λ = C

0 < ξ < 1

λ = C

ξ > 1

Figure2.5: Marginal andboundsupportvectors

separatingasetof datain a2-dimensionalspacewhosedecisionsurfaceis acircle. SeeFigure2.8. Wecanmapeach
datapoint � x1 � x2 � into a3 dimensionalfeaturespace.

Datainsidethecircle aremappedto pointson thesurfaceof thelower spherewhereastheonesoutsidethecircle are
mappedto pointson thesurfaceof theuppersphere.Thedecisionsurfaceis linearin the3-dimensionalsphere.

Thesolutionof theSVM hasthesameform asthelinearseparatingcase.Seeequation2.16.

Classof data � sign � ϕ � x �=F w � b��� sign , l

∑
i � 1

yiλiϕ � xi �VF ϕ � x � � b/ � (2.27)

We do not needto know the functionϕ in orderto do our calculation.A functionK calledkernel functionwith the
propertiesthat

K � x � y��W ϕ � x ��� ϕ � y�
will simplify equation2.27to

sign , l

∑
i � 1

yiλiK � xi � x � � b/ �
We canfind kernels,which identify certainfamiliesof decisionsurfaces.Mercer’s Theorem[2] givesa criterion for
decidingif a kernelcanbewritten in theform ϕ � x ��� ϕ � y � .
Mercer’s Theorem

K � x � y �A� ϕ � x �=F ϕ � y � if f

K � x � y ��� K � y � x � and�X� K � x � y � f � x � f � y ��� dxdy H 0 , f 
 L2
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Figure2.6: Nonlinearlyseparabledata, C = 4.0
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Figure2.7: Nonlinearlyseparabledata,C = 10.5
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Linear Separating Plane 
in feature space

Input Space

Figure2.8: Linearseparationin ahigh dimensionalspace

Thefollowing aretwo examplesof kernelfunctions.
Example 1:

x �T� x1 � x2 �
ϕ � x ���T� 1 ��Y 2x1 ��Y 2x2 � x2

1 � x2
2 � Y x1x2 �

ϕ � x �=F ϕ � y �Z� 1 � 2x1y1 � 2x2y2 � 2x2
1y2

1 � 2x1y1x2y2� � 1 � x1y1 � x2y2 � 2� � 1 � x � y� 2
K � x � y �A� ϕ � x ��� ϕ � y �A�M� 1 � x F y � 2

K is a finite polynomialkernel,which satisfiesMercer’s Theorem.Theseparatingsurfacein thedatainput spaceis a
polynomialsurfaceof degree2.

Example 2:

K � x � y �[� exp \ � 1 x � y 1 2
2σ2 ] , σ 
 R�

TheGaussiankernelsatisfiesMercer’s Theoremandit is infinite.

Usingakernelfunction,equation2.14canbewrittenas

W � λ ��� l

∑
i � 1

λi � 1
2

l

∑
i � 1

l

∑
i � 1

yiy jK � xi F xj � λiλ j �
Figure2.9 andFigure2.10show the trainingresultsusinga polynomialkernelof degree2 anda C parameterof 15
and30 respectively on nonlinearlyseparabledata.
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Figure2.9: Nonlinearlyseparabledata:polynomialkernelof degree2, C = 15

Figure2.11andFigure2.12show thetrainingresultsusinga polynomialkernelof degree2 anda C parameterof 25
and50 respectively.
Figure2.13andFigure2.14show the training resultsusinga radial basisfunctionkernelwith a C parameterof 2.5
and6.5andavarianceof 1.
In all of thefigures,it is noticedhow thenumberof boundsupportvectorsdecreasesastheseparatingmargin narrows
with the increaseof C parameter. Theorientationof theseparatingplanechangesaswell. All resultsareproduced
usingtheinteractive Pythontool demo.py.

2.4 Applications of SVM

Increasinglyscientistsand engineersare attractedto SVM to solve many real-life problemsbecauseof its sound
theoreticalfoundationandproven state-of-the-artperformancein many applications.In classificationproblems,the
classifieronly needsto calculatetheinnerproductbetweentwo vectorsof thetrainingdata.Thegeneralizationability
of SVM only dependson its VC-dimensionandnoton thedimensionof thedata.Thefollowing is a broadsurvey of
applicationsof SVM in differentfields.

Whenelectronsandpositronscollide, they generateahugeamountof energy andparticles.MonteCarlomethodsare
usedto simulatethesecollision eventsin a detectorwhichmeasuresthephysicalpropertiesof theparticlesgenerated
from the collision events. Thegoal of the researchwasto classifytheseeventsaccordingto thequark-flavour they
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Figure2.10:Nonlinearlyseparabledata:polynomialkernelof degree2, C = 30
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Figure2.11:Nonlinearlyseparabledata:polynomialkernelof degree2, C = 25
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Figure2.12:Nonlinearlyseparabledata:polynomialkernelof degree2, C = 50
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Figure2.13:Nonlinearlyseparabledata:radialbasisfunctionsigma2= 1, C = 2.5
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Figure2.14:Nonlinearlyseparabledata:radialbasisfunctionsigma2= 1, C = 6.5
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originatefrom andidentify theparticlesin theseevents[6]. Thequark-flavour probleminvolvespatternsof 3x100kin
size.SVMs(RBFkernel)wereusedin solvingthisclassificationproblem.

Facedetectionasacomputervision taskhasmany potentialapplicationssuchashuman-computerinterfaces,surveil-
lancesystems,censussystemsandcancergrowth detection.An arbitraryimage(digitized video or scannedphoto-
graph)is usedasaninput to a detectionsystemwhich determinesif thereis any humanfacein theimageandreturns
anencodingof thosefaces’locationsif thedetectionis positive. Facedetection,like mostobject-detectionproblems
which is to differentiateacertainclassof objectsfrom all otherpatternsandobjectsof otherclasses,is differentfrom
objectrecognitionwhich is to differentiatebetweenelementsof thesameclass[6]. Object-detectionis a hardprob-
lem becauseit is hardto parameterizeanalyticallythesignificantpatternvariations.In face-detectionproblems,the
sourcesof thepatternvariationsarefacialappearance,expression,presenceor absenceof commonstructuralfeatures,
like glassesor a moustache,shadows, etc.[12]. In the facedetectionresearchdonewithin theCenterfor Biological
andComputationalLearningat MIT, researchersapply SVMs to theclassificationstepof the detectionsystemand
getresultswhich areaswell asotherstate-of-the-artsystems.SVMs have alsobeenappliedto a greatvarietyof 3-D
objectrecognitionproblemsandproduceexcellentrecognitionrates[15].

A researchgroupin Germany appliedSVMsto anengineknockdetectionsystemfor combustionenginecontrol[6]. A
largedatabasewith differentenginestates(2000and4000roundsperminute;non-knocking,borderlineknockingand
hard-knocking)werecollected.Theproblemis highly non-linear. DifferentapproacheswereusedincludingSVM,
MLP netsandAdaboost.SVM outperformedall otherapproachessignificantly.

SVMs have beenappliedto many biomedicalresearches.Whenextractingproteinsequencesfrom nucleotidese-
quences,thetranslationinitiation sites(regionswheretheencodingproteinsstart)have to berecognized.SVMs are
usedto recognizethesesites.SVMs performbetterthanneuralnetwork[21]. SVMs have alsobeenappliedto breast
cancerdiagnosisandprognosisproblemThedatasetusedis theWisconsinbreastcancerdatasetcontaining699pat-
ternswith 10 attributesfor a binary classificationof malignantor benigncancer. The systemwhich usesAdatron
SVM has99.48%successrate,comparedto 94.2%(CART), 95.9%(RBF),96%(lineardiscriminant),96.6%(Back-
propagationnetwork)[6]. Researchersat theUniversityof California,SantaCruzhasusedSVMswith a linearkernel,
polynomialkernelandRBF kernelto functionallyclassifygenesusinggeneexpressiondatafrom DNA microarray
hybridizationexperiments.SVMs outperformedall otherclassifierswhenthey areprovided with a specificallyde-
signedkernelto dealwith very imbalanceddata[6].

SVM hasbeengeneralizedto regressionandbeenappliedto theproblemsof estimatingreal-valuedfunctions. The
Bostonhousingproblempredictshousepricesfrom socio-economicandenvironmentalfactors,suchascrime rate,
nitric oxideconcentration,distanceto employmentcentersandageof a property[6]. SVMs outperformthebaseline
system(bagging)on theBostonhousingproblem[6][3]. Baggingis a techniqueof combiningamultipleof classifiers
(anensemble),saydecisiontreesandneuralnetworks,andproducingasingleclassifier. Generally, theresultingclas-
sifier is moreaccuratethanany of theindividual classifierin theensemble[11].

Closely relatedto regressionproblemsare time seriespredictionanddynamicreconstructionof a chaoticsystem.
The essenceof the problemis to reconstructthe dynamicsof an unknown system,given a noisy time-seriesrepre-
sentingtheevolution of onevariableof thesystemwith time. Therebuilt modelshouldbeascloseaspossibleto the
original systemin termsof its invariants.Researchersreportexcellentperformanceresultwith SVM andits effective-
nesswith this typeof problems[6][9].

The continuinggrowth of the internetincreasesthe demandof text categorizationtools to help us manageall the
electronictext informationavailable.Weneedfastandefficientsearchengines,text filters to remove junk mail, infor-
mationrouting/pushing,classifiersfor saving files,emailsandURLs. Text categorizationis ataskof assigningnatural
languagetexts to oneor morepredefinedcategoriesbasedontheircontents.Thetaskhascertaincharacteristicswhich
make SVMsespeciallysuitablefor it. Text categorizationhasto dealwith datawith many features(usualymorethan
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10,000)becauseeachstemmedword4 is a feature.Thedocumentvectorof a text documentis sparse,i.e. it contains
few non-zeroentries. A text documenthas’dense’concept-very few irrelevant features.Most text categorization
problemsarelinearly separable.Experimentsof researchers[4][7] affirm thesuitability of SVMs to text classification
tasks.They arerobust andconsistentlygive goodperformance;they outperformexisting methodssubstantiallyand
significantly[7].

4Theword stemis derivedfrom theoccuranceform of a word by removing caseandflectioninformation[7]. Hence“computes”,“comput-
ing” and“computer”areall mappedto thesamestem“comput”.



The mereformulation of a problemis far more
often essentialthan its solution, which may be
merelya matterof mathematicalor experiement
skill

— Albert Einstein,1879-1955—

Implementationof SVM UsingSequentialMinimal
Optimization

Solving a quadraticprogrammingproblemis slow andrequiresa lot of memoryaswell as in depthknowledgeof
numericalanalysis.SequentialMinimal Optimizationdoesawaywith theneedfor quadraticprogramming.

3.1 How SMO works

TheQPproblemfor traininganSVM is1:
Maximize

W � λ ��� l

∑
i � 1

λi � 1
2

l

∑
i � 1

l

∑
i � 1

yiy jK � xi F xj � λiλ j (3.1)

subjectto :
0 % λi % C , i � 1 ��������� l � (3.2)

l

∑
i � 1

yiλi � 0 � (3.3)

As shown in chapter2, theSVM overview section,theKKT conditionswhicharethenecessaryandsufficient condi-
tionsfor apoint to beoptimalin thefollowing equation

Lp � 1
2
1 w 1 2 � C

l

∑
i � 1

ξi � l

∑
i � 1

λi � yi � xi F w � b� � 1 � ξ � � l

∑
i � 1

µiξi

are:

λi � yi � w F xi � b� � 1 � ξi ��� 0 and � C � λi � ξi � 0

They canberewritten as:
λi � yi f � xi � � 1 � ξi ��� 0 and � C � λi � ξi � 0

where f � xi ���T� w F xi � b� .
Whenλi � 0, thenξi � 0, andyi f � xi �&H 1
When0 6 λi 6 C, thenξi � 0, andyi f � xi � � 1 � 0

1Thischapteris basedon J.Platt’spaper[13]. Wewill usemostof thenotationsusedby Platt.
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0 L C

Case 1:

H

λ1

C

λ2λ2

L

0 C λ1

Case 2:

y1 = y2

λ1 + λ2 = γ
y1 not equal y2

λ1 − λ2 = γ

C
H

Figure3.1: Two casesof optimizations

Whenλi � C, thenξi ^� 0, andyi f � xi �_% 1

TheseKKT conditionscanbeevaluatedoneexampleat a time andwhenall theλ’s obey theKKT condition,thenW
reachesits maximum.

SMO solvestheoptimizationproblemin theSVM techniquewithout any extra matrix storageby decomposingthe
probleminto small subproblems.Thesmallestsubproblemin this caseis onewhich optimizestwo Lagrangemulti-
pliersbecauseof theequalityconstraint.

l

∑
i � 1

λiyi � 0 .

At eachstep,SMO picks two Lagrangemultipliers to optimizejointly andupdatetheSVM at theendof eachopti-
mization.For sucha smallproblem,analyticalmethodcanbeusedinsteadof QPto solve for thetwo λ’s.

3.1.1 How to solve for the two λ’s analyticall y

Theconstraintof eachλ is
0 % λ % C

Hencethetwo λ’s lie within aboxedarea.SeeFigure3.1

Thetwo λ’smustfulfil theequalityconstraint∑l
i � 1 λiyi � 0. Call thesetwo λ’s λ1 andλ2 then

λ1y1 � λ2y2 � l

∑
i � 3

λiyi � 0

or

λ1y1 � λ2y2 � γ whereγ � � 1

∑
i � 3

λiyi
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λ2

λ1

γ

C

C0

H

L
( λ1, 0)

(C + C)

(0, −γ)

(C, C- γ)
(0, −γ

γ ’,

’)

Figure3.2: Case1

Therearetwo casesto consider(remember, yi 
� 1 � � 1 � ):
Case1: y1 ^� y2 then

λ1 � λ2 � γ � (3.4)

Case2: y1 � y2 then
λ1 � λ2 � γ � (3.5)

Let s � y1y2, thenequations3.4and3.5canbewrittenas:

λ1 � sλ2 � γ (3.6)

andγ � λold
1 � sλold

2 beforeoptimization.

The boundconstraintequation3.2 requiresthat the two Lagrangemultipliers lie within the box and the equality
constraintequation3.3 requiresthat they lie on a diagonalline. Theendpointsof thediagonalline canbeexpressed
asfollows:

Case1: y1 ^� y2: (SeeFigure3.2)
λold

1 � λold
2 � γ �

L (λ2 at thelowerendpoint) is:
max� 0 � � γ �A� max� 0 � λold

2 � λold
1 ��� (3.7)

H (λ2 at thehigherendpoint) is:
min� C � C � γ ��� min� C � C � λold

2 � λold
1 ��� (3.8)

Equation 3.7and 3.8are usedin the codeimplementation.
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0 C

H ( λ1, 

λ2

λ1

γ − C

C C)

L (C, γ − C)

(

(0, γ)

(γ, 0)

(0, γ

γ ’, 0)

’)

Figure3.3: Case2

Case2: y1 � y2: (SeeFigure3.3)
λold

1 � λold
2 � γ

L (λ2 at thelower endpoint) is:
max� 0 � γ � C �A� max� 0 � λold

1 � λold
2 � C ��� (3.9)

H (λ2 at thehigherendpoint) is:
min� C � γ �A� min� C � λold

1 � λold
2 ��� (3.10)

Equation 3.9and 3.10are usedin the codeimplementation.

Equation3.1 for W � λ � canbewritten as:

W � l

∑
i � 1

λi � 1
2

l

∑
i � 1

l

∑
j � 1

yiy jki jλiλ j

whereki j � K � xi � xj � andλ �T� λ1 � λ2 �������	� λl � .
PuttingW asa functionof λ1 � λ2 by settings � y1y2 andvi � ∑l

j � 3y jλ jki j weget

W � λ1 � λ2 �`� λ1 � λ2 � l

∑
i � 3

λi � 1
2

2

∑
i � 1

2

∑
j � 1

yiy jki jλiλ j� 1
2

2

∑
i � 1

l

∑
j � 3

yiy jki jλiλ j � 1
2

l

∑
i � 3

2

∑
j � 1

yiy jki jλiλ j� 1
2

l

∑
i � 3

l

∑
j � 3

yiy jki jλiλ j
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� λ1 � λ2 � l

∑
i � 3

λi � 1
2

k11λ2
1 � 1

2
k22λ2

2 � sk12λ1λ2� 1
2

l

∑
j � 3

y1y jk1 jλ1λ j � 1
2

l

∑
j � 3

y2y jk2 jλ2λ j� 1
2

l

∑
i � 3

yiy1ki1λiλ1 � 1
2

l

∑
i � 3

yiy2ki2λiλ2� 1
2

l

∑
i � 3

l

∑
j � 3

yiy jki jλiλ j� λ1 � λ2 � l

∑
i � 3

λi � 1
2

k11λ2
1 � 1

2
k22λ2

2 � sk12λ1λ2 � y1λ1v1 � y2λ2v2� 1
2

l

∑
i � 3

l

∑
j � 3

yiy jki jλiλ j� λ1 � λ2 � 1
2

k11λ2
1 � 1

2
k22λ2

2 � sk12λ1λ2 � y1λ1v1 � y2λ2v2� Wconstant

(3.11)

whereWconstant � ∑l
i � 3λi � 1

2 ∑l
i � 3∑l

j � 3yiy jki jλiλ j .

Sinceλ1 � γ � sλ2, wecanrewrite W asa functionof λ2 by substitutingγ � sλ2 into equation3.11.Therefore

W � λ2 �L� γ � sλ2 � λ2 � 1
2

k11 � γ � sλ2 � 2 � 1
2

k22λ2
2 � sk12 � γ � sλ2 � λ2� y1v1 � γ � sλ2 � � y2v2λ2 � Wconstant� γ � sλ2 � λ2 � 1

2
k11γ2 � k11sγλ2 � 1

2
k11λ2

2 � 1
2

k22λ2
2� sk12γλ2 � k12λ2

2 � y1v1γ � y1v1sλ2� y2v2λ2 � Wconstant

(3.12)

Thefirst derivative of W w.r.t. λ2 is

∂W
∂λ2

� � s � 1 � sγk11 � k11λ2 � k22λ2 � sγk12 � 2k12λ2 � sy1v1 � y2v2� � s � 1 � sk11 � γ � sλ2 � � k22λ2 � k12λ2 � sk12 � γ � sλ2 �'� y2 � v1 � v2 �
(3.13)

wheresy1 � y1y2y1 � y2
1y2 � y2.

Thesecondderivative of W w.r.t. λ2 is :

∂2W

∂λ2
2

� 2k12 � k11 � k22 � η (3.14)

Equation 3.14is usedin the codeimplementation.
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Now we arereadyto calculatetheconstrainedmaximumof theobjective functionW (equation3.1) while allowing
only two Lagrangemultipliersto change.Wefirst defineEi astheerroron the ith trainingexample

Ei � ui � yi �
whereui is theoutputof theSVM with inputxi andyi is theclasslabelof xi .
Fromequation2.27weget

u1 � l

∑
j � 1

y jλ jk1 j � b� l

∑
j � 3

y jλ jk1 j � y1λ1k11 � y2λ2k12 � b� v1 � b � y1λ1k11 � y2λ2k12

or

v1 � u1 � b � y2λ2k12 � sy2λ1k11 (3.15)

Similarly,

u2 � l

∑
j � 1

y jλ jk2 j � b� l

∑
j � 3

y jλ jk j2 � y1λ1k12 � y2λ2k22 � b� v2 � b � y1λ1k12 � y2λ2k22

or

v2 � u2 � b � y1λ1k12 � y2λ2k22 (3.16)

At themaximalpointof W, equation3.13 ∂W
∂λ2

is zero.Hence

λ2 � k11 � k22 � k12 ��� s� k11 � k12 � γ � y2 � v1 � v2 �'� 1 � s (3.17)

Substitutingequations3.15and3.16into equation3.17,we get� � η � λnew
2 � sγ � k11 � k12�'� y2 � u1 � b � u2 � b� � y2

2λold
2 k12� sλold

1 k11 � sλold
1 k12 � λold

2 k22 � y2
2 � y1y2� s� λold

1 � sλold
2 �a� k11 � k12 � � λold

2 k12 � sλold
1 k12 � sλold

1 k11� λold
2 k22 � y2 � u1 � u2 � y2 � y1 �� sλold

1 k11 � sλold
1 k12 � λold

2 k11 � λold
2 k12 � λold

2 k12� sλold
1 k12 � sλold

1 k11 � λold
2 k22 � y2 � u1 � y1 � u2 � y2 �� λold

2 � � 2k12 � k11 � k22 �Q� y2 � E1 � E2 �� � � η � λold
2 � y2 � E1 � E2 ���
λnew

2 � λold
2 � y2 � E1 � E2 �

η
� (3.18)
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Equation 3.18is usedin the codeimplemenation.
Oncewe find λnew

2 which is at theunconstrainedmaximum,we have to constrainit to within theendsof thediagonal
line segment.SeeFigure3.1

λnew3 clipped
2 ��bc H if λnew

2 H H
λnew

2 if L 6 λnew
2 6 H

L if λnew
2 % L de � (3.19)

Equation 3.19[13] is usedin the codeimplementation.
To computetheconstrainedλ1 we make useof theequation:

λnew
1 � sλnew3 clipped

2 � λold
1 � sλold

2 �
whichgivesus

λnew
1 � λold

1 � s� λold
2 � λnew3 clipped

2 ��� (3.20)

Equation 3.20[13] is usedin the codeimplementation.
Whenwe evaluateη, thesecondderivative of W, usingequation3.14,we might find thatit is evaluatedto zerowhen
thereis more thanoneexamplein our training examplehaving the sameinput vectorx. In this casewe will find
anotherexampleand re-optimizethe first multiplier with a new λ2. Undersomeunusualcircumstances,η is not
negative. Then,SMO evaluatestheobjective functionat eachendof theline segment(seeFigure3.2andFigure3.3)
andusestheLagrangemultipliersat theendpoint,whichyieldsthehighestvalueof theobjective functionasthenew
λ’s. This is how wecanevaluatetheobjective functionsat theendpoints.

Let L1 bethevalueof λ1 at thelower endpointof theline segment.
Let H1 bethevalueof λ1 at thehigherendpoint of theline segment.
Let L2 bethevalueof λ2 at thelower endpointof theline segment.
Let H2 bethevalueof λ2 at thehigherendpoint of theline segment.
Both L2 andH2 canbefoundfrom theequationspair3.7,3.8or 3.9,3.10dependingon thevalueof y1 andy2.
Then,by usingequation3.20,we have

L1 � λ1 � s� λ2 � L2 ��� (3.21)

H1 � λ1 � s� λ2 � H2 ��� (3.22)

Equations 3.21and 3.22are usedin the codeimplementation.

u1 � y1λ1k11 � y2λ2k12 � l

∑
j � 3

λ jy jk1 j � b�
u1 � y1 � E1 �

Hence

y1 � u1 � E1� y1λ1k11 � y2λ2k12 � l

∑
j � 3

λ jy jk1 j � b � E1 �
After multipling bothsidesby y1 andusings � y1y2 we have

1 � λ1k11 � y1y2λ2k12 � y1

l

∑
j � 3

λ jy jk1 j � y1b � y1E1 �
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Rearrangingtheterms,wehave

y1

l

∑
j � 3

λ jy jk1 j � 1 � y1 � E1 � b� � λ1k11 � sλ2k12 �
or

y1v1 � 1 � y1 � E1 � b� � λ1k11 � sλ2k12 � (3.23)

Similarly weget:

y2

l

∑
j � 3

λ jy jk2 j � 1 � y2 � E2 � b� � λ2k22 � sλ1k12 �
or

y2v2 � 1 � y2 � E2 � b� � λ2k22 � sλ1k12 � (3.24)

Let usdefine

f1 � y1

l

∑
j � 3

λ jy jk1 j � 1 � y1v1 � 1 (3.25)

and

f2 � y2

l

∑
j � 3

λ jy jk2 j � 1 � y2v2 � 1 � (3.26)

Substitutingequations3.23,3.24into 3.27and3.28respectively we get

f1 � y1 � E1 � b� � λ1k11 � sλ2k12 (3.27)

and
f2 � y2 � E2 � b� � λ2k22 � sλ1k12 � (3.28)

Whenweevaluatetheobjective functionW � λ1 � λ2 � ateachendpointof theline segmentfor findingthehighestvalue,
we only needto evaluatethosetermsinvolving thevariableλ1 andλ2 in equation3.11becausetherestof the terms
do not changeduringoptimization.Let uscall this functionwhich involvesonly thetermsλ1 andλ2, w � λ1 � λ2 � .
Weareinterestedin thechangein theobjective function(equation3.11)at theendpoints� L1 � L2 �
w � L1 � L2 ��� L1 � L2 � 1

2L2
1k11 � 1

2L2
2k22 � sL1L2k12 � L1y1v1 � L2y2v2.

Sincey1v1 � f1 � 1 (equation3.25) andy2v2 � f2 � 1 (equation3.26), we canrewrite w � L1 � L2 � at the lower end
as:

w � L1 � L2 �`� L1 � L2 � 1
2

L2
1k11 � 1

2
L2

2k22 � sL1L2k12� L1 � f1 � 1� � L2 � f2 � 1�� � 1
2

L2
1k11 � 1

2
L2

2k22 � sL1L2k12 � L1 f1 � L2 f2 �
(3.29)

Similarly, we obtainw � H1 � H2 � at thehigherendpointas:

w � H1 � H2 ��� � 1
2

H2
1k11 � 1

2
H2

2k22 � sH1H2k12 � H1 f1 � H2 f2 � (3.30)

Equation 3.29and 3.30are usedin the codeimplementation.
If w � L1 � L2� andw � H1 � H2 � arethe samewithin a small round-off error of ε, thenthe joint optimizationmakesno
progress.Wewill skip thesetwo λ’s andfind anotherpair of multipliersto optimize.
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3.2 Choice of Lagrang e multiplier s for optimization

TheSMO algorithmis basedon theevaluationof theKKT conditions.Whenevery multiplier fulfils theKKT con-
ditionsof theproblem,thealgorithmterminates.TheKKT conditionsareverified to within ε. Plattmentionsin his
paperthatε is typically in therangeof 10K 2 to10K 3. Twoheuristicsareusedto choosethemultipliersfor optimization.

The outer loop of the algorithmfirst iteratesover the entiresetof training examplesdecidingwhetheran example
violatestheKKT condition.If it does,thenthatexampleis chosenfor optimizationimmediately. A secondexampleis
foundusingthesecondchoiceheuristicandthenthetwo multipliersarejointly optimized.At theendof theoptimiza-
tion, theSVM is updatedandthealgorithmresumesiteratingover the trainingexampleslooking for KKT violator.
After onepassthroughthetrainingset,theouterloop only iteratesover thoseexampleswhoseLagrangemultipliers
arenon-bound,i.e. they arewithin theopeninterval � 0 � C � . TheKKT conditionis checked. If themultiplier violates
theKKT conditioon,thenit is eligible for joint optimization.Theouterloop repeatscheckingviolation of theKKT
conditionover thenon-boundexamplesuntil they all obey theKKT conditionwithin ε. Thentheouterloopgoesover
theentiretrainingsetagain.It will alternatebetweentheentiretrainingsetandthenon-boundsetuntil all theλ’sobey
theKKT conditionswithin ε. This is thefirst choiceheuristicfor choosingthefirst multiplier.

The SMO algorithm usesanotherheuristic to choosethe secondmultiplier λ2. The heuristic is basedon maxi-
mizing the stepthat canbe taken during joint optimization. Equation3.14 is usedat this step. We want to choose
themaximumpossiblestepsizeby having thebiggestvalueof 1 E1 � E2 1 in equation3.18. A cachederrorvalueE
is kept for every non-boundtraining examplefrom which examplecanbe chosenfor maximizingthe stepsize. If
E1 is positive, thentheexamplewith theminimum errorE2 is chosen.If E1 is negative, thentheexamplewith the
largesterror E2 is chosen.Therearecaseswhenthereis no positive progress;for instancewhenboth input vectors
areidentical. This canbe avoidedby not choosingtheexamplewith its error E2 equalsE1. SMO usesa hierarchy
of choicesin choosingthe secondmultiplier. If thereis no positive progress,the algorithmwill iteratethroughthe
non-boundexamplestartingata randomposition.If noneof thenon-boundexamplemakepositive progress,thenthe
algorithmstartsat a randompositionin theentiretrainingsetanditeratesthroughtheentiresetin finding theλ2 that
will make positive progressin joint optimization. The randomnessin choosingthestartingpositionis to avoid bias
towardsexamplesstoredat thebeginningof thetrainingset. In very extremedegenerative cases,a secondmultiplier
which canmake positive progresscannotbe found. In this case,we will skip thefirst multiplier we foundandstart
with anothermultiplier. I modifiedthehierarchyof thesecondchoiceheuristicin my implementationfor efficiency.
This modificationwill bedescribedin section4.

3.3 Updating the threshold b

SinceE, theerroron anexamplei, is theoutputof theSVM on examplei - targetof examplei, we needto know the
valueof b for updatingthevalueof theerrorcacheat theendof optimization.Therefore,aftereachoptimization,we
will re-evaluateb.
Let u1 = outputof theSVM with theold λ1 andλ2

u1 � λold
1 yold

1 k11 � λold
2 y2k12 � l

∑
j � 3

λ jy jk1 j � bold . (3.31)

u1 � E1 � y1 . (3.32)

If thenew λ1 is not at thebounds,thentheoutputof theSVM afteroptimizationon example1 will be y1, its label
value.SeeFigure3.4.
Therefore

y1 � λnew
1 y1k11 � λnew3 clipped

2 y2k12 � l

∑
j � 3

λ jy jk1 j � b1 � (3.33)

Substitutingequation3.31,3.33into equation3.32,we get

b1 � E1 � bold � y1 � λnew
1 � λold

1 � k11 � y2 � λnew3 clipped
2 � λold

2 � k12 � (3.34)
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x2

x1
0

0 < λ  < C

λ = 

λ = C

C

, ξ = 0

, 0 < ξ < 1

,  ξ > 1 

β

γ

The support vectors α and β , the distance the optimal

separating hyperplane is from the origin.  Point γ and δ give threshold b1 and b2

respectively.  They are error points.  b is somewhere between b1 and b2.

give the same threshold b

δ
α

Figure3.4: Thresholdb whenbothλ’s arebound

Similarly wecanobtaintheequationfor b2 suchthattheoutputof theSVM afteroptimizationis y2 whenλ2 is notat
bounds.

b2 � E2 � bold � y1 � λnew
1 � λold

1 � k12 � y2 � λnew3 clipped
2 � λold

2 � k22 � (3.35)

Whenbothb1 andb2 areequal,they arevalid[13]. SeeFigure3.4.

Whenbothnew multipliersareat theboundsandif L is not equalto H, thenthethresholdvaluesthatarewithin the
closedinterval f b1 � b2 g areall consistentwith theKKT conditions[13]. In this casewe usebnew � b1 J b2

2 asthenew
threshold(seeFigure3.4). If onemultiplier is at boundandthe other is not, thenthe b valuecalculatedusingthe
non-boundmultiplier is usedasthenew updatedthreshold.
Equations 3.34and 3.35are usedin the codeimplementation for updating the thr esholdb after optimization.

3.4 Updating the error cache

Whena Lagrangemultiplier is non-boundafterbeingoptimized,its cachederror is zero. Thestorederrorsof other
non-boundmultipliersnot involvedin joint optimizationareupdatedasfollows.

Enew
k � Eold

k � unew
k � uold

k � (3.36)

Enew
k � Eold

k � unew
k � uold

k � (3.37)

For any kth examplein the training set, the differencebetweenits new SVM outputvalueandits old SVM output
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value,unew
k � uold

k is dueto thechangein λ1, λ2 andthechangein thethresholdb.

unew
k � uold

k � y1λnew
1 k1k � y2λnew

2 k2k � bnew � y1λold
1 k1k � y2λold

2 k2k � bold � (3.38)

Substitutingequation3.37into equation3.36,wehave

Enew
k � Eold

k � y1 � λnew
1 � λold

1 � k1k � y2 � λnew3 clipped
2 � λold

2 � k2k � bold � bnew � (3.39)

Equation 3.39[13] is usedin the codeimplementation for updating the error of examplewith non-bound mul-
tiplier after optimization.

3.5 Outline of SMO algorithm

Thefollowing is theexactreproductionof thepseudo-codepublishedbyPlattonhiswebsitehttp://www.research .micr oso ft. co m/˜ jpl att /s mo.htm l .
(I have modifedthepseudo-codein my codeimplementationin thesecondchoicehierarchy. Thismodificationis de-
scribedin chapter4).

Platt’s pseudo-codefor theSMO algorithm:

target= desiredoutputvector
point = trainingpointmatrix

proceduretakeStep(i1, i2)
if � i1 �h� i2� return0
alph1= Lagrangemultiplier for i1
y1 � target f i1g
E1 = SVM outputon point f i1g - y1 (checkin errorcache)
s � y1 i y2
ComputeL � H
if � L �h� H �

return0
k11 � kernel � point f i1g � point f i1g �
k12 � kernel � point f i1g � point f i2g �
k22 � kernel � point f i2g � point f i2g �
eta � 2 i k12 � k11 � k22
if � eta 6 0�

a2 � alph2 � y2 i_� E1 � E2��0 eta
if � a2 6 L � a2 � L
elseif � a2 ! H � a2 � H�

else
Lobj = objective functionata2 j L
Hobj = objective functionata2 j H
if k Lobj l Hobj m epsn

a2= L
elseif k Lobj o Hobj p epsn

a2 j H
else

a2 j alph2q
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if k�r a2 p alph2 r�o eps isk a2 m alph2 m epsn�n
return0

a1 j alph1 m s i_k alph2 p a2n
Updatethresholdto reflectchangein Lagrangemultipliers
Updateweightvectorto reflectchangein a1anda2,if linearSVM
Updateerrorcacheusingnew Lagrangemultipliers
Storea1in thealphaarray
Storea2in thealphaarray
return1
endprocedure

procedureexamineExample(i2)
y2 j target t i2u
alph2 = Lagrangemultiplier for i2
E2 = SVM outputon point t i2u - y2 (checkin errorcache)
r2 j E2 v y2
if ((r2 o -tol andalph2 o C) or (r2 l tol andalph2 l 0))w

if (numberof non-zeroandnon-Calpha l 1)w
i1 = resultof secondchoiceheuristic
if takeStepk i1 x i2n

return1q
loop overall non-zeroandnon-Calpha,startingat randompointw

i1 = identity of currentalpha
if takeStepk i1 x i2n

return1q
loop overall possiblei1, startingat a randompointw

i1 = loopvariable
if takeStepk i1 x e2n

return1qq
return0
endprocedure

mainroutine:
initialize alphaarrayto all zero
initialize thresholdto zero
numChanged j 0;
examineAll j 1;
while k numChanged l 0 r examineAll nw

numChanged j 0;
if k examineAll n
loop I overall trainingexamples
numChanged += examineExamplek I n
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else
loop I overexampleswherealphais not0 andnotC
numChanged += examineExamplek I n

if k examineAll jhj 1n
examineAll j 0

elseif k numChanged jhj 0n
examineAll j 1q

Thefollowing is asummary of theSMO algorithm.
1 Iterateover theentiretrainingexample,searchingfor a λ1, whichviolatestheKKT

condition.
If λ1 is found.Go to step2.
If wefinish iteratingover theentiretrainingexample,thenwe iterateover thenon-boundset.
If λ1 is found,go to step2.
Wewill alternatebetweeniteratingthroughtheentiresetandthenon-boundsetlooking for a
λ1 whichviolatestheKKT conditionsuntil all λ’s obey theKKT condition.
Thenwe exit.

2 Searchfor λ2 from thenon-boundset.
Take theλ whichgivesthelargestvalueof rE1 p E2 r asλ2

If thetwo examplesareidentical,thenabandonthis λ2. Go to step3.
Otherwise,computeL andH valuefor λ2.
If L j H, thenoptimizationprogresscannotbemade.Abandonthis λ2 value.Go to step3.
Otherwise,Calculatetheη value.
If it is negative, thencalculatethenew λ2 value.
If η is notnegative, thencalculatetheobjective functionat theL andH pointsandusethe
λ2 valuewhichgivesthehigherobjective functionasthenew λ2 value.
If r λnew

2 p λold
2 r is lessthananε value,thenabandonthis λ2 value.Go to step3.

Otherwisego to step4.

3 Iterateover thenon-boundsetstartingata randompoint in thesetuntil a λ2 thatcanmake
optimizationprogressin step2 is found.
If it is not found,theniterateover theentiretrainingexample,startingata randompoint,
until a λ2 thatcanmake optimizationprogressin step2 is found.
If nosuchλ2 is foundafterthesetwo iterations,thenwe skip theλ1 valuefoundand
go backto step1 to find anew λ1 whichviolatesKKT condition.

4 Calculatethenew λ1 value.
Updatethethresholdb, errorcacheandstorethenew λ1 andλ2 values.
Go backto step1.



Everythingshouldbemadeassimpleaspossible,
but notsimpler.

— Albert Einstein,1879-1955—

If it’sagoodidea... goaheadanddoit. It is much
easierto apologizethanit is to getpermission.

— GraceHopper, 1906-1992—

TheSoftwareDevelopmentOf TheProject

4.1 Goal of the project

Thegoalof thisprojectis to implementasupportvectormachineonapersonalcomputerusingJohnPlatt’sSequential
Minimal OptimizationAlgorithm. The softwarecanbe usedasa tool for understandingthe theorybehindsupport
vectormachineandfor solvingbinaryclassificationproblems.

4.2 General description of the development

Thesoftwareis madeup of two separatepackages,thetrainingor learningprogramnamedsmoLearn andtheclas-
sificationprogramnamedsmoClassify. The classificationprogramsmoClassifywill usethe resultobtainedfrom
training with the training programsmoLearn. Otherthanthis dependency relation,the two softwarepackagesare
independent.

The implementationwasdevelopedon a Toshibalaptopwith a Pentium233 MHz CPU runningon OpenLinux2.3
andwascompiledwith gcc . The programsalsocompileon SunOs. The GUI part of the softwarewasdeveloped
with Python. A machinehasto have Pythoninstalledproperly in order to usethe GUI part of the software. A
separatesoftwarepackage,nameddemo wasalsodevelopedfor testingandverificationof the programduring the
developmentandtestingphase.This packagewasdevelopedin Python(seeAppendixB for theGUI window of the
demo.pyprogram).Figure4.1shows thesystemusecases.

User

learn

classify

smoLearn

smoClassify

uses

uses

Figure4.1: UseCases
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4.3 Specificationy Trainingdatafor thetrainingprogram,in this projectsmoLearn, follows a specifiedfile format. Similarly, the
input testdatafor theclassificationprogramin thisprojectsmoClassifyfollows aspecifiedfile format.Thefile
formatsaredescribedin section4.4. If a wrongfile format is usedin thetraining, theprogramwill detectthe
wrongformatandabortafterinforming theuserthewrongfile formaterror.y Eachline of thedescriptionof a trainingexamplecannotexceed10000characters.y Themodelfile usedin thesoftwareprogramsmoClassifyhasto beamodelfile writtenby thetrainingsoftware
smoLearn during a training session.It is the responsibilityof the userto make surethat he/shesuppliesthe
correctmodelfile. A modelfile which resultsfrom trainingin othersoftwarewill notwork with smoClassify.y Theresultof trainingwill bewritten to theuserspecifiedmodelfile at theendof a training. Thefile formatof
thismodelfile follows a formatdescribedin section4.4.y Theresultsof classificationwill bewritten to theuserspecifiedpredictionfile at theendof classification.The
file formatof thispredictionfile follows a formatdescribedin section4.4.y Both smoLearn andsmoClassifycanberun in textual modeor in GUI mode.Runningin GUI moderequires
theinstallationof Python.y Dependingon theuser’s choiceof kerneltype,theGUI will prompttheuserfor therequiredinput parameters
andtypecheckthem.y TheC parameterwhichdeterminesthetrade-off betweentheerrorsandtheseparatingmargin cannotbezero.y If thesoftwareis run in GUI mode,thenthe instructionmessages,errormessagesandtheprogramexecution
messageswill bedisplayedin thetext window of theGUI. Thesethreetypesof messagesaredisplayedin three
differentcolorsto facilitatereadingof theinformationin thetext window.y The training softwarewill display the time of the training, the thresholdb, the norm of the weight vector if
thekernelis linear, thenumberof non-boundsupportvectorsfound,thenumberof boundsupportvectors,the
numberof successfuliterationsandthenumberof total iterations.y Theclassificationsoftwarewill displaythetime of theclassificationat theendof theprogramexecution.

4.4 The Format used in the input and output files

The softwarewill use’1’ and’-1’ asthe classlabel. The file format is compatiblewith that usedfor svml ight , the
SVM implementationdevelopedby ThorstenJoachim.Files readableby svml ight will be readableby this software
andvice-versa.Thefile formatwasdeliberatelychosento becompatiblewith thatof svml ight sothatany trainingand
classificationdatacanberunon bothsoftwareandtheir resultscompared.

4.4.1 Training file format

All commentsbegin with a # andwill be ignored. Oncetraining databegin in the file, therecannotbe any more
comments.Thedatafile formatis:

Data File ::= line{line}
line ::= class {feature:value}
class ::= 1 | -1
feature ::= integer
value ::= real

Youcanomit afeature,whichhaszerovalue.Thefeature/valuepairsMUST beorderedby increasingfeaturenumber.

4.4.2 Test data file format

Thetestdatafile hasthesameformatasthetrainingfile. If onedoesnot know theclasslabelof thetestdata,onecan
justput in either1 or -1. TheclasslabelsMUST appearin thefile.
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4.4.3 Model file format

Theresultof trainingis written in amodelfile in thefollowing format:
line 1:

If thekerneltypeis linear, then’0’ is written followedby acomment.
If thekerneltypeis polynomial,then’1’ is written followedby thedegreeof thepolynomial
andcomment.
For examplefor apolynomialkernelof degree2, line 1 will be
1 2 # polynomial of degree2

line 2:
Thenumberof featuresof thetrainingsetis followedby acomment.
If a linearkernelis usedin training,then

line 3:
Theweightvectorof thetrainingresultis followedby acomment.

line 4:
Thethresholdb is followedby acomment.

line 5:
TheC parameteris followedby acomment.

line 6:
Thenumberof supportvectorsis followedby acomment.

line 7 to theendof file:
Oneachline, thevalue o class*lambdal 1of asupportvectoris followedby the
feature/valuepairsof thatsupportvector.

If anon-linearkernelis usedin training,then
line 3:

Thethresholdb is followedby acomment.
line 4:

TheC parameteris followedby acomment.
line 5:

Thenumberof supportvectorsis followedby acomment.
line 6 to endof file:

Oneachline, thevalue o class*lambdal of asupportvectoris follwedby the
feature/valuepairsof thatsupportvector.

4.4.4 Prediction file format

Eachline consistsof o resultof svml If adatais classifiedasclass1, then o resultof SVM l is positive.
If adatais classifiedasclass-1, then o resultof SVM l is negative.

4.5 The software structure

Theprojectis madeup of two separateexecutableprograms,smoLearn for trainingandsmoClassifyfor classifying
unknown dataandaGUI programsmo.py.

Figure4.2, Figure4.3 andFigure4.4 give an overview of theproject,thesmoLearn packageandthesmoClassify
packagerespectively. The programsweredevelopedin C programminglanguagebecauseof C’s executionspeed
for numericalcalculations.Sincethe target usersof the softwarearemostly researchersin machinelearningwho

1 z class*lambda{ is themultiplicationproductof classandlambda.This is positive for class1, andnegative for class-1.
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smoLearn smoClassify

Figure4.2: ProjectOverview

smoLearn

result

initializeTraining

learn

utility

Figure4.3: smoLearn’s modules

smoClassify initialize

classify

Figure4.4: smoClassify’s modules
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arecomputerliterateandarecomfortablewith textual commands,thesoftwarewasdesignedto run in textual mode.
However, a user-friendly GUI wasalsodevelopedin PythonandTkinter.

The whole designof the software is basedon simplicity andusability. Sincethe primary objective of the project
is to provide a tool for studyingsupportvectormachineandto implementtheSequentialMinimal OptimizationAl-
gorithmcorrectly, simplicity wasgivenahigherpriority thanspeed.Simpledatastructuresandsupportingalgorithms
areusedto facilitatetestingandmaintenance.

4.5.1 The training software: smoLearn

Thesoftwarecanbeinvokedin textual modeby typing thefollowing:

smoLearn [options] <training file name> <model file name>

Theavailableoptonsare:y -t type:Integer—Typeof kernelfunction:
type= 0: linearkernel
type= 1: Polynomialkernel
type= 2: RBFkernely -c C:Float l 0—Thetrade-off betweentrainingerrorsandthemargin.
Thedefault is 0.y -d degree:Integer—Thedegreeof thepolynomialkernel.y -v variance:Float—Thevarianceof theRBF kernely -b bin:Integer(0 or 1)
Default is 0.
1 to specifythefeaturesof thetrainingexamplearebinaryvalues.
Only use-b 1 if youarecertainthefeaturesof your trainingexamplesarebinaryvalue0 and1.y -h
This is thehelpoptionwhichdisplaystheavailableoptions.

Thefollowingsarefour examplesillustratinghow to invoke smoLearn usingthedifferentoptions2.

Example 1:
To uselinearkernel,a C parameterof 10.5to train with o my trainingfile l and o my modelfile l Type: smoLearn
-t 0 -c 10.5 o my training file lXo my model file l
Example 2:
To useapolynomialkernelof degree2 andaC parameterof 10
Type:smoLearn -t 1 -c 10 -d 2 o my training file lXo my model file l
Example 3:
To useaRBFkernelof varianceof 10andaC parameterof 3.4
Type:smoLearn -t 2 -c 3.4-v 10 o my training file l|o my model file l

2Theoptionscanbespecifiedin any order
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Figure4.5: Menuof smoGUI

Example 4:
To usethebinaryfeatureoption
Type:smoLearn -t 0 -c 4.5-b 1 o my training file lXo my model file l
To run theprogramin GUI mode,theuserwill typesmo.py(run thepythonprogramasascript)or python smo.pyto
starttheselectionwindow. SeeFigure4.5. Whentheuserclicks on the learn button,theLearningwindow popsup.
SeeFigure4.6.
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Figure4.6: GUI of smoLearn
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A statediagramdescribingthe statetransitionsof the main SMO menuandthe learningwindow is shown in Fig-
ure4.7. This window promptsa userto selectthekerneltypeandbasedon thekernelchoice,thecursorwill jump to
therequiredtext entryandamessageis displayedin blackin thetext box telling theuserwhatotherentriesneedto be
filled in. For examplein Figure4.6, if theuserselectspolynomialkernel,thecursorthenflashesin thedegreeblank
field. After theusertypesin thedegree,thecursorjumpsto theC parameterblankfield. After theusertypesin theC
parameter, thecursorjumpsto the’Learningfile’ entry. After theusertypesin thelearningfile, thecursorwill jumpto
the’Model file’ entryfield. TheGUI only typechecks’Degree’,’Variance’and’C parameter’andmakessurethatthe
userhasinput thelearningfile andmodelfile names.It thencallstheC programsmoLearn, which will checkif the
thelearningandmodelfiles enteredby theuserexist andcanbeopenfor readingandwriting respectively. Messages
to usersarecolor codedandaredisplayedin the text areaof thewindow. The informationmessagesto usersarein
black,errormessagesarein redandprogramrun messagesarein blue. If thefiles do not exist or thereis anerror in
openingthefiles,anerrormessageis displayedin thetext box.

Fivemodulesmake up thesmoLearn softwarepackage.SeeFigure4.3y Main moduley initializeTrainingmoduley learnmoduley utility moduley resultmodule

Main module:

ThemodulesmoLearn.c makesupthemainmodule.As canbeseenfrom thelearningsequencediagram
Figure4.8,smoLearn.c orchestratesthewholelearningprocess.

smoLearn.c will do its type checkingfor correcttypesof parametersbasedon the kernel chosenby
the user. This is doneso that userscanrun the programin eitherGUI modeor textual commandline
mode.Themodulealsochecksfor existenceof thetrainingfile suppliedby userandopensthemodelfile
with namesuppliedby theuesrfor writing thetrainingresultto. After all thetypechecking,smoLearn.c
recordsthetypeof kernelchosenby theuser, theC parameter, thedegreeif polynomialkernelis selected,
the squareof the sigma(variance)if an RBF kernel is used,and the namesof the training andmodel
files suppliedby theuser. It opensthetrainingfile for readingandthemodelfile for writing. If thereare
problemsin openingthosefiles, thenthe programwill inform the userthe errorsandabort. Otherwise
smoLearn.c will ask the initializeTraining module to do all the preparationtasksbeforethe training
processstarts.Thesetasksincludereadingthetrainingfile andstoringthosetrainingdataandinitializing
all the datastructuresfor the training process.If the initialization processfails, thensmoLearn.c will
abortthe program. After initializing, smoLearn.c calls the learn module to start learningandstartsa
timer. At theendof learning,smoLearn.c calculatesthe time it took the learningalgorithmto run and
calls the result module to write theresultof training in themodelfile. smoLearn.c thenwritesout the
following statistics.
Thenumberof successfulkerneliterations.
Thetotalnumberof iterations.
Thethresholdvalue,b.
Thenormof theweightvectorif a linearkernelis used.
Thenumberof non-boundsupportvectorsandthenumberof boundsupportvectors.

initializeTraining module

Thetasksof theinitializeTraining moduleconsistof allocatingmemoryfor thefollowing datastructures
andreadingthetrainingfile.
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Figure4.8: Learningsequencediagram
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Datastructuresinitializedby initializeTraining module:y A structurecalledfeatureconsistsof anintegerelementfor storingtheid of thefeatureandadouble
elementfor storingthevalueof thatfeatureis defined.Only featureswith non-zerofeaturevalueare
stored.Thereforeeachtrainingexamplehasa numberof thesestructuresallocatedfor it according
to thenumberof non-zerovaluedfeaturesit has.y A two-dimensionalarraysof pointersto thestructurefeature,example** , is allocatedfor storing
all theinformationof featureid/valuepairsof theexamples.Hence,example[i][ j] will point to the
jth featurestructurewhichhasnon-zerofeaturevalueof the ith example.y An arrayof integers,target, is usedto storetheclasslabelsof the trainingexample. Classlabels
are’1’ or ’-1’. Thereforetarget[i] is either1 or -1 for the ith example.Theselabelsarereadfrom
thetrainingfile suppliedby theuser. For trainingfile format,seesection4.4.y An arrayof integers,nonZeroFeature, is usedto storethenumberof non-zerovaluedfeaturesan
examplehas.y An arrayof doubles,error, is usedto storetheerrorof eachexample.This is thedifferencebetween
the outputof the supportvectormachineon a particularexampleandits classlabel. For the ith
example,error[i] storestheoutputof supportvectormachine- target[i].y An arrayof doubles,weight, is usedto storetheweightvectorof thesupportvectormachine.This
is necessaryonly for a linearkernel.y An arrayof doubles,lambda, is usedto storethe Lagrangemultipliers of the training examples
duringtraining.y An arrayof integers,nonBound, is usedto recordwhetheranexamplehasa non-boundLagrange
multiplier during training, i.e. the valueof the multiplier is in the interval (0, C) whereC is the
parameterwhichdeterminesthetrade-off betweentrainingerrorandmargin.y An arrayof integers,unBoundIndex, is usedto index the exampleswhich have non-boundLa-
grangemultipliers.y An arrayof integers,errorCache, is usedto index exampleswith non-boundLagrangemultipliers
in theorderof their increasingerrorsduringtraining.y An arrayof integers,nonZeroLambda, is usedto index theexampleswhoseLagrangemultipliers
arenon-zeroduringtraining.

Anothertaskperformedby initializeTraining module is to readthetrainingfile andstoretheinformation
of thetrainingexamples.

Thereare3 functionsin thismodule,initializeData(), readFile()andinitializeTraining()y int initializeData( int size)
This function initializes thedatastructureexample** , target, nonZeroFeature anderror to the
sizepassedin thefunctionargument.It will return1 if initialization is successful,otherwiseit will
return0.y int readFile(FILE *in)
This functionassumesthatthefile pointedto by file pointer’in’ hasbeenopenedsuccessfully. The
functionmakestwo passesof the training file. In the first pass,it just countsthenumberof lines
in the file to have an over estimateof the numberof training examples. Using this estimate,the
arraysexample, target, nonZeroFeature anderror areallocated.In thesecondpass,it readseach
non-commentline andstorestheclasslabeleither1 or -1 for eachexamplein the target arrayand
the featureid/valuepairs in the examplearray. Only non-zerovaluedfeaturesarestored. While
readingthe lines, the function alsokeepstrack of the maximumfeatureid it hasencounteredso
far. At the endof the readingof the file, this maximumfeatureid is taken to be the numberof
featuresthetrainingexampleshave. Theuserdoesnothave to supplythenumberof featuresof the
examples.Thefunctionreturns1 if readingis successful,otherwiseit returns0.
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This function initializes the datastructuresweight, lambda, nonBound, unBoundIndex, error-
CacheandnonZeroLambda. It returns1 if theoperationis successful,otherwiseit returns0.

Learn module

This moduleruns the training algorithm SequentialMinimal Optimizationalgorithm. It follows the
pseudocodesdescribedin section5 of chapter3 (exceptfor themodificationin thesecondchoiceheuris-
tic in theexamineExamplefunction)andtheequationsderived in section3. Therearefive functionsin
themodule.y void startLearn(void) This functionfirst iteratesover all the trainingexamplesandcalls function

examineExample()to checkif the exampleviolatesKKT conditionat eachiteration. Then the
exampleswith non-boundLagrangemultipliersareiteratedover. The functionalternatesbetween
iteratingover all examplesandall non-boundexamplesuntil all the Lagrangemultipliers of the
examplesdo not violatetheKKT conditions.At thispoint, thefunctionexits.y examineExample(inte1)This functionchecksfor violation of KKT conditionsof examplee1. If
it doesnot violate the KKT conditionthenit returns0 to the function startLearn(), otherwise,it
usesheuristicsasoutlinedin section2 of chapter3 to find anotherexamplefor joint optimization.
Platt usesa hierarchyof choicesin the secondchoiceheuristicfor choosingthe secondexample
for optimization. In the secondhierarchyof the heuristic,he iteratesover the non-boundexam-
plesstartingfrom a randomlychosenposition. If this doesnot producea candidateexamplefor
joint optimization,thenheiteratesover all exampleslooking for anothercandidateexample.Since
structurally, theseparatingplaneorientsitself over theoptimizationprocess,it is morelikely thata
boundexamplewill becomeno-boundthanfor anexamplewith zeroLagrangemultiplier becoming
a supportvector. I addedanhierarchyright after thesecondhierarchyof thesecondheuristicand
changedthelasthierarchy. If iterationover non-boundexamplesdoesnot produceanoptimization
thenthenext iterationis carriedout over theboundexamplesin selectingthesecondexamplefor
joint optimization. The iterationstartsat a randompositionover theboundexamples.If this still
doesnotwork out,thentheiterationwill bedoneover theexampleswith zeroLagrangemultipliers.
This functionreturns1 if optimizationis successful,otherwiseit returns0.y int takeStep(inte1,int e2)
Two argumentse1 and e2 are passedto the function. They are the exampleschosenfor joint
optimization. Having chosena secondexamplefor joint optimization,examineExample()calls
takeStep()to carry out the optimization. The optimizationstepfollows closelywith what is de-
scribedin section2 of chapter3. If thesecondderivative eta,(equation3.14)is negative, thenwe
calculatethenew lambdafor thesecondexampleandclip it at theendsof theline L2 andH2. Oth-
erwise,we chooseeitherL2 or H2 asthenew lambdavaluedependingon whichonegivesahigher
objective function value. If joint optimizationis successful,takeStep()returns1 to the function
examineExample(), otherwiseit returns0.

At theendthefunctionupdatestheconditionof thesupportvectormachineandall thedatastruc-
tures,whicharenecessarynotonly for theoptimizationprocess,but alsofor theexamineExample()
function.Eachoptimizationstepoccuringin thefunctiontakeStep()will resultin achangein errors
for the non-boundexamplesandchangein the thresholdvalue. The first hierarchyof the second
choiceheuristicusedby examineExample()requireschoosingthesecondexamplewith thelargest
positiveerrorif theerrorof thefirst exampleis negativeandonewith thelargestnegativeerrorif the
errorof thefirst exampleis positive. Thesecondhierarchyof thesecondchoiceheuristicrequires
iteratingover theexampleswith non-boundlambdas.Thethird hierarchyrequiresiterationover the
boundexamples.An arraynamederrorCacheholdstheindex to thenon-boundexamplesarranged
in orderof increasingerror. An arraynamedunBoundIndex holdstheindex to thenon-boundex-
amples.An arraynamednonZeroLambda holdstheindex to theexampleswhoselambdasarenot
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zero.Thesearraysareupdatedat theendof eachsuccessfuloptimization.If afteranoptimization,
the lambdaof the ith exampleis non-boundwhereasbeforeit is not non-bound,thenthe index i
is addedto the endof the errorCache, andthe unBoundIndex arrays. If that examplehaszero
lambdabeforeandhasnon-zerolambdaafteroptimization,thenit is addedto thenonZeroLambda
array. ThentakeStep()will call thequicksort() functionto sort theunBoundIndex arrayandthe
nonZeroLambda arrayin ascendingorder. In thiscase,we alwayshave asortedindex arrayto ex-
ampleswith non-zerolambdasandnon-boundlambdas.Sortingthoseindexeslet usquickly locate
anindex by usinga binarysearch.This is necessarywhenwe have to remove themfrom thearray
becausetheexamplehasits lambdachangedfrom non-boundto boundor in thenonZeroLambda
arraycase,whenits lambdachangesfrom non-zeroto zero.To remove theindex from thosearrays,
we usea pointernamedunBoundPtrfor theunBoundIndex arrayandlambdaPtrfor thenonZero-
Lambda array. Thesepointerswill alwayspoint to thelastelementof therespective arrays.After
we locatethepositionof theexampleindex andwe want to remove the index from eithertheun-
BoundIndex arrayor thenonZeroLambda array, we markthatpositionwith thenumberequalto
thetotal numberof example+ 1. That index will beat theendof thearraywhenwe quicksortthe
array. We just decrementthepointerto remove the index from the list of examplesof non-bound
lambdasor thelist of exampleswith non-zerolambdaafterquicksorting.

The samemethodappliesto the errorCache array. The array holds indexes of exampleswith
non-boundlambdassortedin increasingorderof errors.We usetheqsort2() in theutility module
to sorttheindexesin ascendingorderof errorafterall theerrorsof non-boundexampleshave been
updatedat theendof optimization.A pointer, errorPtr, alwayspointsto thelastelementof thearray.
Whenan examplewhoselambdawasnot non-boundandbecomesnon-boundafter optimization,
we addthat index to theendof thearrayandcallsqsort2()to updatethearray. If examplei hasits
lambdachangedfrom non-boundto bound,we will put into error[i] anerror which is onegreater
thanthelargesterror in thenon-boundexamples.Calling qsort2() will thenput i at theendof the
errorCachearray. Wecanremove theindex i just by decrementingtheerrorPtr.y doubledotProduct(FeaturePtr *x, int sizeX,FeaturePtr *y, int sizeY)
ThedotProduct() functioncalculatesthedot productof two examplesandreturnstheresultto the
calling function. For a sparsebinarymatrix, thecalculationis spedup by themethodsuggestedby
Platt [13]. Insteadof doingmultiplication,we just incrementby 1 whenever the two vectorshave
thesamenon-zerovaluedfeature.y doublecalculateError(int n)
This function is calledby takeStep()at the endof a successfuloptimizationto updatethe errors
of all theexampleswith non-boundlambdas.It calculatestheerrorof a non-boundexample.The
updatingjust follows theequation3.39in section1 of chapter3

utility module

This modulecontains6 functionswhich provide supportfor the learn moduleto carryout its task.They
arefunctionswhicharenot specificutility functionsandcanbeusedfor many applications.y doublepower(doublex, int n)

This functionjustcalculatesandreturnsthevalueof adoublex, raisedto thepowerof aninteger, n.
It returns1 whenn is zero.It assumesthatn is zeroor apositive integer.y int binSearch(int x, int *v, int n)
This function searchesfor x in an integer arrayv of sizen. It returns-1 if x is not in the array,
otherwiseit returnsthearraypositionwherex is found.y void swap(int *v, int i, int j)
This functionswapstheith elementwith thejth elementof anintegerarray.
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Thisfunctionusesthequicksortalgorithmto sorttheelementsboundedby theleft andright indexes
of theintegerarrayv in ascendingorder.y qsort2(int *v, int left, int right, double *d)
This functionsortstheelementsboundedby the left andright indexesof the integer arrayv in an
ordersuchthatd[v[i]] o d[v[i m 1]] in arrayd for the ith and k i m 1n th elementsof arrayv.y int myrandom(int n)
This function returnsa randominteger in the interval [0, n-1]. Theseedis initially setat 0 andis
automaticallyincreasedby oneateachcall.

result module

Thereis only onefunctionin thismodule.
void writeModel(FILE *out) takesthepassedargument,anopenfile pointer, for writing andwritesthe
resultsof the training in a fixed format. It assumesthat thefile hasbeenopensuccessfullyfor writing.
Seesection4.4regardingthemodelfile format.

4.5.2 The classification software: smoClassify

smoClassifyis astandalonesoftwarepackagewhich is invokedby thefollowing commandwhenrun in textualmode
smoClassify o modelfile namel|o testdata file namel|o prediction file namel
Runningtheprogramin GUI mode,theuserwill click ontheclassifybuttonontheselectionwindow (seeFigure4.5)
to invoke smoClassify. Theclassifywindow thenpopsup andpromptstheuserto input themodelfile name,thetest
datafile nameandthe predictionfile name(seeFigure4.9). Messagesto useraredisplayedin the text areaof the
classifywindow andthey arecolor coded.Informationmessagesto theuseraredisplayedin black,errormessages
aredisplayedin redandtheprogramdisplayof smoClassifyaredisplayedin blue.TheGUI only checksthattheuser
hassuppliedall threefile names.Whenthis is done,it calls the C programsmoClassify. smoClassifychecksfor
existenceof modelfile andtestdatafile andopensthesetwo files for readingaswell asthepredictionfile for writing.
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Figure4.9: GUI of smoClassify
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Figure4.10givesthestatediagramof theGUI of theSMO Main menuandtheclassifywindow.

Thesoftwareprogramconsistsof threemodules.SeethesmoClassifypackagediagram,Figure4.4.y Main moduley initialize moduley classifymodule

Main module

Themainmoduleconsistsof smoClassify.c whichdirectstheclassificationprocess.SeeFigure4.11.
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classifyWin
:User Interface smoClassify initialize classify

User

classify

Read Training
file, read
test file
initialize
data 

Test file name
prediction file
name

Model file name,
,

Classify and Write results

Classify and Write results

Read Training file,
read test file

Reset

name
Prediction file
Test file name,
Model file name,

Exit

Figure4.11:Classifyingsequencediagram
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Figure4.12shows amoredetailedclassifysequence.smoClassify.c opensthegivenmodelfile, testdata
file for readingand the predictionfile for writing. Then it calls the initialize module to preparedata
structuresfor the classificationtask. If thereis a problemin preparingthe datastructuresandreading
themodelanddatafiles, thentheprogramaborts,otherwise,smoClassify.c callstheclassifymodule to
classifythe testdataandwrites the result to thepredictionfile. If thereis an error in the classification
process,theprogramaborts.

initialize module

Thetasksof initialize module areto initialize all thedatastructuresfor storinginformationwhich will
be readfrom the model file. The two public interfacesare int readModel(FILE *in) and int read-
Data(FILE *in) . Thefollowingsarethedatastructuresinitialized by thismodule.y example, a two-dimensionalarrayof pointersto thestructurefeature.Thestructurefeatureis de-

finedas:

structfeaturew
int id;
doublevalue;q

Thisarraywill storethefeatureid/valuepairsof eachtestdatareadfrom thetestdatafile.y sv, anarrayof pointersto thestructurefeatures(sameasexample) for storingtheid/valuepairsof
thesupportvectorsreadfrom themodelfile.y target, anarrayof integersfor storingtheclasslabelof thetestdatareadfrom thetestdatafile. In
this software,this informationis not usedat all. Theusercansupplytheclasslabel if s/heknows
theclasslabelof thedataaheadof timeandwantsto seehow aparticulartrainedmodelperforms.If
theuseris only interestedin theclassificationof someunclassifieddata,thens/hecanputdown any
classlabelsin thedatafile. Pleasereferto section4.4of chapter4 regardingthedatafile format.y nonZeroFeature, anarrayof integerssfor storingthenumberof non-zerovaluedfeatureseachtest
datahas.y lambda, anarrayof doublesfor storingtheLagrangemultipliersof eachtestdata.y svNonZeroFeature, anarrayof integersfor storingthenumberof non-zerovaluedfeaturesa sup-
port vectorhas.y weight, anarrayof doublesfor storingtheweightvectorof a trainedsupportvectormachine.This
is only necessaryfor linearkernel.y output, anarrayof doublesfor storingtheoutputof a trainedsupportvectormachineon eachtest
data.

Thismoduleis madeup of 6 functions.y int readString(char *store, char delimiter, FILE *in)
This functionassumesthefile pointedto by file pointer’in’ hasbeenopenedsuccessfullyfor read-
ing. It readsall thecharactersin afile up to thedelimiterandstoresthecharactersreadin thegiven
arraystore. It returns1 if readingis successful,otherwiseit returns0.y int initializeModel(int size)
This functioninitializesthearrayslambda, svNonZeroFeature andsv to thegivensize. It returns
1 if initialization is successful,otherwiseit returns0.y int readModel(FILE *in)
This functionassumesthat thefile pointedto by file pointer’in’ hasbeenopenedsuccessfullyfor
reading.This functionreadsthemodelfile to find out thefollowings.
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thenumberof featuresof theexamplesusedin thetraining
thekerneltype
theweightvectorif thetrainingwasdoneusinga linearkernel
thethresholdb
theC parameter
thenumberof supportvectorsfoundin thetraining
thefeatureid/valuepairs
theproduct(classlabel*Lagrangemultiplier) of thesupport
vectorslistedin themodelfile.

Thefunctionreturns1 if readingwassuccessful,otherwiseit returns0.y int readData(FILE *in)
This functionassumesthat thefile pointedto by file pointer’in’ hasbeenopenedsuccessfullyfor
reading. It behaves like the function readFile() in the initializeTraining moduleof the program
smoLearn. It just readsthe testdatafile to storethe featureid/valuepairsof eachtestdata. The
functionreturns1 if readingis successful,otherwiseit returns0.y void skip(char end,FILE *in)
This functionassumesthat thefile pointedto by file pointer’in’ hasbeensuccessfullyopenedfor
reading.It skipsall thecharactersreadin thefile until theendcharacteris encountered.

classifymodule

This moduleis responsiblefor calculatingtheoutputof the trainedsupportvectormachineon eachtest
dataandfor writing out the classificationresult to a given predictionfile. The public interfaceof the
moduleis thefunctionwriteResult(FILE *out) . Themoduleis madeup of thefollowing functions:y doubledotProduct(FeaturePtr *x, int sizeX,FeaturePtr *y, int sizeY)

Twovectorsof thedataarepassedasargumenttogetherwith thenumberof non-zerovaluedfeatures
they have to this function.Thefunctioncalculatesthedotproductof thetwo vectorsandreturnsthe
dotproduct.y doublewtDotProduct(double*w, int sizeX,FeaturePtr *y, int sizeY)
If the kernelusedin training is the linear kernel, the weight vectorwascalculatedandwritten to
themodelfile at theendof training.Theoutputof thesupportvectormachinecanbemorequickly
calculatedby finding thedotproductof theweightvectorwith thetestdatavector. This functionis
passedtheweightvector, thevectorof datatogetherwith thenumberof nonzerovaluedfeaturesof
theweightvectorandthedatavector. It calculatesandreturnstheir dotproduct.y doublepower(doublex, int n)
This function returnsthe valueof x raisedto the power of n. Whenn is zero,1 is returned.It is
assumedthatn is zeroor apositive integer.y int writeResult(FILE *out)
The function assumesthat the file pointedto by file pointer ’out’ hasbeenopenedsuccessfully
for writing. The function calls the function classifyLinear(), or classifyPoly(), or classifyRbf()
dependingon whetherthe kernelusedin training waslinear, polynomialor radial basisfunction
respectively. It returns1 if classificationandwriting is successful,otherwiseit returns0.y int classifyLinear(FILE *out)
This functionassumesthatthefile pointedto by file pointer’out’ hasbeenopenedsuccessfullyfor
writing. It alsotimestheclassificationandwritesthetime to stdoutat theendof theclassification.
The function calculatesthe outputof the supportvectormachineon eachtestdataandwrites the
outputof theSVM onthefile pointedto by ’out’. If theoutputis positive, theclasslabelof thedata
is 1, elseit is -1. Theoutputof thesupportvectormachinefor a linearkernelis calculatedby means
of thefollowing equation.

SVM out put j w � x p b x
wherew is theweightvectorof theSVM andb is thethreshold.
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This functionassumesthatthefile pointedto by file pointer’out’ hasbeenopenedsuccessfullyfor
writing. It alsotimestheclassificationandwritesthetime to stdoutat theendof theclassification.
The function calculatesthe outputof the supportvectormachineon eachtestdataandwrites the
outputof the SVM on the file pointedto by file pointer ’out’. If the output is positive, the class
labelof thedatais 1, elseit is -1. Theoutputof thesupportvectormachineon a testdatax for a
polynomialkernelis calculatedby meansof thefollowing equation.

SVM out put j n

∑
i � 1

λiyi k 1 m xi � x n d p b x
whereλi is theLagrangemultiplier, yi is theclasslabelof a supportvectorxi , n is thenumberof
supportvectorsandb is thethreshold.y int classifyRbf(FILE *out)
This functionassumesthatthefile pointedto by file pointer’out’ hasbeenopenedsuccessfullyfor
writing. It alsotimestheclassificationandwritesthetime to stdoutat theendof theclassification.
The function calculatesthe outputof the supportvectormachineon eachtestdataandwrites the
outputof theSVM to thefile pointedto by file pointer’out’. If theoutputis positive, theclasslabel
of thedatais 1, elseit is -1. Theoutputof thesupportvectormachineon a testdatax for a radial
basisfunctionkernelis calculatedby meansof thefollowing equation.

SVM out put j n

∑
i � 1

λiyi exp ��� xi � x � 22σ2 p b x
whereλi is theLagrangemultiplier, yi is theclasslabelof a supportvectorxi , n is thenumberof
supportvectorsandb is thethreshold.



If you do somethingonce,peoplewill call it an
accident. If you do it twice, they call it a coin-
cidence. But do it a third time and you’ve just
provenanaturallaw.

— GraceHopper, 1906-1992—

Testing

Two typesof testswere performedon smoLearn and smoClassify. The first type of testswas performedusing
artificial datasetswhile thesecondtypewasperformedusingtwo benchmarktestsets.

5.1 Ar tficial data test

Four2-dimensionaltestsetsaregeneratedfor testingthecorrectnessof smoLearn andsmoClassify. Thereare8 test
files in theartificial dataset.They aredescribedin thesequel:y testFile11 - linearlyseparable.Usedfor trainingon a linearSVM.y testFile12 - Usedfor linearkernelclassificationtesting.y testFile21 - not linearlyseparable.Usedfor trainingon a linearSVM.y testFile22 - Usedfor linearkernelclassficationtesting.y testFile31 - nonLinearlyseparable.Usedfor trainingonapolynomialSVM.y testFile32 - Usedfor polynomialkernelclassificationtesting.y testFile41 - nonlinearlyseparable.Usedfor trainingon a rbf SVM.y testFile42 - Usedfor radialbasisfunctionclassificationtesting.

Four testswereperformedonsmoLearn usingthefour trainingdatasets.At theendof training,reclassificationtests
weredoneon thetrainingdataitself followedby generalizationtestsusingthecorrespondingtestdata.An example
of thetestprocedureis asfollows:

1. Traina linearSVM usingtestFile11 andwrite themodelfile created.

2. Do thereclassificationon testFile11 andnotethereclassificationresults

3. Do a classificationusingtestFile12 andnotetheclassificationresults.

Thesetestswererepeatedusingthesoftwaresvml ight whichcanbedownloadedfromthewebsitehttp://svm.first.gmd.de
Thepurposeof thetestsis to verify thecorrectnessof theimplementationof SVM usingthethreedifferenttypesof
kernels.

5.1.1 testFile1 1 and testFile1 2

testFile11 consistsof 12 datawhich canbe linearly separated.The purposeof the testis to verify the linear SVM
trainingmodelcreatedby smoLearn andtheclassificationcorrectnessof smoClassify
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Training Threshold Non-Bound Bound Reclassification Classification
Software b SVs SVs Result with smoClassify

testFile11 testFile12
smoLearn 5.000000 2 0 12 correct 12correct

12 total 12 total
svml ight 5.000000 2 0 12 correct 12correct

12 total 12 total

Table5.1: smoLearnfor a linearSVM ontestFile11,C j 4 � 5
Training Threshold Non-Bound Bound Reclassification Classification
Software b SVs SVs Result with smoClassify

testFile21 testFile22
smoLearn 2.330163 3 13 7 incorrect 10correct

26 correct 10 total
svml ight 2.3280552 4 12 7 incorrect 10correct

26 correct 10 total

Table5.2: smoLearnfor a linearSVM ontestFile21,C j 4 � 5
TestFile12 consistsof 12 dataplacedin the instancespaceof testFile11. Two pointsareplacedwithin themargin.
Oneof themis placedright on theseparatingplane.Therestof thedataareevenly distributedin the instancespace
outsidethemargins.

5.1.2 testFile2 1 and testFile2 2

testFile21 consistsof 33datawith two classesof datawithin veryclosedistancefrom eachother. Two pointslabelled
asclass-1 areplacedwithin theregion of thepointslabelledasclass1. They areerrors.
testFile22 consistsof 10datawhicharecorrectlylabelledasclass1 andclass-1. Thepurposeof thisfile is to testthe
generalizationperformanceof smoClassifywhentheSVM wastrainedwith errorsin thetrainingspace.

5.1.3 testFile3 1 and testFile3 2

testFile31 consistsof 40datapointswhichcanbenonlinearlyseparated.Thisfile is usedto testthepolynomialSVM
implementationof smoLearn.
testFile32 consistsof 14 datawith somedatapointswithin themarginsbetweenthetwo classes.Thepurposeof this
file is to testthecorrectnessof thepolynomialclassificationimplementationof smoClassify.

5.1.4 testFile4 1 and testFile4 2

testFile41 consistsof 75 datapointswhich canbe nonlinearlyseparated.Dataof class-1 aresandwichedbetween
datalabelledasclass1. Therearetwo nonlinearoptimalseparatingplanes.Thepurposeof thetestis to testtheRBF
SVM implementationof smoLearn
testFile42 consistsof 30 testdata.They areuniformly distributedin theinstantspaceof testFile41. Thepurposeof
this file is to testthecorrectnessof theRBFclassificationimplementationof smoClassify.

5.1.5 Test Results

Thetestresultsareshown in Table5.1 through5.5. Eachtableshows thetestresultsof smoLearn andsmoClassify
togetherwith thoseobtainedwith svml ight
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Training Threshold Non-Bound Bound Reclassification Classification
Software b SVs SVs Result with smoClassify

testFile21 testFile22
smoLearn 3.835000 2 13 33 correct 10correct

33 total 10 total
svml ight 3.8350001 2 13 33 correct 10correct

33 total 10 total

Table5.3: smoLearnfor a linearSVM on testFile21,C j 10� 5

Training Threshold Non-Bound Bound Reclassification Classification
Software b SVs SVs Result with smoClassify

testFile31 testFile32
smoLearn -14.331886 5 9 1 incorrect 14 total

39 correct All correct
svml ight -14.325301 5 9 1 incorrect 14 total

39 correct All correct

Table5.4: smoLearnfor apolynomialSVM on testFile31, degree= 2,C j 10� 5

Training Threshold Non-Bound Bound Reclassification Classification
Software b SVs SVs Result with smoClassify

testFile41 testFile42
smoLearn -0.170436 17 12 2 incorrect 30 total

73 correct 30correct
svml ight -0.16964309 17 12 2 incorrect 30 total

73 correct 30correct

Table5.5: smoLearnfor a linearSVM ontestFile41,C j 4 � 5, σ2 j 1
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5.1.6 Discussion of the artificial data test

Table5.1shows thatsmoLearn, smoClassifyproducethesameresultassvml ight in trainingandclassification.

Two testswereperformedusingtestFile21: onewith a C parameterof 4.5 andanotherwith a C parameterof 10.5.
smoLearn andsmoClassifyproduceresultswhich agreewith thoseof svml ight . A largerC parameteris usedin this
testto seeif theSVM will bestringentwith outliers,thosedatawhich arevery closetogether, but belongto different
classes.With thelargerC parameters,themargin narrows andtheerrorsof thoseoutliersareeliminated.Thereclas-
sificationresultindicatesno misclassification.Two errorswereplacedin theregion of theclass1 data.In bothtests,
thetrainedSVM is ableto generalizewell. Worth mentioninghereis thatwhenapplyingtestFile21 to svml ight with
a C parameterof 4.5,svml ight doesnot behave consistently. In sometests,it keptoscillatinganddid not stopandthe
programranvery slow. Thedatain testFile21 is distributedin a way suchthattherearetwo rows of class1 labelled
datarunningalmostparallelto eachotherwith onerow locatedvery closeto anotherparallelrow of class-1 labelled
data.WhentheC parameteris not very large,a SVM triesto optimizewith a largermargin. However, thismeansthe
row of class1 datacloseto the row of theclass-1 datawill be misclassified.svml ight oscillatesbetweenthosetwo
rows of class1 data,unableto decidewhichoneto take.

The training result of smoLearn in learningusing a polynomial kernel deviatesfrom svml ight ’s by 0.046%. The
reclassificationandclassificationresultsof smoClassifyagreewith thatof svml ight .

TheRBF kernelfunctionusedin smoLearn is

exp�#� � x � y � �22σ2

andtheRBF kernelfunctionusedin svml ight is

exp� � � x � y � �2σ2

In orderto comparemy resultswith svml ight ’s, the testwith testFile41 wasconductedwith RBF kernelfunction in
my implementationchangedto matchthatof svml ight . Theresultdeviatesfrom svml ight by 0.47%.Thereclassification
andclassificationresultof smoClassifyagreeswith svml ight .

5.2 Testing with benc hmark data

ThesmoLearn programwasalsotestedontwosetsof benchmarks:theUCI Adult benchmarksetandawebclassifica-
tion task.ThesebenchmarkdatacanbedownloadedfromJohnPlatt’swebpagehttp://research.mic ros oft .c om/ ˜jp lat t .
Eachtestsetin thesebenchmarksis in .dstfile format.A descriptionof the.dstformatcanbefoundin theREADME
file atPlatt’s website.ThePythonscript“dst2mySmo.py” convertsthesedatasetsto theformatwhichcanbereadby
smoLearn andsvml ight written by Joachims.Themachineusedin thetestswas“vial”, a Pentium450MHzcomputer
runningLinux in theMcGill computerlab R.105n.Thetestswerealsoconductedon my laptopcomputer, a Pentium
233MHz CPUmachineusingLinux. Thetimingswereaboutdoublethoseobtainedusing“vial”.

5.2.1 The UCI Adult benc hmark data set test results

TheUCI Adult benchmarkhas14 attributeswhich make up a censusform of a household.Eight of the14 attributes
arecategoricalandsix arecontinuous.Thesix continuousattributeswerediscretizedinto quintiles,which thengave
a total of 123 binaryattributes. A SVM wastrainedon thesedataandwasthengiven a censusform for predicting
if thehouseholdearnsmorethan50,000dollars. Thereare9 datasetsin theAdult benchmarkset. Two setsof tests
wereconductedusingthefirst 6 datasetsof theadultbenchmark.Thefirst setof testswereconductedby traininga
linearSVM with C j 0 � 05. Thesecondsetof testswereconductedby traininga GaussianSVM with C j 1, anda
Gaussianvarianceof 10. The testresultsof smoLearn andPlatt’s SMO [13] on theadultbenchmarkareshown in
Tables5.6through5.9. Table5.10comparestheresultsof smoLearn with Platt’spublisheddata.It lists thedeviation
of my resultsfrom Platt’s publishedresults.
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Training smoLearnTime Threshold Non-Bound Bound smoLearn
SetSize CPUsec b SVs SVs Iterations

1605 22 0.884539 41 634 3423
2265 51 1.125423 50 928 4691
3185 108 1.177335 58 1211 6729
4781 286 1.247689 62 1791 8704
6414 526 1.278382 67 2368 11315
11221 1922 1.324703 73 4085 19030

Table5.6: smoLearnfor a linearSVM on theAdult dataset,C j 0 � 05

Training smoLearnTime Threshold Non-Bound Bound smoLearn
SetSize CPUsec b SVs SVs Iterations

1605 18 0.429848 107 585 3198
2265 42 0.295591 166 846 5259
3185 88 0.244956 187 1111 7277
4781 248 0.260752 236 1651 9976
6414 450 0.171952 310 2182 13529
11221 1545 0.089810 489 3720 27114

Table5.7: smoLearnfor aGaussianSVM ontheAdult dataset,C j 1, σ2 = 10

Training Platt’s SMO Time Threshold Non-Bound Bound smoLearn
SetSize CPUsec b SVs SVs Iterations

1605 0.4 0.884999 42 633 3230
2265 0.9 0.12781 47 930 4635
3185 1.8 1.17302 57 1210 6950
4781 3.6 1.24946 63 1791 9847
6414 5.5 1.26737 61 2370 10669
11221 17.0 1.32441 79 4039 17128

Table5.8: Platt’s SMO for a linearSVM on theAdult dataset,C j 0 � 05

Training Platt’s SMO Time Threshold Non-Bound Bound smoLearn
SetSize CPUsec b SVs SVs Iterations

1605 15.8 0.428453 106 585 3349
2265 32.1 0.28563 165 845 5149
3185 66.2 0.243414 181 1115 6773
4781 146.6 0.2599 238 1650 1082
6414 258.8 0.159936 298 2181 14832
11221 781.4 0.0901603 460 3746 25082

Table5.9: Platt’s SMO for aGaussianSVM ontheAdult dataset,C j 1, σ2 = 10
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Testdataname LinearKernel RBFKernel
Difference Percentage Difference Percentage

adult-1a -0.00046 0.05 +0.001395 0.32
adult-2a -0.002387 0.21 +0.009961 3.49
adult-3a +0.004315 0.37 +0.001542 0.63
adult-4a -0.001771 0.14 +0.000852 0.32
adult-5a +0.011012 0.86 +0.012016 7.5
adult-6a +0.000293 0.22 -0.0003503 0.39

Table5.10:Deviationof smoLearn’s resultsfrom Platt’s publishedresultin Adult dataset

Discussionof the testson the adult data set
Thetestswereconductedon a Pentium450MHzCPUmachinerunningLinux. No dot productcachewasemployed
in thesetestsalthoughaversionof theprojectcodesusingdotproductcachewaswrittenandtestedsuccessfullywith
artifical datasetscreatedusingmy demo.py programandan adult-1aandadult-2atestsets.Thedecisionto forego
dotproductcachein testingwith largebenchmarkdatais basedon thefollowing reasons.Dot productcachefor large
datasetof over 3000requiresat least144MBytesof memory. Not many PCsareequippedwith this largeamountof
memory. With thedot productcacheincorporatedinto thecodes,thetime of thetestrun on adult-1ausinga laptop
equippedwith 32 MBytesmemoryis far worsethanthatwithout dot productcache.It took hoursto run on adult-3a
becauseof theconstantmemorypaging.Moreover, theUnix systemfunctionclock()whichwasusedin obtainingthe
CPU time givesvery large numberin CPU time which apparentlyincludesthe disk accesstime during pageswap-
ping. Thesametestswith theversionof thecodes(beforecodefinetuningandaddinganextrahierarchyto thesecond
heuristic)written to incorporatedot productcachewererun on a Celeron300MHz machinewith 64 MBytes. The
timingswere5 secon theadult-1aand18 secon adult-2a.However, theteston adult-3ajumpedto 639secbecause
of thepageswappingproblem.Therestof thedatasetsthentook hoursto run. Dot productcachedoesimprove the
speedby a greatdealprovidedthemachinehasa lot of memory. Doing away with dot productcacheon anordinary
PCmakesmoresense.Also, Platt’s testswererunwithoutany dotproductcache.

Platt’s testswereconductedon anunloaded266MHz PentiumII processorrunningWindows NT4. His codeswere
written in Microsoft’s VisualC++5.0.smoLearn andsmoClassifywerewritten in C andcompiledonagcccompiler
underOpenLinux2.3. As thegoalof theprojectis to make surethat theSMO algorithmis implementedcorrectly,
speedis not a focus in this report. Therearemany issueswhich complicatethe performancecomparison.Apart
from platformsandprocessors,differentoptimizationmethods,fine tuning,datastructuresandsomevariationin the
algorithmcanaffect the performancea greatdeal. At the very beginning of the testingphase,testswererun on a
Pentium233MHz laptop.TheCPUtime whichcoveredtheexecutionof theentireSMO algorithm,includingkernel
evaluationtime (excludingfile I/O time) was96 sec.on adult-1a,247secon adult-2aand462secon adult-3a.After
fine tuning the codes,changingthedot productcalculationsto take advantageof sparsematricesby doing addition
insteadof multiplication,andaddinganotherhierarchyto thesecondheuristicof Platt’s algorithm,theCPUtime on
the laptopwascut down to 46 secon adult-1a,98 secon adult-2aand199 secon adult-3a. Fine tuning the codes
improvesperformancedrastically. However, thechoiceof datastructurescanaffect theperformanceaswell. As men-
tionedin chapter4, thesoftwaredevelopmentof theproject,very simpledatastructures- arrayswerechosento store
all necessarydataandquicksortandbinarysearchwereusedto sort theerrorsof unboundexamplesbecausesimple
datastructuresmakeverifying andtestingtheprogramseasier. A runof smoLearn usingtheutility gprofshowedthat
over 87%of thetime is spentin thedot productcalculations.Thequicksortandbinarysearchesin thecodesaccount
for only about1 to 2%of theCPUtime. Almost 12%of thetime is spentin thecalculateError()functionof thelearn
module.This functionin turncallsthedotProduct()function.Withoutknowing how Plattimplementedhiscodesand
thedatastructuresheused,it is difficult to comparetheperformance,otherthanthebig O performance.

The performanceof the SMO algorithm is in the order betweenO k nn and O k n2 n . Table 5.6 and Table 5.7 show
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WebData ClassLabel ClassLabel fraction(%)OF
Set 1 -1 No. OF Class-1

In Total
web-1a 201 6 2.90
web-2a 276 10 3.50
web-3a 394 14 3.43
web-4a 587 19 3.14
web-5a 805 26 3.13
web-6a 1389 56 3.88

Table5.11:Distribution of exampleswith all featurevaluesequalzerolabelledwith bothclass1 and-1

thatthebig O performanceof theimplementationis asonewouldexpectfrom thealgorithm.

Table5.7 shows a very interestingresult. The performanceof the GaussianSVM on the 6 web testsareonly on
the average1.5 timesslower thanPlatt’s implementation,but theLinear SVM runson the average76 timesslower
thanPlatt’s implementation.ComparingTable5.6 andTable5.7 we seethat theGaussianSVM runsfasterthanthe
linearSVM on smoLearn whereastheGaussianSVM on Platt’s implementationrunsslower thanits linearcounter-
part. An integerarraynonZeroFeature[] is usedto storethenumberof non-zerofeatureeachtrainingexamplehas.
For trainingdatawith binary featurevalues,thedot productof anexamplewith itself is equivalentto thenumberof
non-zerofeaturesthatexamplehas. In orderto save memory, only the id of thenon-zerovaluedfeatureneedsto be
stored.In theGaussiankernelevaluation,thevaluefor theself dot productof anexamplewasreadfrom thenonZe-
roFeature[] array. As pointedoutabove, thedotproductcalculationsdominatethetimeof thewholealgorithm.Any
way to speedup thedot productcalculationswill speedup thealgorithmtremendously. This alsoindicatesthat the
internaldatastructuresusedcanaffect theperformance.

The numberof iterationsdependson the detailson the algorithm implementationas well as on the epsiloncho-
sen.Theepsilonusedin this implementationis themachineepsilon.Thenumberof iterationsdo not seemto affect
therun timea lot.

Thethresholdvalues,b, obtainedin thelinearSVM differ lessthan1% from Platt’s publishedvalues.Thethreshold
values,b, obtainedin theGaussianSVM differ from Platt’s valuesby anaverageof 2.1%.Thenumberof boundand
non-boundsupportvectorsfounddependon theorientationof theseparatingplanewhich is reflectedin thethreshold
valueb. Bothtable5.6andtable5.7show thatthenumberof boundandnon-boundsupportvectorsarecloseto Platt’s
values.

5.2.2 The Web benc hmark data set test results

This benchmarksetcontainstraining datafor a web pagecategorizationandcanbe downloadedfrom JohnPlatt’s
webpagehttp://research.mi cro so ft. com/˜j pl att .

Thedataarein .dstdataformatandthey wereconvertedby thePythonscript“dst2mySmo.py” to thefile formatwhich
canbereadby smoLearn andsvml ight . 300keywordsareusedasbinaryattributesof thewebpagesto betrained.This
benchmarksetdiffers from theadultbenchmarkin having contradictorytrainingexampleswhich have zerosfor all
featuresandwerelabelledbothclass’1’ andclass’-1’. Table5.11shows thedistribution of thesecontradictorycases
in eachof 6 testsetsof theWebbenchmark.Thefraction(%)columnof table5.11representsthefraction(%)of the
exampleswith all featureszerowhicharelabelledclass-1. Tables5.12,5.13,5.14,5.15and5.16show thesmoLearn
resultson thewebtestsets,Platt’s SMO resultsandthedeviationsof smoLearn’s resultsfrom thoseof Platt.

Discussionof the testson the Webdata set
Therearecontradictoryexamplesin thewebdatasets. In this implementation,thecontradictoryexamplesareread
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Training smoLearnTime Threshold Non-Bound Bound smoLearn
SetSize CPUsec b SVs SVs Iterations

2477 19 1.108767 122 44 35301
3470 29 1.138071 148 70 46775
4912 63 1.094352 173 105 68645
7366 155 1.087816 181 170 125051
9888 324 1.078966 204 249 197254
17188 1393 1.029931 228 476 352755

Table5.12:smoLearnfor a linearSVM on theWebdataset,C j 1

Training smoLearnTime Threshold Non-Bound Bound smoLearn
SetSize CPUsec b SVs SVs Iterations

2477 25 0.190476 301 43 13401
3470 54 0.034370 379 68 20181
4912 137 0.017607 466 90 36895
7366 218 0.027240 546 127 40560
9888 431 -0.045497 715 169 50591
17188 1684 -0.190532 969 335 104640

Table5.13:smoLearnfor aGaussianSVM ontheWebdataset,C j 5, σ2 j 10

Training Platt’s SMO Time Threshold Non-Bound Bound smoLearn
SetSize CPUsec b SVs SVs Iterations

2477 2.2 1.08553 123 47 25296
3470 4.9 1.10861 147 72 46830
4912 8.1 1.06354 169 107 66890
7366 12.7 1.07142 194 166 88948
9888 24.7 1.08431 214 245 141538
17188 65.4 1.02703 252 480 268907

Table5.14:Platt’s SMO for a linearSVM on theWebdataset,C j 1

Training Platt’s SMO Time Threshold Non-Bound Bound smoLearn
SetSize CPUsec b SVs SVs Iterations

2477 26.3 0.177057 439 43 10838
3470 44.1 0.0116676 544 66 13975
4912 83.6 -0.0161608 616 90 18978
7366 156.7 -0.0329898 914 125 27492
9888 248.1 -0.0722572 1118 172 29751
17188 581.0 -0.19304 1780 316 42026

Table5.15:Platt’s SMO for aGaussianSVM ontheWebdataset,C j 5, σ2 = 10
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Testdataname LinearKernel Rbf Kernel
Difference Percentage Difference Percentage

web-1a +0.023237 2.14 +0.013419 7.58
web-2a +0.029461 2.66 +0.0227024 194.58
web-3a +0.030812 2.9 +0.0337678 209.5
web-4a +0.016396 1.52 +0.0602298 182.57
web-5a -0.005344 0.49 +0.0267602 37.03
web-6a +0.002901 0.28 +0.002509 1.30

Table5.16:Deviationof smoLearn’s resultsfrom Platt’s publishedresultin Webbenchmark

in togetherwith the restof the examplesandtraining wasdoneusingthosecontradictoryexamples.The examples
labelledasclass1 in the trainingsetwhenthey have zerosfor all the featuresaccountfor anaverageof 3.4%of all
theexampleswith thesamecharacteristics(seeTable5.11). The restof theexampleswith thesamecharacteristics
arelabelledasclass’-1’. We canconsiderthose3.4%aserrors.Normally, this would meanthat thereis deficiency
in the featureextractingmethodandthe trainerhasto revise his/herfeatureextractionmethodin orderto eliminate
thecontradictorycases.He/shemight addadditonalfeaturesfor thosecontradictoryexamples.Themachineshould
bevery generalandleave thefeatureextractionresponsibilityto thetrainer. Otherimplementationsmight handlethe
contradictorycasesdifferently. Without knowing how Platt handledthe contradictorycases,it is hard to compare
smoLearn’s resultswith his. Investigationwasmadeby addingadditionalfeaturesto eliminatethe contradiction.
The resultsarevery muchdifferent from Platt’s data. This is not a correctapproach.A machineshouldnot have
any a priori knowledgeof thedata.Experimentwasconductedby incorporatingthemajority of thosesampleswhich
have all featurevalueszeroandare labelledasclass’-1’ and ignoring the small percentagewhich are labelledas
class’1’. Theresultshows that the trainedSVM is ableto generalizewell in reclassification.Theclosestresultsto
Platt’s which areshown in tables5.12and5.13wereobtainedby training the SVM on the contradictorycases.In
light of theabove,thefollowing discussionwill focusonanalyzingtheresultsratherthancomparingthemwith Platt’s.

Sincethereis alwaysroughly the samesmall percentageof thosecontradictorycasesin all 6 testsets,we canas-
sumethey arenoises.Table5.12shows thatall theexampleswith zerovaluesfor all thefeatureswill beclassifiedas
class’-1’ by thetrainedSVM becausethethresholdsarepositive. Thosesmallpercentagesof contradictoryexamples
labeledasclass’1’ in thetrainingareerrorsandthey areboundsupportvectorsin thetraining. SupportVectorMa-
chinecangeneralizewell whentrainedwith noisydata.

Table5.13 shows a different result from that of the linear SVM. The thresholdb for testsetsweb-5aandweb-6a
arenegative. If we usethosetwo trainedSVMs to classifyexampleswith all featurevalueszero,they will beclas-
sified asclass’1’ even thoughin our training sample,97% of exampleswith this characteristicsarelabelledclass
’-1’ in the training set. If we considerthoseapproximately3% of contradictoryexamplesin the trainingsampleas
noise,thenthisnoiseobscuresthelargerpercentageof examplesin thetraininghaving thesamecharacteristicbut are
labelledclass’-1’. ThetrainedSVM cannotgeneralizewell in thereclassification.

Table5.15shows thatin Platt’sSMOimplementation,thethresholdb becomesnegative in theGaussianSVM starting
from testsetweb-3a.How animplementationof theSVM handlesthecontradictorycaseswill affect theerrorrateof
classificationof theresultingmachine.

Perhapsthemostimmediatequestionwould bewhy it is that the linearSVM behavesdifferently from theGaussian
SVM. Thekernelfunctionis thefunctionof distancethatis usedto determinetheweightof eachtrainingexample.In
a linearkernel,thedistanceis Euclideandistance.A GaussianSVM is equivalentto aRadialBasisFunctionclassifier
[17]. Thedistancefunctionof aRadialBasisfunctionclassifierin my implementatonis

exp� d2 � xi � x �
2σ2

i (5.1)
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wherexi is aninstancefrom thetrainingsetandd k xi x x n is thedistanceof xi from x.

The distancefunction is a Gaussianfunction centeredat xi with somevarianceσ2
i . As the distancebetweenxi

andx increases,thekernelfunctionvaluedecreases.Therearemany waysto implementa RBF classifier. Onecan
find thesetof kernelfunctionsspaceduniformly throughoutthe instancespaceor find theclustersof instancesand
thenput a kernelfunctioncenteredat eachcluster[10]. TheGaussianSVM in this implementationis equivalentto
a radialbasisfunctionclassifierbecauseit usesequation5.1. TheSVM finds thesupportvectorswhich areusedas
centersfor thekernelfunctions.Eachkernelfunctionhasthesamevariance.This implementationof SVM includes
thosecontradictorycasesin the training andthesecaseswill alwaysbe errorsandbe boundsupportvectors. In a
GaussianSVM, theseerrorsbecomethecentersof thekernelfunctions.If thedistribution of instancesin thetraining
sampleclusterscloselyto thecontradictoryinstances,thenthosesupportvectorswill exert moreweightsandaffect
the classificationerror rate. In the caseof web-5aandweb-6a,even thougha big percentageof exampleswith all
their featureszerosarelabelledclass’-1’ in thetrainingsample,they will beclassifyasclass1 in thereclassifcation
(classificationwith thetrainingsample).



I think andthink for monthsandyears. Ninety-
ninetimes,theconclusionis false.Thehundredth
time I amright.

— Albert Einstein,1879-1955—

Conclusion

Thetestresultsusingtheartificial dataandbenchmarksshow that the implementationof a SupportVectorMachine
throughSequentialMinimal Optimizationalgorithmhasbeencarriedout correctly. Therearemany issuesarising
during the implementation,issuessuchasperformance,optimization,handlingof contradictorycasesin training a
benchmark.Perhapsthemostimportantresultof this projectwastheunderstandinggainedthroughtheimplementa-
tion.

Differentlearningalgorithmshavedifferentwaysto handleexampleswith all their featureszeroaswell asthecontra-
dictorycases.Sincetheunderlyingstructureof SVM involvessolvingakernelmatrixproblem,thedecisionwasmade
to incorporatetheexampleswhich have all their featurevalueszeroandlet thekernelmatrix besemidefinite.There
aretwo issueshere. Thefirst issueis to allow thekernelmatrix to besemidefinite.Supportvectormachinetrained
with asemidefinitekernelis ableto generalizewell. Thesecondissueis to train theSVM with thecontradictorycases
included. The resultshows that specialcarehasto be taken to dealwith suchcases.They representthe boundary
betweentwo classes.Table8 shows thatdependingonhow theimplementationhandlesthecontradictorycases,large
classificationerrorscouldresult.

A dot productcachedoesimprove the performanceof the SMO algorithm. However onehasto weigh the benefit
againstthe large amountof memoryrequired.svml ight usescachein its implementationandtraining svml ight on the
Gaussiankernelusingdatafrom web-3atookhoursonmy laptopwith only 32MB. TrainingaGaussianSVM on the
Webbenchmarkswithout a dot productcacheon my laptopwith smoLearn took from 60 secfor web-1ato 919sec
for web-5a.Sincemostpersonalcomputersdonothavea lot of memory, improving theperformanceof thealgorithm
throughcodeoptimization,modificationof theheuristicusedin choosingthesecondexamplefor joint optimization,
optimizationof thedotproductcalculationanderrorupdatingin theimplementationaremoremeaningful.

smoLearn hasproved to be very robust. A 2-dimensionalartificial dataset which hasa very closemargin and
canbelinearlyseparatedwith errors(seesection5.1,testwith testFile21) wasdesignedandtestedwith bothsvml ight

andsmoLearn usinga C parameterof 4.5. smoLearn ranthroughthetrainingin lessthan1 secondwith 26 correct
and7 incorrectin reclassifcationand100%correctonclassificationwith thetestdata.svml ight did notrunconsistently.
On someoccasionsit keptoscillatingandthealgorithmranvery slowly anddid notevenstop.

SinceSMOis a trainingalgorithm,mostof thetestsweredoneon thetrainingpartof thesoftwaresmoLearn andthe
benchmarktestsverify thecorrectnessof theprogram.Theclassificationpartof thesoftware,smoClassify, wasdone
on artificial dataonly. More investigationinto speedingup theclassificationcanbedonein thefuture.
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Currentlya lot of researchersusesvml ight for their researchworks. You might askwhy oneshouldgo throughthe
troubleof implementinghis/herown SVM whenonecandownloada freepackagefrom thewebsiteof svml ight . My
experienceof this projectconvincesmethat thebenefitof implementingone’s own SVM far outweighsthetime and
effort investedin theimplementation.

SVM is still a relatively new subject. Books on SVM just startedto appearin 1999. Still, a lot of work, both
theoreticalandpracticalneedsto bedonein SVM. SVM is very mathematicallyinvolved. Thereis no betterway to
gaina betterunderstandingof all themathematicsandtheorybehindSVM thanto learnthroughtheimplementation
andexperimentation.Moreover, therearecaseswhensvml ight fails to function properlywhile my implementation
proceedswithoutproblemsandgivesgoodclassificationresults.Anotherimportantadvantageof implementingone’s
own SVM is theability to customizecodesto specificapplications.SVM implementedusingtheSMO algorithmhas
provento beveryefficient in applicationswhichusesparsematrices[4]. If thesoftwareonedownloadsdoesnothave
gooddocumentation,thenit is very hardto customizethecodesto one’s need.Thereis alsotheadvantageof being
ableto maintain,improve one’s implementationandexperimentwith ideasasonegainsmoreknowledgein SVM.
Themostattractive partof theSMO algorithmis its ability to do awaywith theneedfor QuadraticProgrammingand
still givegoodperformance.
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Thegeneralequationof aplanein d dimensionsis

w � x � k

wherew is thenormalto thehyperplane,andx is ad � 1 vector, andk is ascalarconstant.�
k
��

w
� is theminimumdistancefrom theorigin to theplane.

Thefollowing areasummaryfrom thebook“Introductionto operationsresearch”by EikerJ,andKuperferschmidM.
(1988)

Matrices

x is ad-dimensionalvector.
f   x ¡ is ascalar-valuedfunctionof x.
Thederivative or gradientof f with respectto x is

∇ f   x ¡�� gradf   x ¡&� ∂ f   x ¡
∂x

�
¢££££££££¤ ∂ f ¥ x ¦

∂x1
∂ f ¥ x ¦
∂x2���

∂ f ¥ x ¦
∂xd

§a¨¨¨¨¨¨¨¨©Xª
TheHessianmatrixH   x ¡ is definedasfollows:

H   x ¡��
¢£££££££££¤

∂2 f ¥ x ¦
∂x2

1

∂2 f ¥ x ¦
∂x1∂x2

� ∂2 f ¥ x ¦
∂x1∂xn

∂2 f ¥ x ¦
∂x2∂x1

∂2 f ¥ x ¦
∂x2

2
� ∂2 f ¥ x ¦
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� ∂2 f ¥ x ¦
∂x2

n

§a¨¨¨¨¨¨¨¨¨© ª



Mathematics Review 75

A matrixM is any n � n matrixandz is avectorof lengthn:
M is positive definite «¬ zTMz is ® 0, ¯ z °� 0
M is positive semidefinite «±¬ zTMz is ² 0, ¯ z °� 0
M is negative definite «±¬ zTMz is ³ 0, ¯ z °� 0
M is negative semidefinite «¬ zTMz is ´ 0, ¯ z °� 0

x is astationarypoint of f   x ¡ if ∂ f ¥ x ¦
∂x � 0

If x is astationarypointof f   x ¡ , then:
H   x ¡ is positive definite µ2¶ x is astrict minimizingpoint
H   x ¡ is positive semidefinitē x in someneighborhoodof x µ�¶ x is astrict minimizingpoint
x is aminimizingpoint µ2¶ H   x ¡ is positive semidefinite

H   x ¡ is negative definite µ�¶ x is astrict maximizingpoint
H   x ¡ is negative semidefinitē x in someneighborhoodof x µ2¶ x is astrict maximizingpoint
x is amaximizingpoint µ2¶ H   x ¡ is negativesemidefinite

The LagrangeMultiplier Theorem

Givenanonlinearprogrammingproblem
minimize f   x ¡ x · Rn

subjectto

gi   x ¡A� 0 , i � 1 ¸ ª�ª�ª ¸ mª
If x is thelocalminimizingpoint for thenonlinearprogrammingproblem,andn ® m
andgi have continuousfirst partialderivativeswith respectto thexi ,
andthe∇gi   x ¡ arelinearly independentvectors,
thenthereis a vectorλ �T¹ λ1 ¸ λ2 ¸ ª�ª�ª ¸ λmº T suchthat

∇ f   x ¡'» m

∑
i ¼ 1

λi∇gi   x ¡�� 0 ª
Thenumbersλi arecalledLagrangemultipliersandthey canbepositive,negative or zero.

Solving equality constrainednonlinear program by the LagrangeMultiplier Theorem

1. FormtheLagrangianfunction

L   x ¸ λ ¡A� f   x ¡Q» m

∑
i ¼ 1

λigi   x ¡
2. Convert theconstrainedoptimizationinto anunconstrainedproblemof finding theextremumof L   x ¸ λ ¡ by taking
thederivatives

∂L   x ¸ λ ¡
∂λi

� gi   x ¡�� 0 ¸ i=1,.. . ,m,

∂L   x ¸ λ ¡
∂x j

� 0 ¸ j = 1, . . . , n.

Inequality-constrained non-linear problem
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Wewantto ignoretheinactiveconstraintsin theLagrangianequationandconvert theproblemto anequalityproblem.

L   x ¸ λ ¡�� f   x ¡'» m

∑
i ¼ 1

λigi   x ¡ ªWe canexcludeinactive constraintsby requiringtheLagrangemultipliers correspondingto that slackinequalitybe
zero.
We want λi to be zerowhengi   x ¡½°� 0 andλi to be non-zerowhengi   x ¡ is zerowherex is the optimal point. The
following orthogonalityconditioncanensurethat theLagrangianfunctionwill ignoreinactive constraintsandincor-
portateactive onesasif they wereequalitiyones.Theorthogonalityconditionis:

λigi   x ¡A� 0 ªλ is orthogonalto g   x ¡ .
Enforcingtheorthogonalityconditionensuresthat theLagrangianfunctionL ignoresinactive constraintsandincor-
porateactive onesasif they wereequalities.Now theLagrangianfunction for an inequality-constrained problemis
indistinguishablefrom thatfor anequivalentequality-constrained probleminvolving only activeconstraints.However
now theLagrangemultipliersmustbe ® 0 at a minimizing point if a constraintqualificationholdsfor aninequality-
constrainedproblem.All theseconditionsfor a systemof nonlinearequationsandinequalitiesconstraintsarecalled
theKarush-Kuhn-Tucker conditions.

The Karush-K uhn-Tucker (KKT) Conditions

Giventhecanonicalform of a nonlinearprogrammingproblem
minimize f   x ¡ , x · Rn

subjectto

gi   x ¡"´ 0 i = 1,.. . ,m.

If theLagrangianfunctionis givenby

L   x ¸ λ ¡A� f   x ¡Q» m

∑
i ¼ 1

λigi   x ¡
thentheKKT conditionsfor theproblemare:

∂L
∂xj
� 0 j � 1 ¸ ª�ª�ª ¸ n gradient condition

λigi   x ¡A� 0 i � 1 ¸ ª�ª�ª ¸ m orthogonality condition
gi   x ¡_´ 0 i � 1 ¸ ª�ª�ª ¸ m feasibility condition
λi ² 0 i � 1 ¸ ª�ª�ª ¸ m nonnegativity

TheKKT conditionsaretheconditionsthatareusedto solve problemswith inequalityconstraints.

How to tell if apoint   x ¸ λ ¡ whichsatisfiestheKKT conditionis amaximum,minimumor neither?
Convexity canbeusedto decideif aKKT point is aminimizingpointor not.

Convex functions

A function f is convex iff for all choicesof pointsx1 andx2

f   αx1 ».  1 µ α ¡ x2 ¡&´ α f   x1 ¡'»¾  1 µ α ¡ f   x2 ¡
for all α satisfying0 ´ α ´ 1
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A function f is strictly convex if eachof the inequalitiesin the precedingdefinition is a strict inequality. A func-
tion is concave if µ f is a convex function.

Wecanusedefinitenessof theHessianMatrix to testfor convexity of a function.
H   x ¡ is positive semidefinitē valuesof x «±¬ f   x ¡ is aconvex function.

H   x ¡ is positive definite ¯ valuesof x ¶ f   x ¡ is astrictly convex function.

If a functionis convex, thenthestationarypointmustbea minimizingpoint.
If we addthe requirementthat the objective andconstraintfunctionsbe convex functions,thenthe solutionof the
KKT conditiongivestheglobalminimizingpoint. KKT Theoremsumsup thenecessaryandsufficient conditionsfor
a local minimizingpoint to bea globalminima.

KKT Theorem

Giventhecanonicalform nonlinearprogrammingproblem
minimize f   x ¡ , x · Rn

subjectto
gi   x ¡"´ 0 i = 1,...,m.

Thenecessaryconditionsfor a localminimizingpoint to satisfyKKT conditionare:
if ¿

f , gi aredifferentiable, i = 1,...,m.
¿

x is a local minimizingpoint,and
¿

aconstraintqualificationholds

then
thereis avectorλ suchthat   x ¸ λ ¡ satisfiestheKKT conditions;

Thesufficient conditionsfor apointsatisfyingKKT conditionto beaglobalminimizingpoint are:
if ¿   x ¸ λ ¡ satisfiestheKKT conditions

¿
f , gi areconvex functions, i = 1,...,m

then
x is aglobalminimizingpoint.

The KKT Method for solving inequality-constrained non-linear programming problems

1) FormtheLagrangianfunction

L   x ¸ λ ¡A� f   x ¡Q» m

∑
i ¼ 1

λigi   x ¡
2) Findall solutions   x ¸ λ ¡ to thefollowing systemsof nonlinearalgebraicequationsandinequalities

∂L
∂xj
� 0 j � 1 ¸ ª�ª�ª ¸ n gradient condition

gi   x ¡_´ 0 i � 1 ¸ ª�ª�ª ¸ m feasibility
λigi   x ¡A� 0 i � 1 ¸ ª�ª�ª ¸ m orthogonality
λi ² 0 i � 1 ¸ ª�ª�ª ¸ m nonnegativity
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3) If f andgi   x ¡ areall convex, thenthepointsx areglobalminimizingpoints.
Otherwiseexamineeach   x ¸ λ ¡ to seeif x is aminimizingpoint.



demo.py

demo.pyis aninteractive pythonprogramfor demonstratingSVM andfor testingtheprogramssmoLearn andsmo-
Classify. Thefollowing is a brief descriptionof theuseof theprogram.FigureB.1 shows thedemonstrationwindow
of theprogram.

Training:

1. Selecttheposor negradiobutton.
Clicking on thecanvaswith the left mousebuttonwill createa trainingpoint with the labelof +1 if pos is se-
lected,-1 if negis selected.Positivepointsarerepresentedby filled bluecircles.Negativepointsarerepresented
by opencircles.

2. Click ontheCREATE TRAINING FILE buttonto openadialogwindow for inputtingthenameof thetraining
file.

3. Click on theTRAIN buttonto opena learningwindow similar to theonein Figure4.6.

4. Selectthekerneltypeandinput theC parameterandotherparametersaccordingto thetypeof kernelselected.
Input themodelfile name.

5. Click on theOK buttonto starttraining.Trainingresultsaredisplayedon thecanvasat theendof thetraining.
Margin supportvectorsarecircledwith blackcircles.Boundsupportvectorsarecircledwith redcircles.If the
kerneltypeis linear, theoptimalseparatingline, theline joining thepositivemargin supportvectorsandtheline
joining thenegative margin supportvectorsaredisplayedaswell. For the polynomialkernel,theuserhasto
click on thePLOT buttonto have thecorrespondinglinesdisplayed.

Additional options:¿
A usercanalsoclick on the LOAD EXISTING TRAINING FILE button to load an existing training file,
whichwascreatedby thisdemo.pyprogrambefore.

¿
Clicking on theCREATE POSTSCRIPTbuttonwill createapostscriptfile of whatis shown on thecanvas.

Classification:

1. Selecttheclassifypositive or classifynegative radiobutton. Clicking with theleft mousebuttonwill createa
point labelledwith +1 if classifypositive is selectedandapoint labelledwith -1 if classifynegative is selected.
Thepositive pointsarerepresentedby filled yellow circlesandthenegative onesby filled greencircles.
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FigureB.1: Demonstrationwindow of theprogramdemo.py



demo.p y 81

2. Clicking on theCREATE CLASSIFY FILE will openadialogwindow for inputtingthetestfile name.

3. Clicking on the CLASSIFY button will opena dialog window for inputting the nameof the predictionfile
name.Clicking theOK buttonin thedialogwindow will starttheclassification.

At the endof the classification,the pointswhich areclassifiedaspositive will be marked by yellow circles
andthoseclassifiednegative by greencircles.
Note: Themodelfile is themodelfile whichhasbeencreatedaftera trainingwith thetrainingpointswhichare
presentlyon thecanvas.

Clicking on theQUIT buttonwill closethedemonstrationwindow.
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À�Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á
smoLearn.c

Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á
Purpose:To build an svmbasedon the given training data and the

selectedkernel function.

Notes:This program is composedof the following modules:
smoLearn.c- main program module
initializeTraining.c - read training data and initialize data structures
learn.c - build an svmbasedon the given training data using

the SMO algo. 10
utility.c - provide functionsfor the learning process.
result.c- writing the training file in a modelfile

Programmer:Ginny Mak
Location: Montreal, Canada.
Last Updated:April 6, 2000.Á	Á	À
#include Ã stdio.h Ä 20
#include Ã stdlib.h Ä
#include Ã time.h Ä
#include Ã ctype.h Ä
#include Ã float.h Ä
#include Ã getopt.h Ä
#include "initializeTraining.h"
#include "learn.h"
#include "result.h"

30
#define DEFAULT 4.5
#define EPSDBL EPSILON
#define OPTSTRING"t:c:b:d:v:h"

char usage[ ] =
"\n\
General options:\n\
[-h] help (this description of command line args)\n\
[-b] Specify nature of feature value. 0 for nonbinary. 1 for binary \n\
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Default is 0.\n\ 40
\n\
Required options:\n\
[-t] type of kernel,0 for linear, 1 for polynomial, 2 for RBF\n\
[-c] c parameter\n\
[-d] degree of polynomial is needed if option [-t] is 1\n\
[-v] variance of RBF function is need if option [-t] is 2\n\
\n" ;

void useMsg( char
Á
progname) Å 50

fprintf( stderr, "\nUse: %s options\n" , progname);
fprintf(stderr, "%s" , usage);Æ

int main( int argc, char
Á	Á

argv )Å
char

Á
progname= argv[0];

FILE
Á
in ,

Á
out;

char opt; 60
int i, j;
double startTime;

C = 0;
kernelType = Ç 1;
degree = 0;
sigmaSqr= 0;
binaryFeature= 0;À�Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ

70

Check commandline options.Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ�À
optarg = NULL ;
while (((opt = getopt(argc, argv, OPTSTRING)) != Ç 1)) Å

switch(opt) Å
case 't' :

if ( strcmp(optarg, "0" ) == 0 )
kernelType = 0; 80

else if ( strcmp(optarg, "1" ) == 0 )
kernelType = 1;

else if ( strcmp(optarg, "2" ) == 0 )
kernelType = 2;

else Å
fprintf( stderr, "kernel type is either 0,1 or 2\n" );
exit(1);Æ

break;
case 'c' : 90

if ( sscanf(optarg, "%f" , &C) == 0 ) Å
fprintf(stderr,"Expect a positive number for C.\n" );
exit(1);Æ

else
C = atof(optarg);

if ( C Ã = 0 ) Å
fprintf( stderr, "C has to be > 0\n" );
exit(1);Æ

100
break;

case 'd' :
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if ( sscanf(optarg, "%d" , &degree) == 0 ) Å
fprintf( stderr, "Expect degree to be a positive integer.\n" );
exit(1);Æ

else
degree = atoi(optarg);

if ( degree Ã = 0 ) Å
fprintf( stderr, "degree has to be a positive integer.\n" ); 110
exit(1);Æ

break;
case 'v' :

if ( sscanf(optarg, "%f" , &sigmaSqr) == 0 ) Å
fprintf(stderr,"Expect a positive number for variance.\n" );
exit(1);Æ

else
sigmaSqr= atof(optarg); 120

if ( sigmaSqr Ã = 0 ) Å
fprintf( stderr, "variance has to be > 0\n" );
exit(1);Æ

rbfConstant= 1
À
(2
Á
sigmaSqr);

break;
case 'b' :

if ( sscanf(optarg, "%d" , &binaryFeature) == 0 ) Å
fprintf( stderr, "binaryFeature option is either 0 or 1.\n" );
exit(1); 130Æ

else
binaryFeature= atoi(optarg);

if ( binaryFeature!= 0 && binaryFeature!= 1 ) Å
fprintf( stderr, "binaryFeature option is either 0 or 1.\n" );
exit(1);Æ

break;
case 'h' :

useMsg( progname); 140
exit(1);
break;

default:
useMsg( progname);
exit(1);
break;ÆÆÀ�Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á

150

Check all necessaryparameters are inÁ�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á�À
if ( kernelType == Ç 1 ) Å

fprintf( stderr, "Kernel type has not been specified.\n" );
exit(2);Æ

else if ( kernelType == 1 && degree== 0 ) Å
fprintf( stderr, "Degree has not been specified.\n" ); 160
exit(2);Æ

else if ( kernelType == 2 && sigmaSqr== 0 ) Å
fprintf( stderr, "Variance has not been specified.\n" );
exit(2);
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else if ( C == 0 )

C = DEFAULT;À�Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á
170

Check training file and modelfileÁ�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á�À
if (( in = fopen( argv[argcÇ 2], "r" ) ) == NULL ) Å

fprintf( stderr, "Can't open %s\n" , argv[argcÇ 2] );
exit(2);Æ

if (( out = fopen( argv[argcÇ 1], "w" ) ) == NULL ) Å
fprintf( stderr, "Can't open %s\n" , argv[argcÇ 1] ); 180
exit(2);Æ

printf("smo_learn is preparing to learn. . .\n" );
if ( ! readFile( in ) ) Å

fprintf( stderr, "Error in initializing. Program exits.\n" );
exit (1);Æ

else
fclose( in ); 190

if ( !initializeTraining()) Å
fprintf( stderr, "Error in initializing data structure. Program exits.\n" );
exit(1);Æ

printf("Start training . . .\n" );
startTime = clock()

À
CLOCKS PER SEC;

startLearn();
printf("Training is completed\n" ); 200À�Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ

Print training statistics.Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á�À
printf("CPU time is %f secs\n" , clock()

À
CLOCKS PER SEC Ç startTime);

printf("Writing training results . . .\n" );
writeModel( out );
fclose( out ); 210
printf("Finish writing training results.\n" );
printf("no of iteration is %f\n" , iteration);
printf("threshold b is %f\n" , getb());
if ( kernelType == 0 )

printf("norm of weight vector is %f\n" , calculateNorm());
printf("no. of unBound multipliers is %d\n" , unBoundSv);
printf("no. of bounded multipliers is %d\n" , boundSv);À�Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�Á

220
Free memoryÁ�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á�À

free( target );
free( lambda);
free( nonZeroFeature);
free( error );
free( nonBound);
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free( weight );
free( unBoundIndex ); 230
free( nonZeroLambda);
for( i = 0; i Ã = numExample; i++ ) Å

free( example[i] );Æ
free( example );
free( errorCache);

return 0;ÆÀ�Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á�Á�Á	ÁÂÁ
initializeTraining.h

Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á
Purpose:Header for data structure initializing module.
Notes:None.

Programmer:Ginny Mak
Location: Montreal, Canada.
Last Updated:April 6, 2000.Á	Á	À

10À�Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á�Á�Á	ÁÂÁ
Public definesand data structure

Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á�À
typedef struct featureÅ

int id;
float value;Æ
Feature;

typedef struct feature
Á

FeaturePtr;

FeaturePtr
Á�Á

example; 20

int
Á
target;

double
Á
lambda;

int
Á
nonZeroFeature;

double
Á
error;

int
Á
nonBound;

double
Á
weight;

int numExample;
int maxFeature;
int numNonBound; 30
int
Á
unBoundIndex;

int dataSetSize;
int
Á
errorCache;

int
Á
nonZeroLambda;À�Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á

Public Functions
Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á	À

extern int readFile( FILE
Á
in ); 40

extern int initializeTraining( void );À�Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á
initializeTraining.c

Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	ÁÂÁ
Purpose:Initialize all data structures for training by reading information

from the training data file.

Notes: It is assumedthat each line of input training file has a maximumof
10000characters.
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Programmer:Ginny Mak
Location: Montreal, Canada. 10
Last Updated:April 6, 2000.Á	Á	À
#include Ã stdio.h Ä
#include Ã stdlib.h Ä
#include Ã limits.h Ä
#include Ã math.h Ä
#include Ã float.h Ä
#include "initializeTraining.h" 20À�Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á�Á�Á

Private Definesand Data Structures
Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�À

#define DATATEMP1 10000
#define DATATEMP2 1000
#define EPSDBL EPSILON
#define MAXLINE LONG MAX

static int exampleIndex; 30
static int featureIndex;À�Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á

Declared Functions
Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á�Á�Á	À

static double dotProduct( FeaturePtr
Á
x, int sizeX, FeaturePtr

Á
y, int sizeY );

static int initializeDate( int size );À�Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á
Private Functions

Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�À
40À�Á

FN
Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á

int initializeData ( int size )
Returns:int – Fail(0) on error, Succeed(1)otherwise.
Purpose:To initialize data structures for training.
Notes:None.Á	Á	À
static int initializeData( int size )Å 50

example = (FeaturePtr
Á�Á

) malloc( size
Á

sizeof( FeaturePtr
Á

) );
if ( example == NULL ) Å

fprintf( stderr, "Memory allocation failed.\n" );
return 0;Æ

target = (int
Á
) malloc( size

Á
sizeof( int ) );

if ( target == NULL ) Å
fprintf( stderr, "Memory allocation failed.\n" );

return 0; 60Æ
nonZeroFeature= (int

Á
) malloc( size

Á
sizeof( int ) );

if ( nonZeroFeature== NULL ) Å
fprintf( stderr, "Memory allocation failed.\n" );
return 0;Æ

error = (double
Á
) malloc( size

Á
sizeof( double ) );

if ( error == NULL ) Å
fprintf( stderr, "Memory allocation failed.\n" );
return 0; 70
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return 1;ÆÀ�Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	Á

Public Functions
Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á	ÁÂÁ	Á	Á�ÀÀ�Á

FN
Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á

int readFile( FILE
Á
in ) 80

Returns:int – Fail(0) on error, Succeed(1)otherwise.
Purpose:This function readsthe training file to extract the class,the

id
À
value pairs of features of each example.

Data Structures are initialized to store theseinformations
for the training process.

Notes: It is assumedthat the sizeof each line of the feature
descriptionof data is not more than 10000characters long and
the training file has beenopenedsuccessfullyfor reading.Á	Á	À

90
int readFile( FILE

Á
in )Å

char temp[DATATEMP1];
char temp2[DATATEMP2];
char label[DATATEMP1];
int numFeature;
int i,j, specialIndex;
int lineCount;
int idValue;
double featureValue; 100
char c;
extern int maxFeature;
extern int numExample;
int numZeroFeature= 0;

lineCount = 0;
dataSetSize= 0;À�Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	Á

Estimatethe numberof examples. 110Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á	À
while (fgets(temp, MAXLINE , in ) != NULL )

dataSetSize++;

dataSetSize++;
rewind ( in );

if ( !initializeData( dataSetSize) ) Å
fprintf( stderr, "Error in initializing data\n" ); 120
return 0;Æ

numExample= 0; exampleIndex = 0;
maxFeature= 0;
printf("Reading training file . . .\n" );
while( ( c = getc(in) ) != EOF ) ÅÀ�Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	Á

Ignore commentand blank lines 130Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á	À
while( c == '#' È�È c == '\n' ) Å
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if ( c == '#' ) Å
while( ( c = getc(in) ) != '\n' )

;Æ
if ( c == '\n' )

c = getc( in );Æ
140

if ( c == EOF )
break;ÀÂÁ	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á

Readone line of descriptioonÁ�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	À
else Å

exampleIndex++; 150
i = 0; numFeature= 0;
temp[i] = c; i++;
while( ( c = getc(in) ) != '\n' ) Å

temp[i] = c; i++;
if ( c == ':' )

numFeature++;Æ
temp[i] = '\0' ;
lineCount++;ÀÂÁ	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á

160

Each line shouldstart with a class label.Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	Á�À
j = 0;
while ( temp[j] != ' ' ) Å

label[j] = temp[j]; j++;Æ
label[j] = '\0' ;
if ( atoi(label) != 1 && atoi(label) != Ç 1 ) Å 170

fprintf( stderr, "Expect a class label in line %d\n" , lineCount);
return 0;Æ

numExample++;
nonZeroFeature[exampleIndex] = numFeature;

if ( numFeature!= 0 ) Å
example[exampleIndex] = (FeaturePtr

Á
)malloc( numFeature

Á
sizeof( FeaturePtr) );

if ( example[exampleIndex] == NULL ) Å 180
fprintf( stderr, "Memory allocation failed\n" );
return 0;Æ

for (j = 0; j Ã numFeature; j++) Å
example[exampleIndex][j] = (FeaturePtr) malloc (sizeof(struct feature));
if ( example[exampleIndex][j] == NULL ) Å

fprintf( stderr, "Memory allocation failed\n" );
return 0;Æ

190ÆÆ
else ÅÀ�Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á

We haveexamplewith all the features zero. We just
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record their numberof nonzero feature as zero.Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ�À
example[exampleIndex] = (FeaturePtr

Á
)malloc( sizeof( FeaturePtr) ); 200

if ( example[exampleIndex] == NULL ) Å
fprintf( stderr, "Memory allocation failed\n" );
return 0;Æ

example[exampleIndex][0] = (FeaturePtr)malloc( sizeof(struct feature) );
if ( example[exampleIndex][0] == NULL ) Å

fprintf( stderr, "Memory allocation failed\n" );
return 0;Æ

nonZeroFeature[exampleIndex] = 0; 210ÆÀÂÁ	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ
Extract the class label of the example.Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á�À

i = 0;
while( temp[i] != ' ' ) Å

temp2[i] = temp[i]; i++; 220Æ
temp2[i] = '\0' ;
target[exampleIndex] = atoi( temp2 );
error[exampleIndex] = 0 Ç target[exampleIndex];
i++;

if ( numFeature!= 0 ) ÅÀ�Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ
Extract and store the feature id

À
value pairs. 230Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á	À

featureIndex = 0;
while( temp[i] != '\0' ) Å

j = 0;
while( temp[i] != ':' ) Å

temp2[j] = temp[i];
i++; j++;Æ

temp2[j] = '\0' ; 240
if ( sscanf( temp2, "%d" , &idValue) == 0 ) Å

fprintf( stderr, "Expect an integer for id in line %d\n" , lineCount);
return 0;Æ

example[exampleIndex][featureIndex] Ç�Ä id = atoi( temp2 );
j = 0; i++;
while( temp[i] != ' ' && temp[i] != '\0' ) Å

temp2[j] = temp[i];
i++; j++;Æ

250
temp2[j] = '\0' ;
if ( sscanf( temp2, "%f" , &featureValue) == 0 ) Å

fprintf( stderr, "Expect a real number for feature value in line %d\n" , lineCount );
return 0;Æ

if ( fabs(atof( temp2 )) Ä EPS ) Å
example[exampleIndex][featureIndex] ÇQÄ value = atof( temp2 );
featureIndex++;Æ
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end while not end of line

Á�À
260À�Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	Á

Update the numberof nonzero features of the example
and the largest feature id found so far for all the
examplesread.Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ�À

nonZeroFeature[exampleIndex] = featureIndex;
if ( example[exampleIndex][featureIndex Ç 1] ÇQÄ id Ä maxFeature) 270

maxFeature= example[exampleIndex][featureIndex Ç 1] Ç�Ä id;ÆÆÊÀ�Á
end else

Á�ÀÆÊÀ�Á
end while not EOF

Á	À
printf("Finish reading training file.\n" );
return 1;ÆÀ�Á
FN
Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á

280

int initializeTraining( void )
Returns:int – Fail(0), on error Succeed(1)otherwise.
Purpose:To initialize dpCache, weight vector, thresholdb, lambda,and nonBoundarrays.
Notes:None.Á	Á	À
int initializeTraining( void )Å

int i, j; 290

printf("Initializing data structures . . .\n" );
weight = (double

Á
) malloc( (maxFeature+1)

Á
sizeof(double) );

if ( weight == NULL ) Å
fprintf( stderr, "Memory allocation failed.\n" );
return 0;Æ

for ( i = 1; i Ã = maxFeature; i++ )
weight[i] = 0;

300
lambda= (double

Á
) malloc( (numExample+1)

Á
sizeof(double) );

if ( lambda== NULL ) Å
fprintf( stderr, "Memory allocation failed.\n" );
return 0;Æ

for( i = 1; i Ã = numExample; i++ )
lambda[i] = 0;

nonBound= (int
Á
) malloc( (numExample+1)

Á
sizeof(int ) );

if ( nonBound== NULL ) Å 310
fprintf( stderr, "Memory allocation failed.\n" );
return 0;Æ

for ( i = 1; i Ã = numExample; i++ )
nonBound[i] = 0;

numNonBound= 0;

unBoundIndex = (int
Á
) malloc( numExample

Á
sizeof( int ) );

if ( unBoundIndex == NULL ) Å
fprintf( stderr, "Memory allocation failed.\n" ); 320
return 0;Æ
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errorCache= (int
Á
) malloc( numExample

Á
sizeof(int ) );

if ( errorCache== NULL ) Å
fprintf( stderr, "Memory allocation failed.\n" );
return 0;Æ

nonZeroLambda= (int
Á
) malloc( numExample

Á
sizeof(int ) ); 330

if ( nonZeroLambda== NULL ) Å
fprintf( stderr, "Memory allocation failed.\n" );
return 0;Æ

printf("Finish initializing data structures.\n" );
return 1;Æ
À�Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ

learn.h
Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á

Purpose:The headerfile for modulelearn.c
Notes:None.

Programmer:Ginny Mak
Location: Montreal, Canada.
Last Updated:April 6, 2000.Á	Á	À

10

double C ;
double b;
int degree ;
int kernelType ;
double sigmaSqr;
double rbfConstant;
double iteration;
double totalIteration; 20
int binaryFeature;À�Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	Á

Public Functions
Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�À

extern void startLearn( void );À�Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á
learn.c

Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á
Purpose:To learn from the given training examples.
Notes:None.

Programmer:Ginny Mak
Location: Montreal, Canada.
Last Updated:April 6, 2000.Á	Á	À

10

#include Ã stdio.h Ä
#include Ã stdlib.h Ä
#include Ã float.h Ä
#include Ã math.h Ä
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#include Ã time.h Ä
#include Ã limits.h Ä
#include Ã ctype.h Ä
#include "initializeTraining.h" 20
#include "utility.h"
#include "learn.h"À�Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á

Private definesand data structures
Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	ÁÂÁ�À

#define MAX (X, Y) ((X) Ä (Y) ?(X) : (Y))
#define MIN (X, Y) ((X) Ã (Y) ?(X) : (Y))
#define TOL 0.001
#define EPSDBL EPSILON
#define MAXNUM DBL MAX 30

static double lambda1;
static double lambda2;
static double E1;
static int unBoundPtr= Ç 1 ;
static int errorPtr= Ç 1;
static int unBounde1= 0;
static int unBounde2= 0;
static int numNonZeroLambda= 0;
static int lambdaPtr= Ç 1; 40À�Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	Á

Declared Functions
Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	À

static double dotProduct( FeaturePtr
Á
x, int sizeX, FeaturePtr

Á
y, int sizeY );

static double calculateError( int n );
static int takeStep( int e1, int e2 );
static int examineExample( int e1 );

50À�Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ
Private Functions

Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á	ÀÀ�Á
FN
Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á

doubledotProduct( FeaturePtr
Á
x, int sizeX,FeaturePtr

Á
y, int sizeY)

Returns:the dot product of two given vectors
Purpose:Calculate the dot product of two given data vectors.
Note: This function doesnot change the passedargument.Á	Á	À
static double dotProduct( FeaturePtr

Á
x, int sizeX, FeaturePtr

Á
y, int sizeY ) 60Å

int num1, num2, a1, a2;
int p1 = 0; int p2 = 0;
double dot = 0;

if ( sizeX == 0 È�È sizeY == 0 )
return 0;

if ( binaryFeature== 0 ) Å
num1 = sizeX; num2 = sizeY;
while( p1 Ã num1 && p2 Ã num2 ) Å 70

a1 = x[p1] ÇQÄ id;
a2 = y[p2] ÇQÄ id;
if ( a1==a2 ) Å

dot += (x[p1] Ç�Ä value)
Á
(y[p2] Ç�Ä value);

p1++; p2++;Æ
else if ( a1 Ä a2 )

p2++;
else
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p1++; 80ÆÆ
else Å

num1 = sizeX; num2 = sizeY;
while( p1 Ã num1 && p2 Ã num2 ) Å

a1 = x[p1] ÇQÄ id;
a2 = y[p2] ÇQÄ id;
if ( a1==a2 ) Å

dot += 1;
p1++; p2++; 90Æ

else if ( a1 Ä a2 )
p2++;

else
p1++;ÆÆ

return dot;Æ
100À�Á

FN
Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á

doublecalculateError( int n )
Returns:double– the error of an examplen
Purpose:To calculate the error of examplen.
Notes: read accessto target[ ], lambda[], dpCache[ ][ ], kernelType, b,

rbfConstantÁ	Á	À
110

static double calculateError( int n )Å
double svmOut, interValue;
int i, index;

svmOut= 0;
if ( kernelType == 0 ) Å

for( i = 0; i Ã numNonZeroLambda; i++ ) Å
index = nonZeroLambda[i];
svmOut+= lambda[index]

Á
target[index]

Á
dotProduct(example[index], 120

nonZeroFeature[index], example[n], nonZeroFeature[n]);ÆÆ
else if ( kernelType == 1 ) Å

for( i = 0; i Ã numNonZeroLambda; i++ ) Å
index = nonZeroLambda[i];
svmOut+= lambda[index]

Á
target[index]

Á
power(1+dotProduct(example[index],

nonZeroFeature[index], example[n], nonZeroFeature[n]), degree);ÆÆ
130

else if ( kernelType == 2 ) Å
for( i = 0; i Ã numNonZeroLambda; i++ ) Å

index = nonZeroLambda[i];ÀÂÁ	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á
Calculate the abs(example[index] - example[n])̂ 2Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á	À

if ( binaryFeature== 0 ) Å
interValue = dotProduct(example[n], nonZeroFeature[n], example[n], 140

nonZeroFeature[n]) Ç 2
Á
dotProduct(example[index],

nonZeroFeature[index], example[n], nonZeroFeature[n])
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+ dotProduct(example[index], nonZeroFeature[index],
example[index], nonZeroFeature[index]);Æ

else Å
interValue = nonZeroFeature[n] Ç 2

Á
dotProduct(example[index],

nonZeroFeature[index], example[n], nonZeroFeature[n])
+ nonZeroFeature[index];Æ

150
svmOut+= lambda[index]

Á
target[index]

Á
exp( Ç interValue

Á
rbfConstant);ÆÆ

return (svmOut Ç b Ç target[n]);Æ
À�Á

FN
Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á

160
int takeStep(int e1, int e2 )
Returns:int – 0 if optimizationis not successful

1 if joint optimizationof e1 and e2 is successful.
Purpose:Joint optimizethe langrange multipliers of e1 and e2.
Notes:None.Á	Á	À
int takeStep( int e1, int e2 )Å

double k11, k12, k22, eta; 170
double a1, a2, f1, f2, L1, L2, H1, H2, Lobj, Hobj;
int y1, y2, s, i, j, index, findPos, temp;
double interValue1, interValue2;
double E2, b1, b2, f, interValue, oldb;

if ( e1 == e2 )
return 0;

lambda1= lambda[e1]; lambda2= lambda[e2];
y1 = target[e1]; y2 = target[e2]; 180
s = y1

Á
y2;

if ( nonBound[e2] )
E2 = error[e2];

else
E2 = calculateError( e2 );

if ( y1 != y2 ) Å
L2 = MAX ( 0, lambda2 Ç lambda1);
H2 = MIN ( C, C + lambda2 Ç lambda1); 190Æ

else Å
L2 = MAX ( 0, lambda1+ lambda2 Ç C );
H2 = MIN ( C, lambda1+ lambda2);Æ

if ( fabs( L2 Ç H2 ) Ã EPS )
À�Á

L2 equalsH2
Á�À

return 0;
if ( kernelType == 0 ) Å ÀÂÁ linear

Á�À
if ( binaryFeature== 0 ) Å

k11 = dotProduct(example[e1], nonZeroFeature[e1], example[e1], 200
nonZeroFeature[e1]);

k22 = dotProduct(example[e2], nonZeroFeature[e2], example[e2],
nonZeroFeature[e2]);Æ

else Å
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k11 = nonZeroFeature[e1];
k22 = nonZeroFeature[e2];Æ

k12 = dotProduct(example[e1], nonZeroFeature[e1], example[e2],
nonZeroFeature[e2]); 210Æ

else if ( kernelType == 1 ) Å ÀÂÁ polynomial
Á�À

if ( binaryFeature== 0 ) Å
k11 = power( 1 + dotProduct(example[e1], nonZeroFeature[e1],

example[e1], nonZeroFeature[e1]), degree );
k22 = power( 1 + dotProduct(example[e2], nonZeroFeature[e2],

example[e2], nonZeroFeature[e2]), degree );Æ
else Å

k11 = power( 1 + nonZeroFeature[e1], degree ); 220
k22 = power( 1 + nonZeroFeature[e2], degree );Æ

k12 = power( 1 + dotProduct(example[e1], nonZeroFeature[e1],
example[e2], nonZeroFeature[e2]), degree );Æ

else if ( kernelType == 2 ) Å À�Á rbf
Á	À

k11 = 1;
k22 = 1;
if ( binaryFeature== 0 ) Å

interValue = dotProduct(example[e1], nonZeroFeature[e1], example[e1], 230
nonZeroFeature[e1]) Ç 2

Á
dotProduct(example[e1],

nonZeroFeature[e1], example[e2], nonZeroFeature[e2])
+ dotProduct(example[e2], nonZeroFeature[e2], example[e2],
nonZeroFeature[e2]);Æ

else Å
interValue = nonZeroFeature[e1] Ç 2

Á
dotProduct(example[e1],

nonZeroFeature[e1], example[e2], nonZeroFeature[e2])
+ nonZeroFeature[e2];Æ

240
k12 = exp( Ç interValue

Á
rbfConstant);Æ

eta = 2
Á
k12 Ç k11 Ç k22;

if ( eta Ã 0 ) Å
a2 = lambda2 Ç y2

Á
(E1 Ç E2)

À
eta;ÀÂÁ	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á

Constrain a2 to within boxÁ�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	Á�À
250

if ( a2 Ã L2 )
a2 = L2;

else if ( a2 Ä H2 )
a2 = H2;Æ

else ÅÀÂÁ	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ
Handle the degenerative case.

260Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á	À
L1 = lambda1+ s

Á
(lambda2 Ç L2);

H1 = lambda1+ s
Á
(lambda2 Ç H2);

f1 = y1
Á
(E1+b) Ç lambda1

Á
k11 Ç s

Á
lambda2

Á
k12;

f2 = y2
Á
(E2+b) Ç lambda2

Á
k22 Ç s

Á
lambda1

Á
k12;

Lobj = Ç 0.5
Á
L1
Á
L1
Á
k11 Ç 0.5

Á
L2
Á
L2
Á
k22 Ç s

Á
L1
Á
L2
Á
k12 Ç L1

Á
f1 Ç L2

Á
f2;

Hobj = Ç 0.5
Á
H1
Á
H1
Á
k11 Ç 0.5

Á
H2
Á
H2
Á
k22 Ç s

Á
H1
Á
H2
Á
k12 Ç H1

Á
f1 Ç H2

Á
f2;

if ( Lobj Ä Hobj + EPS )
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a2 = L2;
else if ( Lobj Ã Hobj Ç EPS ) 270

a2 = H2;
else

a2 = lambda2;Æ
if ( fabs(a2 Ç lambda2) Ã EPS

Á
(a2+lambda2+ EPS))

return 0;À�Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á
Find the new lambda1 280Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á	À

a1 = lambda1 + s
Á
(lambda2 Ç a2);

if ( a1 Ã 0 )
a1 = 0;À�Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á

Check e1, e2 for unboundlamdasÁ�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	À
290

if ( a1 Ä 0 && a1 Ã C )
unBounde1= 1;

else
unBounde1= 0;

if ( a2 Ä 0 && a2 Ã C )
unBounde2= 1;

else
unBounde2= 0;À�Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	Á

300

Update the numberof non-zero lambdaÁ�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ�À
if ( a1 Ä 0 ) Å

if ( numNonZeroLambda== 0 ) Å
lambdaPtr++;
nonZeroLambda[lambdaPtr] = e1;
numNonZeroLambda++;Æ

310
else if ( numNonZeroLambda== 1 && nonZeroLambda[0] != e1 ) Å

lambdaPtr++;
nonZeroLambda[lambdaPtr] = e1;
numNonZeroLambda++;
if (e1 Ã nonZeroLambda[0]) Å

temp = e1;
nonZeroLambda[1] = nonZeroLambda[0];
nonZeroLambda[0] = e1;ÆÆ

320
else if ( numNonZeroLambdaÄ 1 ) Å

if ( binSearch(e1, nonZeroLambda, numNonZeroLambda) == Ç 1 ) Å
lambdaPtr++;
nonZeroLambda[lambdaPtr] = e1;
numNonZeroLambda++;
quicksort( nonZeroLambda, 0, lambdaPtr);ÆÆÆ

if ( a2 Ä 0 ) Å 330
if ( numNonZeroLambda== 0 ) Å
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lambdaPtr++;
nonZeroLambda[lambdaPtr] = e2;
numNonZeroLambda++;Æ

else if ( numNonZeroLambda== 1 && nonZeroLambda[0] != e2 ) Å
lambdaPtr++;
nonZeroLambda[lambdaPtr] = e2;
numNonZeroLambda++;
if (e2 Ã nonZeroLambda[0]) Å 340

temp = e2;
nonZeroLambda[1] = nonZeroLambda[0];
nonZeroLambda[0] = e2;ÆÆ

else if ( numNonZeroLambdaÄ 1 ) Å
if ( binSearch(e2, nonZeroLambda, numNonZeroLambda) == Ç 1 ) Å

lambdaPtr++;
nonZeroLambda[lambdaPtr] = e2;
numNonZeroLambda++; 350
quicksort( nonZeroLambda, 0, lambdaPtr);ÆÆÆÀ�Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	Á

Update the thresholdb.Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ�À
360

oldb = b;
if ( kernelType == 0 ) Å

if ( binaryFeature== 0 ) Å
b1 = E1 + y1

Á
(a1Ç lambda1)

Á
dotProduct(example[e1],

nonZeroFeature[e1], example[e1], nonZeroFeature[e1])
+ y2

Á
(a2Ç lambda2)

Á
dotProduct(example[e1], nonZeroFeature[e1],

example[e2], nonZeroFeature[e2]) + oldb;

b2 = E2 + y1
Á
(a1Ç lambda1)

Á
dotProduct(example[e1],

nonZeroFeature[e1], example[e2], nonZeroFeature[e2]) 370
+ y2

Á
(a2Ç lambda2)

Á
dotProduct(example[e2], nonZeroFeature[e2],

example[e2], nonZeroFeature[e2])+ oldb;Æ
else Å

b1 = E1 + y1
Á
(a1Ç lambda1)

Á
nonZeroFeature[e1]

+ y2
Á
(a2Ç lambda2)

Á
dotProduct(example[e1], nonZeroFeature[e1],

example[e2], nonZeroFeature[e2]) + oldb;

b2 = E2 + y1
Á
(a1Ç lambda1)

Á
dotProduct(example[e1],

nonZeroFeature[e1], example[e2], nonZeroFeature[e2]) 380
+ y2

Á
(a2Ç lambda2)

Á
nonZeroFeature[e2]+ oldb;ÆÆ

else if ( kernelType == 1 ) Å
if ( binaryFeature== 0 ) Å

b1 = E1 + y1
Á
(a1Ç lambda1)

Á
power(1+dotProduct(example[e1],

nonZeroFeature[e1], example[e1], nonZeroFeature[e1]), degree)
+ y2

Á
(a2Ç lambda2)

Á
power(1+dotProduct(example[e1],

nonZeroFeature[e1], example[e2], nonZeroFeature[e2]), degree)
+ oldb; 390

b2 = E2 + y1
Á
(a1Ç lambda1)

Á
power(1+dotProduct(example[e1],

nonZeroFeature[e1], example[e2], nonZeroFeature[e2]), degree)
+ y2

Á
(a2Ç lambda2)

Á
power(1+dotProduct(example[e2],
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nonZeroFeature[e2], example[e2], nonZeroFeature[e2]), degree)
+ oldb;Æ

else Å
b1 = E1 + y1

Á
(a1Ç lambda1)

Á
power(1+nonZeroFeature[e1], degree)

+ y2
Á
(a2Ç lambda2)

Á
power(1+dotProduct(example[e1], 400

nonZeroFeature[e1], example[e2], nonZeroFeature[e2]), degree)
+ oldb;

b2 = E2 + y1
Á
(a1Ç lambda1)

Á
power(1+dotProduct(example[e1],

nonZeroFeature[e1], example[e2], nonZeroFeature[e2]), degree)
+ y2

Á
(a2Ç lambda2)

Á
power(1+nonZeroFeature[e2], degree) + oldb;ÆÆ

else if ( kernelType == 2 ) Å
if ( binaryFeature== 0 ) Å 410

interValue = dotProduct(example[e1], nonZeroFeature[e1], example[e1],
nonZeroFeature[e1]) Ç 2

Á
dotProduct(example[e1],

nonZeroFeature[e1], example[e2], nonZeroFeature[e2])
+ dotProduct(example[e2], nonZeroFeature[e2], example[e2],
nonZeroFeature[e2]);Æ

else Å
interValue = nonZeroFeature[e1] Ç 2

Á
dotProduct(example[e1],

nonZeroFeature[e1], example[e2], nonZeroFeature[e2])
+ nonZeroFeature[e2]; 420Æ

b1 = E1 + y1
Á
(a1Ç lambda1) + y2

Á
(a2Ç lambda2)

Á
exp( Ç interValue

Á
rbfConstant)

+ oldb;

b2 = E2 + y1
Á
(a1Ç lambda1)

Á
exp( Ç interValue

Á
rbfConstant)

+ y2
Á
(a2Ç lambda2) + oldb;Æ

if ( fabs(b1Ç b2) Ã EPS )
ÀÂÁ

b==b1==b2
Á	À

b = b1; 430

else if ( !unBounde1&& !unBounde2)
b = (b1+b2)

À
2;

else Å
if ( unBounde1)

b = b1;
if ( unBounde2)

b = b2;Æ
440À�Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ

Update the weight vector if kernel is linear.Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ�À
if ( kernelType == 0 ) Å À�Á linear

Á�À
for( i = 0; i Ã nonZeroFeature[e1]; i++ ) Å

if ( binaryFeature== 0 )
weight[example[e1][i] Ç�Ä id] += y1

Á
(a1Ç lambda1)

Á
(example[e1][i] ÇQÄ value); 450

else
weight[example[e1][i] Ç�Ä id] += y1

Á
(a1Ç lambda1);Æ

for( i = 0; i Ã nonZeroFeature[e2]; i++ ) Å
if ( binaryFeature== 0 )
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weight[example[e2][i] Ç�Ä id] += y2
Á
(a2Ç lambda2)

Á
(example[e2][i] ÇQÄ value);

else
weight[example[e2][i] Ç�Ä id] += y2

Á
(a2Ç lambda2); 460ÆÆÀ�Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	Á

Update the error cache and store a1 and a2.
Start with existing nonboundexamplesfirst.Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ�À

for( i = 0; i Ã numNonBound; i++ ) Å 470
index = unBoundIndex[i];
if ( kernelType == 0 )

error[index] += y1
Á
(a1Ç lambda1)

Á
dotProduct(example[e1],

nonZeroFeature[e1], example[index],
nonZeroFeature[index])
+ y2

Á
(a2Ç lambda2)

Á
dotProduct(example[e2],

nonZeroFeature[e2], example[index],
nonZeroFeature[index]) + oldb Ç b;

else if ( kernelType == 1 )
error[index] += y1

Á
(a1Ç lambda1)

Á
power(1+dotProduct(example[e1], 480

nonZeroFeature[e1], example[index],
nonZeroFeature[index]), degree)
+ y2

Á
(a2Ç lambda2)

Á
power(1+dotProduct(example[e2],

nonZeroFeature[e2], example[index],
nonZeroFeature[index]), degree) + oldb Ç b;

else if ( kernelType == 2 ) Å
if ( binaryFeature== 0 ) Å

interValue1= dotProduct(example[e1], nonZeroFeature[e1],
example[e1], nonZeroFeature[e1])Ç 2
Á
dotProduct(example[e1], nonZeroFeature[e1], 490

example[index], nonZeroFeature[index])
+ dotProduct(example[index], nonZeroFeature[index],
example[index], nonZeroFeature[index]);

interValue2= dotProduct(example[e2], nonZeroFeature[e2],
example[e2], nonZeroFeature[e2])Ç 2
Á
dotProduct(example[e2], nonZeroFeature[e2],

example[index], nonZeroFeature[index])
+ dotProduct(example[index], nonZeroFeature[index],
example[index], nonZeroFeature[index]);Æ

500
else Å

interValue1= nonZeroFeature[e1] Ç 2
Á
dotProduct(example[e1],

nonZeroFeature[e1], example[index],
nonZeroFeature[index]) + nonZeroFeature[index];

interValue2= nonZeroFeature[e2] Ç 2
Á
dotProduct(example[e2],

nonZeroFeature[e2], example[index],
nonZeroFeature[index]) + nonZeroFeature[index];Æ

error[index] += y1
Á
(a1Ç lambda1)

Á
exp( Ç interValue1

Á
rbfConstant) 510

+ y2
Á
(a2Ç lambda2)

Á
exp( Ç interValue2

Á
rbfConstant)

+ oldb Ç b;ÆÆ
lambda[e1] = a1;
lambda[e2] = a2;À�Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ

Calculate the error for e1 and e2. 520
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Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á	À
if ( unBounde1)

error[e1] = 0;

if ( unBounde2)
error[e2] = 0;

if ( errorPtr Ä 0 )
qsort2( errorCache, 0, errorPtr, error ); 530À�Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ

Update the nonboundset, the unBoundIndex set and the error
cache index.Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á	À

if ( !nonBound[e1] && unBounde1) ÅÀÂÁ	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á
e1 was boundand is unboundafter optimization. 540
Add e1 to unboundIndex[ ], incrementthe number
of nonboundand updatenonBound[].
Updateerror cache indexesand sort themin
increasingorder of error.Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	À

unBoundPtr++;
unBoundIndex[unBoundPtr] = e1;
nonBound[e1] = 1;
numNonBound++; 550
quicksort( unBoundIndex, 0, unBoundPtr);
errorPtr++;
errorCache[errorPtr] = e1;
if ( errorPtr Ä 0 ) Å

qsort2( errorCache, 0, errorPtr, error );ÆÆ
else if ( nonBound[e1] && !unBounde1) ÅÀÂÁ	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ

560
e1 was nonboundand is boundafter optimization.
Remove e1 from unboundIndex[ ], decrementthe number
of nonboundand updatenonBound[].
Updateerror cache indexesand sort themin
increasingorder of error.Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á�À

findPos= binSearch( e1, unBoundIndex, numNonBound);ÀÂÁ	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á
570

Mark this previous e1 position in array unBoundIndex[ ]
with a numbergreater than all possibleindexesso
that whenwe do sorting, this numberis at the end of
range of the nonboundindexesÁ�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�À

unBoundIndex[findPos] = numExample+1;
quicksort( unBoundIndex, 0, unBoundPtr);
unBoundPtrÇ&Ç ;
numNonBoundÇ[Ç ; 580
nonBound[e1] = 0;
if ( errorCache[errorPtr] == e1 )

errorPtrÇ&Ç ;
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else Å
error[e1] = error[errorCache[errorPtr]] + 1;
qsort2( errorCache, 0, errorPtr, error );
errorPtrÇ&Ç ;ÆÆ

if ( !nonBound[e2] && unBounde2) Å 590ÀÂÁ	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á
e2 was boundand is unboundafter optimization.
Add e2 to unboundIndex[ ], incrementthe number
of nonboundand updatenonBound[].
Updateerror cache indexesand sort themin
increasingorder of error.Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	À

unBoundPtr++; 600
unBoundIndex[unBoundPtr] = e2;
nonBound[e2] = 1;
numNonBound++;
quicksort( unBoundIndex, 0, unBoundPtr);
errorPtr++;
errorCache[errorPtr] = e2;
if ( errorPtr Ä 0 ) ÅÀÂÁ

sort theseerrorCache indexes in increasing
order of error

Á�À
qsort2( errorCache, 0, errorPtr, error ); 610ÆÆ

else if ( nonBound[e2] && !unBounde2) ÅÀÂÁ	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ
e2 was nonboundand is boundafter optimization.
Remove e2 from unboundIndex[ ], decrementthe number
of nonboundand updatenonBound[].
Updateerror cache indexesand sort themin
increasingorder of error. 620Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á�À

findPos= binSearch( e2, unBoundIndex, numNonBound);ÀÂÁ	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	Á
Mark this previous e2 position in array unBoundIndex[ ]
with a numbergreater than all possibleindexesso
that whenwe do sorting, this numberis at the end of
range of the nonboundindexes

630Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�À
unBoundIndex[findPos] = numExample+1;
quicksort( unBoundIndex, 0, unBoundPtr);
unBoundPtrÇ&Ç ;
numNonBoundÇ[Ç ;
nonBound[e2] = 0;ÀÂÁ

updateerror cache indices
Á	À

if ( errorCache[errorPtr] == e2 )
errorPtrÇ&Ç ;

else Å 640
error[e2] = error[errorCache[errorPtr]] + 1;
qsort2( errorCache, 0, errorPtr, error );
errorPtrÇ&Ç ;ÆÆÀ�Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	Á
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iteration is the numberof successfuljoint optimizations.Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á	À
650

iteration += 1;
return 1;ÆÀ�Á
FN
Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á

int examineExample(int e1 )
Returns:int – 0 if no optimizationtakes place, 1 otherwise.
Purpose:to iteratively optimizethe langrangian multipliers of the examples 660
Notes:None.Á	Á	À
int examineExample( int e1 )Å

double r1;
int found, e2,i, j, index, y1;

found = 0;
totalIteration++; 670
y1 = target[e1];
lambda1= lambda[e1];
if ( nonBound[e1] )

E1 = error[e1];
else

E1 = calculateError( e1 );

r1 = E1
Á
y1;

if ( (r1 Ã¾Ç TOL && lambda1 Ã C) ÈËÈ (r1 Ä TOL && lambda1 Ä 0) ) ÅÀÂÁ	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á
680

e1 violatesKKT condition.Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	Á�À
if ( numNonBoundÄ 1 ) ÅÀÂÁ	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ

This is the first hierarchy of the secondchoice heuristic.Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ�À
690

if ( E1 Ä 0 ) Å
if ( error[errorCache[0]] Ä = EPS )

found = 0;
else Å

e2 = errorCache[0];
found = 1;ÆÆ

else if ( E1 Ã 0 ) Å
if ( error[errorCache[errorPtr]] Ã = EPS ) 700

found = 0;
else Å

e2 = errorCache[errorPtr];
found = 1;ÆÆ

if (found)
if ( takeStep( e1, e2 ) )

return 1;
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710ÀÂÁ	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á

This is the secondhierarchy of the secondchoice heuristicÁ�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	Á�À
if ( numNonBoundÄ 1 ) Å

index = myrandom( numNonBound);
e2 = unBoundIndex[index];
for( i = 0; i Ã numNonBound; i++ ) Å

if ( takeStep( e1, e2 ) ) 720
return 1;

index++;
if ( index == numNonBound)

index = 0;
e2 = unBoundIndex[index];ÆÆÀÂÁ	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á
This is the third hierarchy of the secondchoice heuristic. 730Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	À

if ( numNonZeroLambdaÄ 1 ) Å
index = myrandom( numNonZeroLambda);
e2 = nonZeroLambda[index];ÀÂÁ

only useboundedlambdas
Á�À

for( i = 0; i Ã numNonZeroLambda; i++ ) Å
if ( nonBound[e2] == 0 ) Å

if ( takeStep( e1, e2 ) )
return 1; 740Æ

index++;
if ( index == numNonZeroLambda)

index = 0;
e2 = nonZeroLambda[index];ÆÆÀÂÁ	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á
This is the fourth hierarchy of the secondchoice heuristic. 750Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	À

e2 = myrandom( numExample) + 1;
for( i = 0; i Ã numExample; i++ ) ÅÀÂÁ	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ

Only useexampleswith zero lambda.Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á	À
if ( lambda[i] Ã EPS ) Å 760

if ( takeStep( e1, e2 ) )
return 1;Æ

e2++;
if ( e2 == numExample+ 1 )

e2 = 1;ÆÆ
return 0;Æ

770
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À�Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ
Public Functions

Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ
void startLearn(void )
Returns:Nothing.
Purpose:To find the supportvectors from the training examples. 780
Notes:None.Á	Á	À
void startLearn( void )Å

int i;
int numChanged= 0;
int examineAll = 1;

b = 0; iteration = 0; totalIteration= 0; 790
while( numChangedÄ 0 ÈËÈ examineAll ) Å

numChanged= 0;
if ( examineAll ) Å

for( i = 1; i Ã = numExample; i++ )
numChanged+= examineExample(i);Æ

else Å
for( i = 0; i Ã numNonBound; i++ )

numChanged+= examineExample( unBoundIndex[i] );Æ
800

if ( examineAll == 1 )
examineAll = 0;

else if ( numChanged== 0 )
examineAll = 1;ÆÆÀ�Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á

utility.h
Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	Á

Purpose:Headerof the utility module.
Notes:None

Programmer:Ginny Mak
Location: Montreal, Canada
Last Updated:April 6, 2000.Á	Á	À

10À�Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á
Public Functions

Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á	À
extern double power ( double f, int n );
extern int binSearch(int x, int

Á
v, int n);

extern void swap(int
Á
v, int i, int j);

extern void quicksort(int
Á
v, int left, int right);

extern void qsort2(int
Á
v, int left, int right, double

Á
d);

extern int myrandom(int n);À�Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á
utility.c

Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	Á
Purpose:To supplysomeutility functions
Notes:None.

Programmer:Ginny Mak
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Location: Montreal, Canada.
Last Updated:April 6, 2000.Á	Á	À

10

#include Ã stdio.h ÄÀ�Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á�Á�Á
Private Data

Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ�À
static int seed= 0;À�Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á

Public Functions
Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ�ÀÀ�Á

FN
Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á

20

doublepower( double f, int n )

Returns:double– value of f raised to the power of n

Purpose:Calculate the value of a double raised to the power of n.
Return1 if n is zero.

Notes:Doesnot work with negative n.Á	Á	À
30

double power( double f, int n )Å
int i;
double p;

p = 1.0;
for ( i = 1; i Ã = n; i++ )

p = p
Á

f;
return p; 40ÆÀ�Á

FN
Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á

int binSearch( int x, int
Á
v, int n)

Returns:int – the location in the array v where the integer x is found,
or -1 when there is no match.

50
Purpose:Perform binary search for an integer x in an integer array of sizen.

Notes:None.Á	Á	À
int binSearch( int x, int

Á
v, int n)Å

int low, high, mid;

low = 0; 60
high = n Ç 1;
while ( low Ã = high ) Å

mid = ( low+high )
À
2;

if ( x Ã v[mid] )
high = mid Ç 1;

else if ( x Ä v[mid] )
low = mid + 1;

else
return mid;
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70

return Ç 1;ÆÀ�Á
FN
Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á

void swap( int
Á
v, int i, int j )

Returns:None
80

Purpose:To exchange v[i] with v[j]

Notes:None.Á	Á	À
void swap ( int

Á
v, int i, int j )Å

int temp;

temp = v[i]; 90
v[i] = v[j];
v[j] = temp;ÆÀ�Á
FN
Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á

void quicksort ( int
Á
v, int left, int right )

Returns:None. 100

Purpose:To sort an array of integers betweenposition left and right.

Notes:array v betweenleft and right is sorted in ascendiingorder.Á	Á	À
void quicksort ( int

Á
v, int left, int right )Å

int i, last;
void swap( int

Á
v, int i, int j ); 110

if ( left Ä = right )
return;

swap( v, left, (left+right)
À
2 );

last = left;
for( i = left + 1; i Ã = right; i++ )

if ( v[i] Ã v[left] )
swap( v, ++last, i );

swap( v, left, last );
quicksort( v, left, last Ç 1 ); 120
quicksort( v, last + 1, right );ÆÀ�Á
FN
Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á

void qsort2 (int
Á
v, int left, int right, double

Á
d)

Returns:None.
130

Purpose:Array v is an array of indicesof array d.
Sort array v in ascendingorder
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so that d[v[i]] Ä d[v[i-1]].

Notes:array d is unchanged, array v is changed.Á	Á	À
void qsort2 ( int

Á
v, int left, int right, double

Á
d )Å

int i, last; 140
void swap (int v[ ], int i, int j);

if ( left Ä = right )
return;

swap( v, left, (left+right)
À
2 );

last = left;
for ( i = left + 1; i Ã = right; i++ )

if ( d[v[i]] Ã d[v[left]] )
swap( v, ++last, i );

swap( v, left, last ); 150
qsort2 ( v, left, last Ç 1, d );
qsort2 ( v, last+1, right, d );ÆÀ�Á
FN
Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á

int myrandom(int n )

Returns:A randominteger between0 and n-1 160

Purpose:To generate a randomnumberin the range of 0 and n-1

Notes:None.Á	Á	À
int myrandom( int n )Å

unsigned long int next;
170

next = seed
Á

1103515245 + 12345;
seed++;
next = (unsigned int ) (next

À
65536)%( n );

return next;Æ
À�Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á

result.h
Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ

Purpose:Header for result module.

Notes:None.

Programmer:Ginny Mak
Location: Montreal, Canada.
Last Updated:April 6, 2000.

10Á	Á	À
int boundSv;
int unBoundSv;



SMO codes 109À�Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á
Public Functions

Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ�À
extern void writeModel( FILE

Á
out );

extern double calculateNorm( void );
extern double getb( void ); 20À�Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ

result.c
Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ

Purpose:Write result of training in modelfile.

Notes:

Programmer:Ginny mak
Location: Montreal, Canada.
Last Updated:April 6, 2000.

10Á	Á	À
#include Ã stdio.h Ä
#include Ã math.h Ä
#include Ã float.h Ä
#include "initializeTraining.h"
#include "learn.h"
#include "result.h"

20À�Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á�Á�Á
Public Functions

Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ
void writeModel( FILE

Á
out )

Returns:None

Purpose:To write the training resultsto a modelfile.

Notes:Model file is assumedto havebeenopenedfor writing. 30
The training resultsare written according to predetermined
format.
Readaccessto kernelType, sigmaSqr,degree, maxFeature,
weight[], b, C, lambda[], target[ ], example[][ ]Á	Á	À

void writeModel( FILE
Á
out )Å

int i, j, numSv; 40

numSv = 0; unBoundSv= 0; boundSv= 0;À�Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	Á
Find out the numberof support vectors, both boundand unbound.Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á	À

for ( i = 1; i Ã = numExample; i++ ) Å
if ( lambda[i] Ä 0) Å

numSv++; 50
if ( lambda[i] Ã C )

unBoundSv++;
else

boundSv++;ÆÆ
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À�Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	Á
Write to the modelfile. 60Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ�À

if ( kernelType == 0 )
fprintf( out, "%d # Linear\n" , 0 );

else if ( kernelType == 1 )
fprintf( out, "%d %d # Polynomial with degree %d\n" , 1, degree, degree );

else if ( kernelType == 2 )
fprintf( out, "%d %f # rbf with variance %f\n" , 2, sigmaSqr,

sigmaSqr);
70

fprintf( out, "%d # Number of features\n" , maxFeature);

if ( kernelType == 0 ) Å
for( i = 1; i Ã = maxFeature; i++ )

fprintf( out, "%f " , weight[i] );
fprintf( out, "# weight vector\n" );Æ

fprintf( out, "%18.17f # Threshold b\n" , b );
80

fprintf( out, "%18.17f # C parameter\n" , C );

fprintf( out, "%d # Number of support vectors\n" , numSv );À�Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á
Write the value of (class label

Á
lambda)Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á�À

if ( numSv != 0 ) Å 90
for( i = 1; i Ã = numExample; i++ ) Å

if ( lambda[i] Ä 0 ) Å
if ( target[i] == 1 )

fprintf( out, "%.17f " , lambda[i] );
else if ( target[i] == Ç 1 )

fprintf( out, "%.17f " , Ç lambda[i] );

for( j = 0; j Ã nonZeroFeature[i]; j++ )
fprintf( out, "%d:%.17f " , example[i][j] ÇQÄ id,

example[i][j] Ç�Ä value ); 100
fprintf( out, "\n" );ÆÆÆÆ

À�Á
FN
Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ

doublecalculateNorm(void ) 110

Returns:double, the norm of the weight vector.

Purpose:To calculate the norm of the weight vector.

Notes:None.Á	Á	À
double calculateNorm( void )
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int i;
double n;

n = 0;
for( i = 1; i Ã = maxFeature; i++ )

n += weight[i]
Á
weight[i];

return sqrt(n);Æ
130À�Á

FN
Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	Á

doublegetb( void )

Returns:double , b

Purpose:Returnb value

Notes:None.Á	Á	À
140

double getb( void )Å
return b;ÆÀ�Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á

smoClassify.c
Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á	ÁÂÁ	Á

Purpose:Program main function.

Notes:This program is composedof the following modules:

smoClassify.c - main program module.
initialize.c - Initialize all data structures required to do

classificationby reading the information from
the modelfile and the test data file. 10

classify.c - Do the classificationcalculationsand
write the result to the prediction file.

Programmer:Ginny Mak
Location: Montreal, Canada.
Last Updated:April 6, 2000.Á	Á	À
#include Ã stdio.h Ä 20
#include "initialize.h"
#include "classify.h"

int main(int argc, char
Á
argv[ ])Å

FILE
Á
modelIn,

Á
dataIn,

Á
out;

double startTime;À�Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ
30

Check on commandline usageÁ�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á�À
if ( argc != 4 ) Å
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fprintf( stderr, "Usage: Commandline\n" );
exit(1);Æ

else Å
if (( modelIn = fopen( argv[1], "r" ) ) == NULL ) Å 40

fprintf( stderr, "Can't open %s\n" , argv[1] );
exit(2);Æ

if (( dataIn= fopen( argv[2], "r" ) ) == NULL ) Å
fprintf( stderr, "Can't open %s\n" , argv[2] );
exit(2);Æ

if (( out = fopen( argv[3], "w" ) ) == NULL ) Å 50
fprintf( stderr, "Can't open %s\n" , argv[3] );
exit(2);ÆÆÀ�Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�Á�Á�Á�Á

ReadmodelfileÁ�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á	À
60

if ( ! readModel( modelIn ) ) Å
fprintf( stderr, "Error in reading model file %s\n" , argv[1] );
exit (3);Æ

else
fclose( modelIn );

printf("Finish reading model file\n" );À�Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�Á�Á�Á�Á	ÁÂÁ
70

Readtest data fileÁ�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á	À
if ( !readData( dataIn )) Å

printf("Error reading data file\n" );
exit(4);Æ

fclose( dataIn );
printf("Finish reading test data file\n" );

80À�Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�Á�Á�Á�Á	ÁÂÁ
Start classfying.Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á	À

if ( writeResult( out ) )
printf("Classification is completed\n" );

else
fprintf( stderr, "Classification process failed\n" );

90
fclose( out );
return 0;ÆÀ�Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ

initialize.h
Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á

Purpose:Header for program data structures initialization module



SMO codes 113

Notes:None.

Programmmer:Ginny Mak
Location: Montreal, Canada.
Last Updated:April 6, 2000.Á	Á	À

10À�Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á
Public definesand Data structures

Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�À
typedef struct featureÅ

int id;
double value;Æ
Feature;

typedef struct feature
Á

FeaturePtr;
20

FeaturePtr
Á�Á

example;
FeaturePtr

Á�Á
sv;

double
Á
lambda;

int
Á
svNonZeroFeature;

int
Á
nonZeroFeature;

int
Á
target;

double
Á
weight;

double
Á
output;

double rbfConstant;
int degree; 30
double b;
int numSv;
int numExample;
int kernelType;
int maxFeature;
int
Á
zeroFeatureExample;À�Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á

Public Functions
Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	À

extern int readModel( FILE
Á
in ); 40

extern int readData( FILE
Á
in );À�Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á

initialize.c
Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á

Purpose:Initialize all data structures for classificationby
reading information from the modelfile and the data file.

Notes:None.

Programmer:Ginny Mak
Location: Montreal, Canada.
Last Updated:April 6, 2000. 10Á	Á	À
#include Ã stdio.h Ä
#include Ã stdlib.h Ä
#include Ã ctype.h Ä
#include "initialize.h"
#include "classify.h"À�Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á

Private Definesand Data Structures
Á�Á	Á�Á	Á	Á�Á�À

20
#define MODELTEMP 100
#define DATATEMP1 10000
#define DATATEMP2 1000
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static double C;
static double sigmaSqr;
static maxFeatureRead;À�Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ

Declared Functions
Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á�Á�Á	À

30

static int readString( char
Á
store, char delimiter, FILE

Á
in );

static void skip( char end, FILE
Á
in );

static int initializeModel( int size );
static int initializeData( int dataSize);À�Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ

Private Functions
Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á	ÀÀ�Á

FN
Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á

40

int readString(char
Á
store, char delimiter, FILE

Á
in )

Returns:int – Fail(0) on error, Succeed(1)otherwise.
a string stored in char

Á
store

Purpose:To read characters from a file until the delimiter is encountered.
All the characters read except the delimiter are stored in the
passedcharacter array store.

50
Notes:The passedfile pointer’s position changes whenthe function returns.

New line and EOF is not a delimiter. If they are read before the
delimiter is encountered then the function returns0.Á	Á	À

static int readString( char
Á
store, char delimiter, FILE

Á
in )Å

char c;
int i;

60
i = 0;
c = getc( in );
while (c != delimiter && c != '\n' && c != EOF ) Å

store[i] = c;
i++;
c = getc( in );Æ

if ( c == EOF ÈËÈ c == '\n' )
return 0;

else 70
store[i] = '\0' ;

return 1;ÆÀ�Á
FN
Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á

void skip( char end, FILE
Á
in )

Returns:None
80

Purpose:To skip all the characters read up to the end character.

Note: The passedfile pointer’s position changes whenthe function returns.Á	Á	À
void skip(char end , FILE

Á
in)
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char c;

while((c = getc( in )) != end) 90
;ÆÀ�Á

FN
Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á

static int initializeModel( int size )

Returns:int – Faild(0) on error, Succeed(1)otherwise.
100

Purpose:To initialize data for readModelfunction.

Notes:None.Á	Á	À
static int initializeModel( int size )Å

int i;

lambda= (double
Á
)malloc( (size + 1)

Á
sizeof(double) ); 110

if ( lambda== NULL ) Å
fprintf( stderr, "Memory allocation failed\n" );
return 0;Æ

svNonZeroFeature= (int
Á
) malloc( (size + 1)

Á
sizeof( int ) );

if (svNonZeroFeature== NULL ) Å
fprintf( stderr, "Memory allocation failed\n" );
return 0;Æ

sv = (FeaturePtr
Á�Á

)malloc( (size + 1)
Á

sizeof(FeaturePtr
Á
)); 120

if ( sv == NULL ) Å
fprintf( stderr, "Memory allocation failed\n" );
return 0;Æ

for(i = 1; i Ã = numSv; i++) Å
sv[i] = (FeaturePtr

Á
)malloc((maxFeature)

Á
sizeof(FeaturePtr));

if ( sv[i] == NULL ) Å
fprintf( stderr, "Memory allocation failed\n" );
return 0;Æ

130ÆÆÀ�Á
FN
Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á

static int initializeData( int dataSize)

Returns:Int – Fail(0) on error, Succeed(1)otherwise

Purpose:To initialize data for classification. 140

Note: NoneÁ	Á	À
static int initializeData( int dataSetSize)Å

example = (FeaturePtr
Á�Á

) malloc( dataSetSize
Á

sizeof(FeaturePtr
Á
) );

if ( example == NULL ) Å
fprintf( stderr, "Memory allocation failed\n" );
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return 0; 150Æ
output = (double

Á
) malloc( dataSetSize

Á
sizeof(double) );

if ( output == NULL ) Å
fprintf( stderr, "Memory allocation failed\n" );
return 0;Æ

target = (int
Á
) malloc( dataSetSize

Á
sizeof(int ) );

if ( target == NULL ) Å
fprintf( stderr, "Memory allocation failed\n" );

return 0; 160Æ
zeroFeatureExample= (int

Á
)malloc( dataSetSize

À
2
Á

sizeof(int ) );
if ( zeroFeatureExample== NULL ) Å

fprintf( stderr, "Memory allocation failed.\n" );
return 0;Æ

nonZeroFeature= (int
Á
) malloc( dataSetSize

Á
sizeof(int ) );

if ( nonZeroFeature== NULL ) Å
fprintf( stderr, "Memory allocation failed\n" );
return 0; 170ÆÆ

À�Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	Á
Public Functions

Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á	ÁÂÁ	Á	Á�ÀÀ�Á
FN
Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á

180
int readModel(FILE

Á
in )

Returns:int – Fail(0) on error, Succeed(1)otherwise.

Purpose:Readand store informaton read from given modelfile.

Notes:Assumethe model file has beensuccessfullyopenfor reading.
The modelfile is a modelfile resultedfrom training using
program smoLearn.Á	Á	À

190

int readModel( FILE
Á
in )Å

int numNonZeroFeature;
int i, j, n;
char c;
char temp[MODELTEMP];

printf("Reading model file. . .\n" ); 200
c = getc( in );À�Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á

If c is 0, then the kernel type is linear.
If c is 1, then the kernel type is polynomial,
read the degree of polynomial
If c is 2, then the kernel type is rbf,
read the variance.Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�À

210
if ( c == '0' )

kernelType = 0;
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else if ( c == '1' ) Å
kernelType = 1;
skip(' ' , in);
readString(temp, ' ' , in);
degree = atoi( temp );Æ

else if ( c == '2' ) Å
kernelType = 2; 220
skip(' ' , in);
readString(temp, ' ' , in);
sigmaSqr= atof( temp );
rbfConstant= 1

À
(2
Á
sigmaSqr);Æ

skip('\n' , in);À�Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á
Readnumberof features of training examples 230Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�À

readString(temp, ' ' , in);
maxFeatureRead= atoi( temp );
skip('\n' , in);À�Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á

Readthe weight if the kernel type is linear
240Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�À

if ( kernelType == 0 ) Å
weight = (double

Á
) malloc( (maxFeatureRead+1)

Á
sizeof( double ) );

if ( weight == NULL ) Å
fprintf( stderr, "Memory allocation failed.\n" );
return 0;Æ

i = 0;
for( i = 0; i Ã = maxFeatureRead; i++ )

weight[i] = 0; 250
for( i = 1; i Ã = maxFeatureRead; i++ ) Å

readString( temp, ' ' , in );
weight[i] = atof( temp );Æ

skip('\n' , in);ÆÀ�Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á
Readthe thresholdb 260Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á�Á	Á�À

readString( temp, ' ' , in );
b = atof( temp );
skip('\n' , in );À�Á

read C parameter
Á	À

readString( temp, ' ' , in );
C = atof( temp );
skip('\n' , in ); 270À�Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á

Readthe numberof support vectors



SMO codes 118Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á	À
readString( temp, ' ' , in );
numSv = atoi(temp);
skip( '\n' , in );
if ( ! initializeModel( numSv ) ) 280

return 0;À�Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	Á
Readthe product of lambdaof a support vector with class labelÁ�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á	À

for( i = 1; i Ã = numSv; i++ ) Å
readString( temp, ' ' , in );
lambda[i] = atof( temp ); 290
j = 0;ÀÂÁ	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á

Readthe id
À
value pairs of the features of a support vectorÁ�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á	À

while( readString( temp, ':' , in ) ) Å
sv[i][j] = (FeaturePtr) malloc(sizeof(struct feature));
if ( sv[i][j] == NULL ) Å

fprintf( stderr, "Memory allocation failed\n" ); 300
return 0;Æ

sv[i][j] ÇQÄ id = atoi( temp );
if (!readString( temp, ' ' , in))

readString( temp, ' ' , in );
sv[i][j] ÇQÄ value = atof(temp);
j++;Æ

svNonZeroFeature[i] = j;Æ
310

return 1;ÆÀ�Á
FN
Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á

int readData(FILE
Á
in )

Returns:int – Fail(0) on error, Succeed(1)otherwise. 320

Purpose:This function readsthe data file to extract and store the
id
À
value pairs of features of each test data.

Notes:The sizeof each line of the feature descriptionof data cannot
be more than 10000characters long.
The passedfile pointer’s position is at EOF if the function
returnssuccessfully.Á	Á	À

330
int readData( FILE

Á
in )Å

char temp[DATATEMP1];
char temp2[DATATEMP2];
int numFeature, maxFeature;
int exampleIndex, featureIndex;
int i,j,dataSetSize;
char c;
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int zeroFeatureNumber= 0;
340

dataSetSize= 0;À�Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á
Estimatethe numberof data.Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�À

while( (c = getc( in )) != EOF ) Å
if ( c == '\n' )

dataSetSize++;Æ
350

dataSetSize++;
rewind ( in );

if ( !initializeData( dataSetSize) )
return 0;À�Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á
NonZeroFeature[0] stores the numberof non-zero features
of the weight vector. 360Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	Á�À

nonZeroFeature[0] = maxFeature;

numExample= 0; exampleIndex = 0;
printf("Reading test data file . . .\n" );
while( ( c = getc(in) ) != EOF ) Å

while( c == '#' È�È c == '\n' ) ÅÀÂÁ	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á
370

Ignore commentand blank lineÁ	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	Á�À
if ( c == '#' ) Å

while( ( c = getc(in) ) != '\n' )
;Æ

if ( c == '\n' )
c = getc( in );Æ

380
if ( c == EOF )

break;ÀÂÁ	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á
Readone line of inputÁ�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	À

else Å
exampleIndex++; 390
i = 0; numFeature= 0;
temp[i] = c; i++;
while( ( c = getc(in) ) != '\n' ) Å

temp[i] = c; i++;
if ( c == ':' )

numFeature++;Æ
temp[i] = '\0' ;
numExample++;
nonZeroFeature[exampleIndex] = numFeature; 400
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if ( numFeature!= 0 ) ÅÀ�Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á
Allocate memoryfor id

À
value pairs of the test dataÁ	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	Á�À

example[exampleIndex] = (FeaturePtr
Á
)malloc( numFeature

Á
sizeof( FeaturePtr) );

if ( example[exampleIndex] == NULL ) Å 410
fprintf( stderr, "Memory allocation failed\n" );
return 0;Æ

for (j = 0; j Ã numFeature; j++) Å
example[exampleIndex][j] = (FeaturePtr)

malloc (sizeof(struct feature));
if ( example[exampleIndex][j] == NULL ) Å

fprintf( stderr, "Memory allocation failed\n" );
return 0;Æ

420ÆÆ
else Å

example[exampleIndex] = (FeaturePtr
Á
)

malloc( sizeof( FeaturePtr) );
if ( example[exampleIndex] == NULL ) Å

fprintf( stderr, "Memory allocation failed\n" );
return 0;Æ

example[exampleIndex][0] = (FeaturePtr) 430
malloc( sizeof(struct feature) );

if ( example[exampleIndex][0] == NULL ) Å
fprintf( stderr, "Memory allocation failed\n" );
return 0;Æ

example[exampleIndex][0] ÇQÄ id = 1;
example[exampleIndex][0] ÇQÄ value = 0;
nonZeroFeature[exampleIndex] = 0;
zeroFeatureExample[zeroFeatureNumber] = exampleIndex;
zeroFeatureNumber++; 440ÆÀÂÁ	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	Á
Extract classof exampleÁ	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ�À

i = 0;
while( temp[i] != ' ' ) Å

temp2[i] = temp[i]; i++; 450Æ
temp2[i] = '\0' ;
target[exampleIndex] = atoi(temp2);
i++;

if ( numFeature!= 0 ) ÅÀ�Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	Á
Extract id

À
value pairs of the features of the test data

460Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ�À
featureIndex = 0;
while( temp[i] != '\0' ) Å

j = 0;
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while( temp[i] != ':' ) Å
temp2[j] = temp[i]; i++; j++;Æ

temp2[j] = '\0' ;
example[exampleIndex][featureIndex] Ç�Ä id = atoi(temp2);
j = 0; i++; 470
while( temp[i] != ' ' && temp[i] != '\0' ) Å

temp2[j] = temp[i];
i++; j++;Æ

temp2[j] = '\0' ;

if ( atof(temp2) != 0 ) Å
example[exampleIndex][featureIndex] ÇQÄ value = atof(temp2);
featureIndex++;

480ÆÆÉÀÂÁ
end while

Á	À
nonZeroFeature[exampleIndex] = featureIndex;
if ( example[exampleIndex][featureIndex Ç 1] ÇQÄ id Ä maxFeature)

maxFeature= example[exampleIndex][featureIndex Ç 1] Ç�Ä id;ÆÆÊÀ�Á
end else

Á�ÀÆÊÀ�Á
end of while not EOF

Á�À
490À�Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á

If the maxFeature read from modelfile is less than the numberof
features the test data has, then extend the weight vector.Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ�À

if ( maxFeatureReadÃ maxFeature) Å
weight = realloc( weight, maxFeature+1 );
for ( i = maxFeatureRead+1; i Ã = maxFeature; i++ )

weight[i] = 0; 500Æ
return 1;Æ
À�Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á

classify.h
Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á

Purpose:Header for program classificationmodule.

Programmer:Ginny Mak
Location: Montreal, Canada.
Last Updated:April 6, 2000.Á	Á	À

10À�Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á�Á�Á	ÁÂÁ
Public functions

Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	Á�À
extern int writeResult( FILE

Á
out );

extern int classifyLinear( FILE
Á
out );

extern int classifyPoly( FILE
Á

out );

extern int classifyRbf ( FILE
Á

out );
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À�Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á
classify.c

Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á
Purpose:Classifya given set of test.

The classificationresult is written to the prediction file.

Notes:None.
Programmer:Ginny Mak
Location: Montreal, Canada.
Last Updated:April 6, 2000Á	Á	À

10

#include Ã stdio.h Ä
#include Ã time.h Ä
#include Ã math.h Ä
#include "classify.h"
#include "initialize.h"À�Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	Á

Declared Functions
Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	ÁÂÁ	Á�Á�Á�Á�Á	À

static double dotProduct( FeaturePtr
Á
x, int sizeX, FeaturePtr

Á
y, int sizeY ); 20

static double power( double x, int n );
static double wtDotProduct( double

Á
w, int sizeX, FeaturePtr

Á
y, int sizeY );

static void freeMemory( void );À�Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á
Private Functions

Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�ÁÀ�Á
FN
Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á

static doubledotProduct( FeaturePtr
Á
x, int sizeX,FeaturePtr

Á
y, int sizeY) 30

Returns:the dot product of two given vectors

Purpose:Calculate the dot product of two given data vectors.

Note: This function doesnot change the passedarguments.Á	Á	À
static double dotProduct( FeaturePtr

Á
x, int sizeX, FeaturePtr

Á
y, int sizeY )Å 40

int num1, num2, a1, a2;
int p1 = 0; int p2 = 0;
double dot = 0;

if ( sizeX == 0 È�È sizeY == 0 )
return 0;

num1 = sizeX; num2 = sizeY;
while( p1 Ã num1 && p2 Ã num2 ) Å

a1 = x[p1] ÇQÄ id;
a2 = y[p2] ÇQÄ id; 50
if ( a1==a2 ) Å

dot += (x[p1] Ç�Ä value)
Á

(y[p2] ÇQÄ value);
p1++; p2++;Æ

else if ( a1 Ä a2 )
p2++;

else
p1++;Æ

return dot; 60Æ
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À�Á
FN
Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á

doublewtDotProduct( double
Á
w, int sizeX,FeaturePtr

Á
y, int sizeY)

Returns:double– the dot product betweenthe weight vector and an example.

Purpose:To speedup classifyingby just using the weight vector 70
whenusing linear kernel.

Notes:This function only applies to linear kernel.Á	Á	À
static double wtDotProduct( double

Á
w, int sizeX, FeaturePtr

Á
y, int sizeY )Å

int num1, num2, a2;
int p1 = 1; int p2 = 0;
double dot = 0; 80

if ( sizeX == 0 È�È sizeY == 0 )
return 0;

num1 = sizeX; num2 = sizeY;
while( p1 Ã = num1 && p2 Ã num2 ) Å

a2 = y[p2] ÇQÄ id;
if ( p1==a2 ) Å

dot += (w[p1])
Á

(y[p2] ÇQÄ value);
p1++; p2++;Æ

90
else if ( p1 Ä a2 )

p2++;
else

p1++;Æ
return dot;ÆÀ�Á
FN
Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ

100

static doublepower( doublex, int n )

Returns:double– the value of x raised to the power of n

Purpose:To calculatex raised to the power of n.

Notes: x can be positiveor negative. n Ä = 0Á	Á	À
110

static double power( double x, int n )Å
int i;
double p;

p = 1.0;
for ( i = 1; i Ã = n; i++ )

p = p
Á
x;

return p;Æ
120À�Á

FN
Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á

static void freeMemory(void )
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Returns:Nothing.

Purpose:Free memoryallocated in the program.

Notes:None. 130Á	Á	À
static void freeMemory( void )Å

int i;

free( lambda);
free( svNonZeroFeature);
free( nonZeroFeature);
free( target ); 140
free( weight );
free( output );ÆÀ�Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á

Public functions
Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á�Á	ÀÀ�Á

FN
Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á

int writeResult(FILE
Á
out ) 150

Returns:int – Fail(0) on errors, Succeed(1)otherwise

Purpose:To call classificationfunctionsto classify the test data
according to the kernel type and then write the results
to the prediction file.

Note: Resultsare written to the prediction file.Á	Á	À
160

int writeResult( FILE
Á
out )Å

int result;

if ( kernelType == 0 )
result = classifyLinear( out );

else if ( kernelType == 1 )
result = classifyPoly( out ) ;

170
else if ( kernelType == 2 )

result = classifyRbf( out );

if (result)
return 1;

return 0;ÆÀ�Á
FN
Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á

180

int classifyLinear( FILE
Á
out )

Returns:int – Fail(0) on errors, Succeed(1)otherwise

Purpose:Classify the test data using a linear kernel and write the
classificationresult to the prediction file.
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Notes:None.Á	Á	À
190

int classifyLinear( FILE
Á
out )Å

int i;
double startTime;

printf("Start classifying . . .\n" );
startTime = clock()

À
CLOCKS PER SEC;

for( i = 1; i Ã = numExample; i++ )
output[i] = wtDotProduct( weight, maxFeature, example[i], 200

nonZeroFeature[i] );

printf( "Classifying time is %f seconds\n" ,
clock()

À
CLOCKS PER SEC Ç startTime );

printf( "Finish classifying.\n" );
for ( i = 1; i Ã = numExample; i++ )

fprintf( out, "%18.17f\n" , output[i] Ç b );
return 1;Æ

210À�Á
FN
Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á

int classifyPoly( FILE
Á
out )

Returns:int – Fail(0) on errors, Succeed(1)otherwise

Purpose:Classify the test data using a polynomailkernel and write
the classificationresultsto the prediction file.

220
Notes:None.Á	Á	À
int classifyPoly( FILE

Á
out )Å

int i, j;
double startTime;

printf("Start classifying . . .\n" ); 230
startTime = clock()

À
CLOCKS PER SEC;

for( i = 1; i Ã = numExample; i++ ) Å
output[i] = 0;
for( j = 1; j Ã = numSv; j++ )

output[i] += lambda[j]
Á

power(1 + dotProduct(sv[j],svNonZeroFeature[j],
example[i],nonZeroFeature[i]), degree );Æ

printf( "Classifying time is %f seconds\n" ,
clock()

À
CLOCKS PER SEC Ç startTime );

printf( "Finish classifying.\n" ); 240
for ( i = 1; i Ã = numExample; i++ )

fprintf( out, "%18.17f\n" , output[i] Ç b );
return 1;Æ
À�Á

FN
Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	Á�Á	Á	Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	Á�Á�Á�Á�Á�Á	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á	ÁÂÁ	ÁÂÁ	Á�Á�Á�Á	ÁÂÁ	Á�Á

int classifyRbf( FILE
Á
out )

250
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Returns:int – Fail(0) on errors, Succeed(1)otherwise

Purpose:Classify the test data using rbf kernel and write the
classificationresultsto the prediction file.

Notes:None.Á	Á	À
int classifyRbf( FILE

Á
out )Å 260

int i, j;
double devSqr;
double startTime;

printf("Start classifying . . .\n" );
startTime = clock()

À
CLOCKS PER SEC;

for( i = 1; i Ã = numExample; i++ ) Å
output[i] = 0;
for( j = 1; j Ã = numSv; j++ ) Å

devSqr = dotProduct(sv[j],svNonZeroFeature[j],sv[j],svNonZeroFeature[j]) 270Ç 2
Á
dotProduct(sv[j],svNonZeroFeature[j], example[i],

nonZeroFeature[i] )
+ dotProduct( example[i],nonZeroFeature[i], example[i],

nonZeroFeature[i] );
output[i] += lambda[j]

Á
exp( Ç devSqr

Á
rbfConstant);ÆÆ

printf( "Classifying time is %f seconds\n" ,
clock()

À
CLOCKS PER SEC Ç startTime );

printf( "Finish classifying.\n" ); 280
for( i = 1; i Ã = numExample; i++ )

fprintf( out, "%18.17f\n" , output[i] Ç b );
return 1;Æ


