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Preface

| seemto have beenonly like a boy playing on the seashore and diverting
myselfin now and then finding a smootherpebble or a prettier shell than
ordinary, whilst the greatoceanof truth lay all undiscoreredbefore me.

IssacNewton, 1642-1727

Throughouthumanhistory greatscientistsand philosopherdnspiredus with their discoveriesaswell astheir wit
andwisdom.Fromthevery beginningwhentheideaof implementingSupportVectorMachinesusingthe Sequential
Minimal OptimizationAlgorithm germinatedto thetime this projectreportwascompleted] notonly gainedinsight
andunderstanding@boutSVM but personallyexperiencedhe truthssomeof thesegreatmenandwomenpassewn
to us. As | wasevaluatingthis projectandthe written report,| discoreredthatduring the processof developingthe
researctprojectandwriting theindividual chaptersthereis a philosophicakruth which | cananddid learnfrom each
chapter | thoughtit would be a goodideato sharethis wisdomwith my readerdy puttingthemat the beginning of
eachchapterin thereport.

Thereaderswill encountethetermsLagrangemultiplier(s) andLagrangiarfunctionin this reportalot. They were
namedafterthegreatesmathematiciamf theeighteercentury Josephouis Lagrangg1736-1813whosebiography
canbefoundin thebook“A ShortAccountof the History of Mathematics’(4th edition, 1908) by W.W. RouseBall.

It is my intentionthatthe contrikutionsof our greatscientistsandmathematiciansvill never beforgotten.| hopethe
readerdind this addeddimensionasmeaningfulas! do.

Ginny MF. Mak

Montreal,April 2000
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The beginning is the mostimportantpart of the
work.

— Plato427-347BC—

Introduction

SupportvectormachinesSVMs, area machingearningtechniquewhich is basedon the StructuralRisk Minimiza-
tion Principle[20]. Thepurposeof this projectis to implementasupportvectormachineonapersonatomputermsing
JohnPlatt’s SequentiaMinimal OptimizationAlgorithm sothata betterunderstandingf thetheorybehindSVM can
be gainedandthereportof the projectcansene asanintroductionof SVM to readersvho arenot familiar with the
subject.This reportconsistf six sectionsIn the secondsection thetheoreticalbverviev of SVM is givenfollowed
by adescriptionof how SVM worksin differentcase®f binarypatternrecognitionanda broadsurney of somerecent
applicationsof SVMs. Thethird sectiondescribeshe SequentiaMinimial OptimizationMethod,SMO, whichis one
of the mary methodsto speedup SVM implementation.The fourth sectiondetailsthe software implementatiorof
this projectdescribingthe design,the modulesmaking up the software,andthe datastructures.Theresultsof tests
conductedusingartificial dataandbenchmarksogethemwith their analysisarepresentedn thefifth section.Finally,
we concludewith a summaryof the overall projectresultsandthe issuedearnedin the implementationn the last
section.

SupportVector Machinesare a relatively recentmachinelearningtechnique. Thereare still mary unexplored ar

easand unansweredjuestionsof both theoreticaland practicalnaturein this field. While the basictheory behind
SVM is not hardto understandit doesrequiresomeknowledgeof optimizationusingLagrangaemultipliersaswell as
basicmatrix theory A review of the basicmathematicseededo understandhe theoreticalunderpinningof SVM

is includedin theappendix.



| cannotteachanybodyanything.
| canonly make themthink.

Thebeginning of wisdomis
adefinition of terms.

— Socrates—

SupportVectorMachines

2.1 Theory

Machinelearningis a searchproblem. Given a taskof classifyingsomedatainto a numberof classesa computer
programhasto searchfor an hypothesiswhich cancorrectly predictthe classlabely for aninput datax, from the
hypothesispace.

Let saywe have a setof datadravn from anunknawn distribution P(x, y)*
(X1,¥1),--, (X1, 01) X €RYyi € {~1,1}.
We arealsogivenasetof decisionfunctions,or hypothesispaceg12]
{fi : ANeN}.
whereA (anindex set)is a setof abstracparametersyot necessarilywectors.f, is alsocalleda hypothesis.
f i R — {—1,+1}.

Thesetof functionsf, couldbeasetof RadialBasisFunctionsor a multi-layerneuralnetwork. In thelattercasethe
setA is thesetof weightsof the neuralnetwork.

For a given function f,, the expectedrisk (the testerror) R(A) is the possibleaverageerror committedby f, on
the unknavn exampledravn randomlyfrom the sampledistribution P(x, y)

N = [ 51000 -dP(xy).

R(A) is ameasuref how well ahypothesisf, predictsthe correctlabely from aninputx.

Sincethe sampledistribution P is unknavn, we have to useinductive principlesto minimizetherisk. Thisis achiered
by samplingthe dataand computinga stochasticapproximationto the actualrisk. This approximationis called
empiricalrisk Renp(A) (trainingerror)

Renp(A) =

E LR

M_

wherel is thenumberof samples.

1Thejoined probability of the combinationof x,y happen.
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The Empirical Risk Minimization Principle

If Remp CONnvergesin probabilityto R, the expectedrisk, thenthe minimum of Rerpy may corverge to the minimum of

the expectedrisk R. The Empirical Risk Minimization principle allows usto make inferencesasedon the dataset
only if thethe corvergenceholds, otherwisethe principle is not consisten{12]. Vapnik and Chenonenkisshaved

thatthe convergenceto theminimumof R holdsif andonly if the corvergencein probability of Renyp to Ris replaced
by auniform corvergencein probability (Theoryof Uniform Corvergencein probability).

lim P{supR(A) = Renp(A)) >€} =0 Ve>DO0.
I “Nen
Moreover, the necessarpandsuficient conditionfor consisteng of the Empirical Risk Minimization principleis the

finitenessof the VC-dimensionh of the hypothesispaceH [12]. The VC-dimensionis furtherexplainedin the next
section.

2.2 The VC-dimension

The VC-dimensionor Vapnik Chenonenkisdimensionof a setof functionsis the maximumnumberh of vectors
z1,...,2n thatcanbe separatedhto two classesn all 2" possibleways, by usingfunctionsin the set. In otherwords,
VC dimensionis the maximumnumberof vectorsthat canbe shatteredy the setof functiong. In Figure2.1,each
dashedine separatethreevectorsinto two classesFor threevectors,the maximumpossiblewaysto separatéhem
into two classedy a functionwhich is a straightline is 23. Hencethe VC-dimensionof a setof straightlinesis 3.

Ontheotherhand,Figure2.2 shavs thatno straightline canshatterfour vectorsinto two classeslf for ary n, there
existsa setof n vectorswhich canbe shatteredy the setof functions{ fy,A € A}, thentheVVC dimensionof thatset
of functionsis equalto infinity [20].

The ability of a setof functions(a hypothesisspace)to shattera setof instanceds closely relatedto the induc-
tive bias of a hypothesisspace[10]. The VC-dimensionof a hypothesisspaceis a measureof the compleity or
expressienessof that hypothesispace.Thelargerthe VC-dimension, the larger the capacity(expressieness)f a
learningmachineto learnwithout ary trainingerror. An unbiasechypothesispacds onewhich canrepresengvery
possibleconceptdefinableover the instancespaceX andis thereforevery expressie [10]. It canshatterthe whole
instancespaceX. However, alearningmachinewith anunbiasechypothesispacecannotgeneralizewnell. In order
thatsucha learningmachinecanconverge to afinal tamgetfunction, it hasto be presentedvith every instancen the
instancespaceX asatrainingexample. ChristopheBurgeswrotein his “A tutorial on supportvectormachinegor
patternrecognition”that

A machinewith too muchcapacityis like a botanistwith a photographianemorywho, whenpresented
with a new tree,concludedhatit is not atreebecausét hasa differentnumberof leavesfrom arything
shehasseerbefore;amachinewith toolittle capacityis like thebotanists lazy brother who declareghat
if it'sgreen,it'satree.Neithercangeneralizavell.

Thetheoryof uniform corvergencein probability developedby Vapnik and Chervwonenkisgivesan upperboundof
the expectedrisk, R, with aprobabilityof 1 — § as

2. 1) v
R(\) < Remp(A) + \/h('” h +Il) N7, waea 2.1)

whereh is the VC dimensiorof f) andl is thenumberof data. The secondermof theright handsideof equation2.1
is calledthe VC-confidence.

2Thereare2" waysto labela setof n pointsin two classeslf for eachlabelling of the setof n points,amemberof a setof functioncanbe
foundwhich cancorrectlylabelthe points,thenthe setof pointsis shatteredy thatsetof function.
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To geta small R, we needa small Renp and a small ratio of I—h at the sametime. h dependson the setof func-
tions which the learningmachinecanimplement. Renp dependson the f, chosenby the learningmachineandit
decreasewith increasingh. We have to chooseanoptimal h especiallywhenl, the numberof data,is smallin order
to getgoodperformanceThisis whereStructuralRisk Minimization, animprovedinductionprinciple,comesn.

2.2.1 Structural Risk Minimization

Let S= {f\:A € A} beasetof functionsand/\x be asubsebf A, and

S = {f)\:)\ GAk}.

We definea structureof nestedsubset
SCScC...c§C... (2.2)

suchthatthe correspondind/C dimensionof eachsubset, satisfieghe condition
hh<hy<...<hy<...

Eachchoiceof a structureS producesa learningalgorithm. For a given setof | examplesz,...,z, StructuralRisk
Minimization principle chooseshefunction f)\,” in thesubset fy: A € Ay} for which the secondermof equation2.1
is minimal[17].

However, implementingSRM can be difficult becausghe VC dimensionof S, could be hardto compute. Even if

we cancomputeh,, of §,, finding
: h
min (Remp()\) +\/I—”> .

amonghy’sis harc.

SupportVector Machines,SVM, are ableto achieve the goal of minimizing the upperboundof R(A) by minimiz-
ing aboundontheVC dimensionh andRenp(A) atthe sametime duringtraining. The structureon which SVMs are
baseds a setof separatindiyperplanes.

Let X be a N-dimensionainstancespace.We have a setof vectors{xi, xy,..., X } wherex; € X. Eachhyperplane
w.X —b = 0 will correspondo acanonicapair (uniquepair) (w, b) if we putaconstrainthat

minw.x; — b| = 1, =1, (2.3)

This meansthat the point closestto the hyperplanehasa distanceof 1/||w||. The VC-dimensionof the canonical
hyperplaness N + 1[20]. For StructuralRisk Minimization to beapplicablewe needto construcisetsof hyperplanes
of varying VC-dimensionso thatwe canminimize the VC-dimensionandthe empiricalrisk simultaneously This is
achiezed by addinga constraintonw in thefollowing way.

Let R betheradiusof thesmallestall By, .y, whichcontainsxy,xo,...,X
Bx,..x ={X € X:||x—a|| <R},ae X.
We alsodefinea decisionfunction fy, , sothat[1]
fwb : By, ;g — {E£1},

fwp = sgr((w.x) —b).

SWe ignorethelog factorin equation2.1
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The possibility of introducinga structureon the setof hyperplaness basedn theresultof Vapnik[2Q thatthe setof
canonicahyperplanes

2.4
fua s ) (Il <)) @4
hasa VC-dimensionh, which satisfieghefollowing bound[12

h < min{[R?A?],N} + 1. (2.5)

Remawing the constraint/|w|| < A givesusa setof functionswhoseVC-dimensionis N + 1 whereN is the dimen-
sionalityof X. By addingtheconstraint|w|| < A, we cangetVC-dimensionghataremuchsmallerthenN andhence
allow usto work in avery high dimensionakpace[1F.

Geometricallyspeakingthedistancefrom apointx to the hyperplanalefinedwith a (w,b) is
d(x;w,b) = ———

Equation2.3 tells us that the closestdistancebetweenthe canonicalhyperplane(w, b) andthe datapointsis m

Since||w|| < A, theclosestdistancebetweerthe hyperplaneandthe datapointsmustbe greaterchan% (seeequation
2.4). The constrainedetof hyperplanewill have a distanceof at Iease% from the datapoints. This is equivalentto

putting spheresof radius% aroundeachdatapoint and consideronly thosehyperplaneshat do not intersectary of

thespheres[1R

If the setof training examplesare linearly separablethenthe SVM which is basedon StructuralRisk Minimiza-
tion is to find amongthe canonicahyperplaneshe onewith the minimumnorm (||w||?) because smallnormgives
asmall VC-dimensionh (seeequation2.5). In the next section,we will shav thatminimizing ||w]||? is equivalentto
maximizingthedistancebetweerthetwo corvex hulls of thetwo classe®f data,measure@longaline perpendicular
to the separatindgiyperplane[1R

2.3 How SVM works
We will illustratehow SVMswork by describingthe threedifferentcasesn binary patternclassification.
Linearl y Separable

Thedatato beclassifiedarelinearly separable.

The generalequationof a planein n-dimensionds w - x = b wherex is an x 1 vectotr w is the normalto the hy-
perplaneandb is a (scalar)constantOf all the pointson the plane,onehasminimumdistanced, to the origin

)
Gmin = [

Trainingpatterns(xs, y1),. . . ,(X,¥1) aregivenwherey; is ad-dimensionalvectorand
yi=1 if Xj isin classA,

yi=-1 if x; isin classB.

If thedataarelinearly separablethenthereexist a d-dimensionalectorw anda scalarb suchthat
w-xi—b>1 if yi =1; w-xi—b<1 if yi =-1. (2.6)
In compactorm, equation2.3 canbewritten as

Vi(w-x—b) >1 (2.7)
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[
b/[|w|
Optimal Separating Plane Margin
{X| w.x-b =0}
®

Support Vectors

C)

Figure2.3: Optimal separatingplaneandsupportvectors

or
—(¥i(w-xi —b) —1) <0.

(w,b) definesghe hyperplaneseparatinghetwo classe®f data. Theequatiorof thehyperplanes w-x — b = 0 where
w is normalto the plane,b is the minimumdistancerom the origin to the plane.In orderto make eachdecisionsur

face(w,b) unique,we normalizethe perpendiculadistancefrom the origin to the separatindiyperplaney dividing
bl

it by ||w/||, giving thedistanceasW.

As depictedn Figure2.3,the perpendiculadistancegrom the origin to hyperplaneH; : w-xi—b=1is %

The perpendiculadistancefrom the origin to hyperplaneH, : w-xi—b=—-11is % The supportvectorsare

definedasthe training pointson H; andH,. Remwing ary pointsnot on thosetwo planeswould not changethe
classificationresult, but remaoving the supportvectorswill do so. The mamgin, the distancebetweenthe two hyper

planesH; andH; is ﬁ The mamgin determineghe capacityof the learningmachinewhich in turn determineghe

boundof the actualrisk - the expectedtesterror R(A) (seeequation2.1). The wider the maigin the smalleris h, the

VC-dimensionof the classifier Thereforeour goalis to maximize2; which is equivalentto minimizing % Now

fTwll
we canformulateour problemas

Minimize )
o Iwl
2

subjectto
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wherel is thenumberof trainingexamples.

This problemcanbe solved by using standardQuadraticProgrammingechniques.However, usingthe Lagrangian
methodto solve the problemmalesit easietto extendit to thenon-linearseparableasepresentedn the next section.
To getacquaintedvith the subjectof LagrangamultipliersandKarush-Kuhn-Tucker (KKT) conditions,‘Introduction
to operationatesearch’by J. G. EikerandM. Kupferschmid5] is agoodreferenceA review of LagrangiarMethod
andKarush-Kuhn-Tucker conditionsis includedin theappendix.

ThelLagrangian function of this problemis

LD(W7 ba/\) = f(X) +i)\lgl(x)
_ |

- %y—ZNmmxﬁm—n

:IZAiin-Xi + izlzl)\iyib-i- iZIZlAi

where/A = (A1,A2,...,A)) is thesetof Lagrangemultipliers of thetrainingexamples.

|
ww_
2 i

TheKKT conditions for this problemis
Gradient condition:

oL '
O—V\f =W-— i;)\i)’ixi =0, (2.8)
aL oL, oL aL
wheree = (S2, 22 . S2)
oLy o
b i;AM =0, (2.9)
oLy
o = (x) = 0. (2.10)
Orthogonality condition:
Aig = —Ai(yi(w-xi—b)—1)=0 i=1,...1 (2.11)
Feasibility condition:
—yi(w-xi—b)+1<0 i=1...1. (2.12)

Non-negatiity condition:

A >0 i=1,...1. (2.13)
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The stationarypoint of the Lagrangiandetermineghe solutionto the optimizationproblem. Substitutingequations
2.8and?2.9into theright handsideof the Lagrangiarfunctionreduceshe functioninto the dualfunctionwith A; as
thedualvariable.The dual problemafterthe substitutionis:

Maximize
[ 111
lo=SAi—= AAYiYiXi - Xi (2.14)
i;I Zi:i;IJIJI J
subjectto
|
Aiyi =0
i=
)\| > O | = l7 ,I

We canfind all theA’s by solvingequation2.14with QuadraticProgrammingw canthenbe obtainedfrom equation
2.8
|
w="Y AyiX.
2

Ai is > 0 atthepointwhichis a supportvectorandthe correspondingonstrainis active. It is zeroat the pointwhich
is notasupportvectorandthe correspondingonstraints inactve.
We cancalculateb usingequation2.11

)\i(yi(w-xi—b)—l):O i:l,...,| (2.15)

by choosingthe x; with nonzera\.
Theclassof aninput datax is thendeterminedy

clasgx) = sign(w-x—b) (2.16)

In practicebecaus@f numericalimplementatonthe meanvalueof b is foundby averagingall theb’s computedusing
equation?.15.

Figure 2.4 shaws the result of training a setof datawhich are linearly separablavith a C parametenf 4.5. C is
a parametewhich canbeimaginedasa penaltyfactor ThelargerC is the narraver the magin andtherewill beless
trainingerror A smallerC givesawider maigin with moreof the outliersincluded.Thefigurewasproducedvith the
interactve Pythonprogramdemo.py (seeAppendixB for theinteractve window of the GUI anda brief description
of theprogram).Margin supportvectorsarecircledwith darkcirclesandboundsupportvectorsarecircled with light
circles. Bound supportvectorsare thosevectorswhoselLagrangemultipliers equalthe C parameter Thesebound
supportvectorslie closerto the separatingplanethanthe maigin supportvectors.In somecaseghey lie ontheother
side of the separatingplaneandaretraining errors(misclassifiedooints). The middle line is the optimal separating
planefoundby thelinear SVM. Thetwo light linesarelinesjoining the maigin supportvectors.

2.3.1 Linearl y Nonseparab le Case

If alinearly separatindnyperplanaloesnotexist, we couldstill searcHor alineardecisionplaneby introducingasetof
variable<t, whichmeasure¢hedegreeof violation of theconstraintdor alinearly separablease y;(w-x; —b) —1 > 0.
(Seeequation2.7).

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

subjectto

.1 !
f(w,Z) = §||W||2+C_;E

Yi(w-xi —b) >1-¢;,

&i >

0, i=1,...,l

i=1,...,l

whereC is determinedby theuserand= = (§,...,§). OnecanimagineC asa penaltyfor errors. A smallC max-
imizesthe maigin andthe hyperplands lesssensitve to the outliersin the training data. A large C minimizesthe
numberof misclassifiegpoints.

Now theLagrangiarfunctionis:

Lp

| | |
AIWIEHC S &~ 5 AW )~ 1+8) ~ 3 &

wherey; arethe Lagrangiarvariablesintroducedby the constrain€; > 0

TheKKT conditions for the problemare:

Gradient condition:

oL dL oL

oL _ (o oL oL
whereg: = (awl’awz7"‘7awd

Orthogonality condition:

Feasibility condition:

Nonnegatvity condition:

)

oL :
W :W—i;)\iyixi =0
o
=S Ay=0,
ob i; !
oL
a_E_:C_)\i_MZO’
i
oL
a—)\i:—(yi(xi-w—b)—1+2i).

Ai(yi(xi-w—b) —1+¢) =0,

(yi (X -w—b) —

1+&) >0,

(2.17)

(2.18)

(2.19)

(2.20)

(2.21)

(2.22)

(2.23)
(2.24)
(2.25)
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wé& =0, i=1,...,1 (2.26)

Substitutingequation®.17and2.18into theright sideof the Lagrangiarfunction,we obtainthefollowing dualprob-
lemwith thedual Lagrangiarnvariablesasbefore.

Maximize | |
1
i;IZiJZ:lIJlJlJ

subjectto:
0<A LC,

ilzi)\iyi =0.

Thesolutionfor w is foundby equation2.17which describe®neof the KKT condition:

|
I; 1Y1A

Againb canbefoundby averagingover all thetrainingexamples’b values which arecalculatedoy usingthefollow-
ing two KKT conditions:

Ai(yi(w-xi —b) —1+¢&)=0
(C=A)& =0

The above equationsalsoindicatethat §; = 0 if A; < C. Thereforeb canbe averagedover only thoseexamplesin
which0 < A; < C.

If Aj <C, then&; = 0. Thesupportvectorslie ata distanceof m from the separatindiyperplane Thesearemargin
supportvectos. WhenA; = C, the supportvectorsare misclassifiedoointsif & > 1. When0 < ¢ < 1 the support
vectorsareclassifiedcorrectlybut arecloserthanthe ﬁ from the hyperplaneTheseareboundsupportvectors.See
Figure2.5. Figure2.6 andFigure 2.7 shawv theresultsof training by meansof the demo.py programon datawhich
arenotlinearly separableThetrainingin Figure2.6 wasdonewith a C parametenf 4.0while thatin Figure2.7was
donewith a C parametepnf 10.5. Margin supportvectorsarecircledwith dark circlesandboundsupportvectorsare
circledwith grey circles.Onecanseethe mamgin narravs with increaseof C andtherearelessboundsupportvectors
which are supportvectorswith their Lagrangemultipliers equalC. Notice the changein orientationof the optimal

separatinglane.

2.3.2 Non linear decision surface

In mostclassficatiorcasesthe separatingplaneis non-linear However, thetheoryof SVM canbeextendedo handle
thosecasesaswell. Thecoreideais to maptheinputdatax into afeaturespaceof ahigherdimension(aHilbert space
of finite or infinite dimension)14] andthenperformlinearseparationn thathigherdimensionakpace.

X —>¢(X)7
X = (X1,X2,---,%n),

O (%) = (92(%), 92(x);- -, n(X);---),

where¢,(x) aresomereal functions. Thereis an optimal separatindiyperplanen a higherdimensionwhich corre-
spondgo anonlinearseparatingurfacein inputspace A very simpleexampleto illustratethis concepts to visualize
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A=C A=C
E>1 0<¢<1l

Figure2.5: Marginal andboundsupportvectors

separating setof datain a 2-dimensionakpacevhosedecisionsurfaceis acircle. SeeFigure2.8. We canmapeach
datapoint (x1,x2) into a 3 dimensionafeaturespace.

Datainsidethe circle aremappedo pointson the surfaceof the lower spherevhereaghe onesoutsidethecircle are
mappedo pointson the surfaceof the uppersphere Thedecisionsurfaceis linearin the 3-dimensionasphere.

Thesolutionof the SVM hasthe sameform asthelinearseparatingase.Seeequatiorn2.16.

Classof data = sign(¢(x)-w—b) = sign (__lzlyi)\iq)(xi) -(x) — b) . (2.27)

We do not needto know the function ¢ in orderto do our calculation. A functionK calledkernel functionwith the
propertieghat

K(X,y) = 6(x)-0(y)

sign(_lzlyi)\iK(xi,x) — b) .

We canfind kernels,which identify certainfamiliesof decisionsurfaces.Mercers Theorem[2] givesa criterionfor
decidingif akernelcanbewrittenin theform ¢(x).¢(y).

will simplify equation2.27to

Mercer’'s Theorem
K(X,y) = ¢(x) - ¢(y) iff
K(x,y) = K(y,x) and

//K(x,y)f(x)f(y),dxdy >0, fel?
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Figure2.6: Nonlinearlyseparablelata, C = 4.0
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Figure2.7: Nonlinearlyseparablelata,C = 10.5
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Linear Separating Plane
in feature space

Input Space

Figure2.8: Linearseparationn a high dimensionakpace

Thefollowing aretwo examplesof kernelfunctions.
Example 1.

X = (X1,%2)

O(X) = (1,V2x1, V2%, X2, X3, /% %2)

O(X)-0(Y) = 1+ 2xy1+ Y2+ 2EY; + 2Xy1%eY2
= (1+xy1+%Y2)?
= (14xy)?
K(,y) = 0(x).0(y) = (L+x-y)?
K is afinite polynomialkernel,which satisfiesMercers Theorem.The separatingurfacein the datainput spacds a
polynomialsurfaceof degree2.

Example 2:

lix— vl
K(X,y)zeXp(_”szyll ) , oeR

The GaussiarkernelsatisfiedViercers Theoremandit is infinite.

Usingakernelfunction,equation2.14canbewritten as

W) = iIZlAi — %igilzlyiyjK(Xi X )AiA|.

Figure2.9 andFigure2.10shawv the training resultsusinga polynomialkernel of degree2 anda C parameteof 15
and30 respectrely on nonlinearlyseparablelata.
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Figure2.9: Nonlinearlyseparablelata: polynomialkernelof degree2, C = 15

Figure2.11andFigure2.12shav thetrainingresultsusinga polynomialkernelof degree2 anda C parametenf 25
and50 respectiely.

Figure2.13andFigure2.14 shav thetraining resultsusinga radial basisfunction kernelwith a C parameteof 2.5
and6.5andavarianceof 1.

In all of thefigures,it is noticedhow thenumberof boundsupportvectorsdecreaseasthe separatingnaigin narrovs
with theincreaseof C parameter The orientationof the separatingplanechangesaswell. All resultsare produced
usingtheinteractve Pythontool demo.py.

2.4 Applications of SVM

Increasinglyscientistsand engineersare attractedto SVM to solve mary real-life problemsbecauseof its sound
theoreticafoundationand proven state-of-the-arperformancen mary applications.In classificationproblems the
classifieronly needdo calculatetheinnerproductbetweertwo vectorsof thetrainingdata. Thegeneralizatiorability
of SVM only depend®on its VC-dimensionandnot on the dimensionof the data. The following is a broadsurney of
applicationsof SVM in differentfields.

Whenelectronsandpositronscollide, they generatea hugeamountof enegy andparticles.Monte Carlomethodsare
usedto simulatethesecollision eventsin a detectomwhich measureshe physicalpropertiesof the particlesgenerated
from the collision events. The goal of the researctwasto classifytheseeventsaccordingto the quark-flavour they



2.4 Applications of SVM

18

Figure2.10: Nonlinearlyseparablelata: polynomialkernelof degree2, C = 30
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Figure2.11: Nonlinearlyseparabl@lata: polynomialkernelof degree2, C = 25
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Figure2.12: Nonlinearlyseparabl@lata: polynomialkernelof degree2, C = 50
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Figure2.13: Nonlinearlyseparabl@lata:radialbasisfunctionsigma2=1,C = 2.5
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Figure2.14: Nonlinearlyseparabl@lata:radialbasisfunctionsigma2=1,C = 6.5
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originatefrom andidentify the particlesin theseevents[§. The quark-flasour probleminvolvespatternsof 3x100kin
size.SVMs(RBFkernel)wereusedin solvingthis classificatiorproblem.

Facedetectionasa computervisiontaskhasmary potentialapplicationssuchashuman-computeinterfaces suneil-
lancesystemsgcensussystemsandcancergronth detection. An arbitraryimage(digitized video or scannedhoto-
graph)is usedasaninputto a detectionsystemwhich determinesf thereis any humanfacein theimageandreturns
anencodingof thosefaces’locationsif the detectionis positive. FacedetectionJike mostobject-detectiomproblems
whichis to differentiatea certainclassof objectsfrom all otherpatternsandobjectsof otherclassesis differentfrom
objectrecognitionwhich is to differentiatebetweenelementsof the sameclass[§. Object-detections a hardprob-
lem becausat is hardto parameterizenalyticallythe significantpatternvariations. In face-detectioproblemsthe
source®f the patternvariationsarefacialappearancexpressionpresencer absencef commonstructuralfeatures,
like glasser a moustacheshadws, etc.[13. In thefacedetectionresearctdonewithin the Centerfor Biological
and Computationalearningat MIT, researcherapply SVMs to the classificationstepof the detectionsystemand
getresultswhich areaswell asotherstate-of-the-arsystems SVMs have alsobeenappliedto a greatvariety of 3-D
objectrecognitionproblemsandproduceexcellentrecognitionrates[15.

A researclgroupin Germaiy appliedSVMsto anengineknockdetectionsystenfor comhlustionenginecontrol[g. A
large databasevith differentenginestate2000and4000roundsperminute;non-knocking porderlineknockingand
hard-knockingwerecollected. The problemis highly non-linear Differentapproachesvereusedincluding SVM,
MLP netsandAdaboost.SVM outperformedall otherapproachesignificantly

SVMs have beenappliedto mary biomedicalresearchesWhen extracting protein sequencefrom nucleotidese-
guencesthetranslationinitiation sites(regionswherethe encodingproteinsstart) have to berecognized SVMs are
usedto recognizehesesites. SVMs performbetterthanneuralnetwork[21]. SVMs have alsobeenappliedto breast
cancerdiagnosisandprognosigoroblemThe datasetsedis the Wisconsinbreastcancerdatasetontaining699 pat-
ternswith 10 attributesfor a binary classificationof malignantor benigncancer The systemwhich usesAdatron
SVM has99.48%successate,comparedo 94.2%(CART), 95.9%(RBF), 96% (linear discriminant),96.6%(Back-
propagatiometwork)[6]. Researcheratthe University of California, SantaCruzhasusedSVMs with alinearkernel,
polynomialkerneland RBF kernelto functionally classify genesusinggeneexpressiondatafrom DNA microarray
hybridizationexperiments. SVMs outperformedall otherclassifierswhenthey areprovided with a specificallyde-
signedkernelto dealwith very imbalancedlata[g.

SVM hasbeengeneralizedo regressionandbeenappliedto the problemsof estimatingreal-\aluedfunctions. The
Bostonhousingproblempredictshousepricesfrom socio-economi@nd ervironmentalfactors,suchas crime rate,
nitric oxide concentrationdistanceto employmentcentersandageof a property[§. SVMs outperformthe baseline
system(bagging)on the Bostonhousingproblem[§[3]. Baggingis atechniqueof combininga multiple of classifiers
(anensemble)saydecisiontreesandneuralnetworks,andproducinga singleclassifier Generally theresultingclas-
sifieris moreaccuratehanary of theindividual classifierin theensemble[1]L

Closelyrelatedto regressionproblemsare time seriespredictionand dynamicreconstructiorof a chaoticsystem.
The essencef the problemis to reconstructhe dynamicsof an unknavn system,given a noisy time-seriesepre-
sentingthe evolution of onevariableof the systemwith time. Therekuilt modelshouldbe ascloseaspossibleto the
original systemin termsof its invariants.Researcheneportexcellentperformanceesultwith SVM andits effective-
nesswith thistype of problems[§[9].

The continuinggrowth of the internetincreaseshe demandof text cateyorizationtools to help us manageall the
electronictext informationavailable. We needfastandefficient searchenginestext filters to remove junk mail, infor-
mationrouting/pushingglassifierdor saving files, emailsandURLS. Text cateyorizationis ataskof assigninghatural
languagdextsto oneor morepredefinectatgyoriesbasedntheir contents.Thetaskhascertaincharacteristicgvhich
make SVMs especiallysuitablefor it. Text catgyorizationhasto dealwith datawith mary featurequsualymorethan
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10,000)becauseachstemmedvord’ is afeature. The documentectorof atext documenis sparsej.e. it contains
few non-zeroentries. A text documenthas’dense’concept-ery few irrelevant features. Most text cateyorization
problemsarelinearly separableExperimentof researchers|fi7] affirm the suitability of SVMs to text classification
tasks. They arerobust andconsistentlygive good performancethey outperformexisting methodssubstantiallyand
significantly[7.

”

4Theword stemis derived from the occurancdorm of aword by remaving caseandflectioninformation[7. Hence“‘computes” “comput-
ing” and“computer”areall mappedo the samestem“comput”.



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

— Albert Einstein,1879-1955—

Implementatiorof SVM Using SequentiaMinimal
Optimization

Solving a quadraticprogrammingproblemis slowv andrequiresa lot of memoryaswell asin depthknowledgeof
numericalanalysis.SequentiaMinimal Optimizationdoesaway with the needfor quadratigorogramming.

3.1 How SMO works

The QP problemfor trainingan SVM ist:

Maximize | -
1
WA)=S A —= ViViK(Xi - Xi )AiA (3.1)
(A= T N=35 3 wyiKos AN
subjectto :
0<A LC, i=1...,1, (3.2)
[
yiAi = 0. (3.3)
i; 17\

As shawvn in chapter2, the SVM overview sectionthe KKT conditionswhich arethe necessarandsuficient condi-
tionsfor apointto be optimalin thefollowing equation

| |
Lp= %HWHZ‘FC lei - zi)\i(Yi(Xi W—b)—1+&) = 3 Wi
= R =1
are:

NMi(w-xi—b)—1+&)=0  and  (C-A)§=0
They canberewritten as:
Ai(yif(xi) —1+&) =0 and(C - A& =0

wheref(x;) = (w-x; —b).
WhenA; = 0,theng; = 0, andy; f(x;) > 1
WhenO < A; < C, theng; =0,andy; f(x;) —1=0

1This chapteris basedn J. Platt's paper[13. We will usemostof the notationsusedby Platt.
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A2 A2
H
C C
H
L
0 L C Al 0 C Al
Case 1: Case 2:
1=y2
y1l not equal y2 yr=y
Al+A2=y

A -AN2=y

Figure3.1: Two case®f optimizations

WhenA; =C, theng; # 0, andy; f(x) <1

TheseKKT conditionscanbe evaluatedoneexampleat atime andwhenall theA’s obey the KKT condition,thenW
reachests maximum.

SMO solvesthe optimizationproblemin the SVM techniquewithout any extra matrix storageby decomposinghe
probleminto small subproblemsThe smallestsubproblenin this caseis onewhich optimizestwo Lagrangemulti-
pliersbecaus®f the equalityconstraint.
[
ZAiYi =0.
i=

At eachstep,SMO pickstwo Lagrangemultipliersto optimizejointly andupdatethe SVM at the endof eachopti-
mization.For sucha smallproblem,analyticalmethodcanbe usedinsteadof QPto solve for thetwo A’s.

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

Theconstraintof eachA is
0<ALC

Hencethetwo A’s lie within aboxed area.SeeFigure3.1

Thetwo A’'s mustfulfil theequalityconstraintz!:l)\iyi = 0. Call thesetwo A’'s A1 andA5 then

|
A1y1+A2y2 + Z)\i)’i =0
i=

or

1
Ay1+Ayo =Yy wherey = — Z)\i)’i
i=
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A2
(C+y’, C)
- 1
Y
Hl
: (C.C-v)
©,-y")
0 L C Al
(AL, 0)
©,-y)
Figure3.2: Casel
Therearetwo casedo consider(remembery; € {1,—1}):
Casel: y; # y» then
AM—A2=Y. (3.4)
Case2: y1 =y, then
AM+A2=Y. (3.5)
Let s=y1y», thenequations3.4and3.5 canbewritten as:
M+ =y (3.6)

andy = A%'9 4 s\3'4 peforeoptimization.

The bound constraintequation3.2 requiresthat the two Lagrangemultipliers lie within the box and the equality
constraintequation3.3 requiresthatthey lie on adiagonalline. The endpointsof thediagonalline canbe expressed
asfollows:

Casel: y1 # V. (SeeFigure3d.2)

)\gld _ )\gld =v.
L (A2 atthelowerendpoint)is:
max0, —y) = max0,A3'¢ — A9!). (3.7)
H (A, atthe higherendpoint)is:
min(C,C —y) = min(C,C +A3'4 — A9'9). (3.8)

Equation 3.7 and 3.8 are usedin the codeimplementation.
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A2
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c H (A1, C)
©0,v)
Y- C {---- L(C, y- Q)
0 c v, 0)

(v’ 0)

Figure3.3: Case2

Case2: y1 =V, (SeeFigure3d.3)
)\i)ld +)\(2)|d =y

L (A, atthelower endpoint)is:
max0,y—C) = max0,A$¢ + 194 —C).

H (A, atthe higherendpoint)is:
min(C,y) = min(C,A9'¢ +A3'9).

Equation 3.9and 3.10are usedin the codeimplementation.

Equation3.1for W(A) canbewritten as:

: 1

W= 3N~

wherek;j = K(x;,Xj) andA = (A1,A2,...,\)).

|
> YiyikijAiAj
=1

NI

PuttingW asafunctionof Ay, A, by settings= y1y, andv; = zlj:3yj)\jkij we get

| 12 2
W(QALA2) = AM+A2+ ) Ai—5 ViYikiiAiN

1 2 | 1 I 2
22 J;Yiyj'kiinM—éi;glymkiﬂ\ﬂ\j

_%i:i];)’iyjkij)\i)\j

Al

(3.9)

(3.10)



3.1 How SMO works 29

|
1 1
= M+A2+ ;Ai - Ekn)\f - ékzz)\ﬁ — skioA1A2
1 1
5 J;Yﬂ’j KijA1Aj — > J;Yﬂj kojA2A |
1/ 1/
—= ) YivikiaAidL — 2 ) VivekioAiAz

1 [
_z ik A
Zi;JZQ)nyJ jAiAj

|
1 1
= A+A+ 237“ — §k117\§ - §k227\§ — SkioA1A2 — Y1A1V1 — YoAoVs
=
11
22 Zz iYiKijAiA|
1 2 1 .5
= A+Ar— §k117\1 - §k227\2 — skioA1A2 — Y1A1Vy — YoAoVo
+Weonsant

(3.11)
whereWeongant = Z=:3)\i — % Z!:g Z|j:3injkij)\i)\j-

SinceA; = y— Sk, we canrewrite W asa functionof A, by substitutingy — sA, into equation3.11. Therefore

W(Az) = y—Sha+Az2— :—2Lk11(v— N2)? - :—2Lk227\§ —skio(Y—Sh2)Az
—Y1Vi(Y— SA2) — YaV2A2 +Weongan
= Y-St Ao Sk ks — ki~ skoodd
—skizyAz + k12A3 — yiviy+ Yivishz

—Y2V2A2 +Weonsart
(3.12)
Thefirst derivative of W w.r.t. A, is
ow
m, ~ °f 1+ syki1 — kiaAz — KooAo — Sykiz+ 2KioA2 + SYvi — YoVz
= —s+1+skii(y—sh2) — kooAz + kiAo — Skia(Y— SA2) + ya(vi — Vo)
(3.13)
wheresy, = y1y2y1 = Y5y = Ya.
Thesecondderivative of W w.r.t. Ay is:
% =2ki2—kir—k2=n (3.14)

Equation 3.14is usedin the codeimplementation.
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Now we arereadyto calculatethe constrainednaximumof the objective functionW (equation3.1) while allowing
only two Lagranganultipliersto change We first definek; asthe errorontheith trainingexample

Ei=u—yi,

wherey; is the outputof the SVM with inputx; andy; is theclasslabelof x;.
Fromequation2.27we get

I
U = z yj7\jk1j —b
j=1

|
= Zgyj)\j Kij +Y1A1ki1 + YoAokio — b
J:

= Vi —b+yiAikis+yoAokio

or
V1 = Uy + b —yoAoKio — SypA1kig (3.15)
Similarly,
|
U = z yj)\jkzj —-b
j=1
|
= Zym Ki2 +Y1A1kio+ YoAokoo — b
J:
= Vo — Db+ y1A1kio + YoAokoo
or

Vo = Up + b —y1A1k1o — YoA koo (3.16)

At themaximalpoint of W, equation3.13 g—X‘; is zero.Hence

Ao(K11+ koo — k12) = S(k11 — Ki2)y+y2(vi — Vo) +1—5 (3.17)

Substitutingequations3.15and3.16into equation3.17,we get

(—MAS® = sy(ku—kKi2) +Y2(Us +b—up — b) — y3AS ks,

—\$%q 1+ ka2 + A3 ko2 + V3 — VY2

= (A + AG) (ks — ki2) — A3Kao + A9 kyo — AUk
+A3' %02+ Yo (Uy — Up + Yo — y1)

= %1 — A kg2+ A3 %1 — A3 K1o — Ay
A2 — AP K11 + A3 ka2 + Yo (Us — Y1 — Uz +Y2)

= N%(—2kiz+ K11+ ko2) +Y2(E1 — Ep)

= (—n)A39+y,(E1 - E).

A = 7 yiz(Eln_ B (3.18)
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Equation 3.18is usedin the codeimplemenation.
Oncewe find A3®" which is atthe unconstrainednaximum,we have to constrainit to within the endsof the diagonal
line sgment.SeeFigure3.1

_ H if AQ® > H
Apvetipped — [ anev jf | <MDV < H . (3.19)
L if AQ <L

Equation 3.19[13 is usedin the codeimplementation.
To computethe constrained\; we malke useof theequation:

)\EGN_i_y\geN:C“pped =A% 99l

which givesus
)\EeN _ )\gld + S()\gld B )\ge/v,clipped)‘ (320)

Equation 3.20[13 is usedin the codeimplementation.

Whenwe evaluaten, the secondderiative of W, usingequation3.14,we mightfind thatit is evaluatedto zerowhen
thereis more than one examplein our training examplehaving the sameinput vectorx. In this casewe will find
anotherexampleand re-optimizethe first multiplier with a new A,. Undersomeunusualcircumstancesy is not
negative. Then,SMO evaluateghe objective functionat eachendof theline segment(seeFigure3.2andFigure3.3)
andusegheLagrangemultipliersattheendpoint, which yieldsthe highestvalueof theobjectve functionasthenew
MN's. Thisis how we canevaluatethe objectie functionsat the endpoints.

LetL; bethevalueof A; atthelower endpoint of theline segment.
Let Hy bethevalueof A1 atthe higherendpoint of theline segment.
Let L, bethevalueof A, atthelower endpoint of theline sgment.
Let H, bethevalueof A, atthe higherendpoint of theline segment.
Both L, andH, canbefoundfrom theequationgair 3.7,3.8or 3.9, 3.10dependingon thevalueof y; andys.
Then,by usingequation3.20,we have
le)\l-I-S()\z—Lz), (3.21)

H]_:)\l—l-S()\z—Hg). (3.22)

Equations 3.21and 3.22are usedin the codeimplementation.

|
U1 = Y1A1K11 4 YoAokio + 23)\jyj kij —b.
J:

up—Yy1=Es.
Hence

yi = W—-FE

|
Y1A1Ki1+YyoAzkio + ZS)\jyj kij —b— Ej.
J:

After multipling bothsidesby y; andusings = y1y» we have

I
1=A1ki1+Yy1y2A2ki2+y1 237\1'3/1' Kij — yib—y1Es.
J:



3.1 How SMO works 32

Rearrangingheterms,we have

|
Y1 ;)‘J’yj kij — 1= y1(E1+b) — Azkis — SAokao,
i=
or

Y1Vv1 — 1= yl(E]_ + b) — )\1k11 — S?\zklz. (323)
Similarly we get:

|
Y2 Z;‘jyj koj — 1= y2(E2+b) — A2ko2 — SA1kio,
=

or
YoVo — 1= yz(Ez + b) — Aokoo — SA 1K 0. (3.24)
Let usdefine |
fi=y1 ngijklj —1l=yvi—1 (3.25)
J:
and |
fa=y> ;Ajyjkzj —l=yv,—-1 (3.26)
=
Substitutingequations3.23,3.24into 3.27and3.28respectrely we get
f1 = y1(E1 +b) — Azkis — Shokpz (3.27)
and
f2 = y2(E2 +b) — Aokaz — SA ko (3.28)

Whenwe evaluatethe objective functionW (A1, ) ateachendpointof theline sggmentfor finding the highestvalue,
we only needto evaluatethosetermsinvolving the variableA; andA, in equation3.11becaus¢herestof theterms
do not changeduringoptimization.Let uscall this functionwhichinvolvesonly thetermsi; andA,, w(A1,A2).

We areinterestedn the changen the objective function (equation3.11)attheendpointgLs, L)

W(L1,Lo) = L1+ Lo — 3L2ka1 — L3kap — SLiLokiz — Layavi — LayaVa.

Sincey;vi = f1+ 1 (equation3.25) andy,v, = f 4+ 1 (equation3.26), we canrewrite w(L,L,) at the lower end
as:

1 1
W(Ll, Lz) = Li+Ly— —L%kll — EL%kzz —slyLokso

2
—Ll(fl—l— l) — L2(f2—|— l)
1 1
= —EL%kll — EL%kzz —slylokio— Ly f1 —Lofo.
(3.29)
Similarly, we obtainw(H1,H;) atthe higherendpointas:
1 1
W(H1,Hp) = _Elek”_ éH22k22— SHiHokip — Hify — Hafo. (3.30)

Equation 3.29and 3.30are usedin the codeimplementation.
If w(L1,L2) andw(H3,H2) arethe samewithin a small round-of error of €, thenthe joint optimizationmakesno
progressWe will skipthesetwo A’s andfind anotherpair of multipliersto optimize.
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3.2 Choice of Lagrang e multiplier s for optimization

The SMO algorithmis basedon the evaluationof the KKT conditions. Whenevery multiplier fulfils the KKT con-
ditions of the problem,the algorithmterminates.The KKT conditionsareverifiedto within €. Plattmentionsin his
paperthate is typically in therangeof 102 to 10~3. Two heuristicsareusedto choosaghemultipliersfor optimization.

The outerloop of the algorithmfirst iteratesover the entire setof training examplesdecidingwhetheran example
violatestheKKT condition.If it doesthenthatexampleis choserfor optimizationimmediately A secondexampleis
foundusingthe secondchoiceheuristicandthenthetwo multipliersarejointly optimized.At theendof the optimiza-
tion, the SVM is updatedandthe algorithmresumesterating over the training exampleslooking for KKT violator.

After onepassthroughthetraining set,the outerloop only iteratesover thoseexampleswhoselLagrangemultipliers
arenon-boundj.e. they arewithin the openintenal (0,C). TheKKT conditionis checled. If themultiplier violates
the KKT conditioon,thenit is eligible for joint optimization. The outerloop repeatheckingviolation of the KKT

conditionover the non-boundexamplesuntil they all obey the KKT conditionwithin €. Thenthe outerloop goesover
theentiretrainingsetagain.It will alternatebetweertheentiretrainingsetandthenon-boundsetuntil all theA’sobey

the KKT conditionswithin €. Thisis thefirst choiceheuristicfor choosingthefirst multiplier.

The SMO algorithm usesanotherheuristicto choosethe secondmultiplier A,. The heuristicis basedon maxi-
mizing the stepthat canbe taken during joint optimization. Equation3.14 is usedat this step. We wantto choose
the maximumpossiblestepsizeby having the biggestvalueof ||E; — E;|| in equation3.18. A cachederrorvalueE
is keptfor every non-boundtraining examplefrom which examplecanbe chosenfor maximizingthe stepsize. If
E; is positve, thenthe examplewith the minimum error E, is chosen.If E; is negative, thenthe examplewith the
largesterror E; is chosen.Therearecasesvhenthereis no positive progressfor instancewhenboth input vectors
areidentical. This canbe avoided by not choosingthe examplewith its error E; equalsk;. SMO usesa hierarchy
of choicesin choosingthe secondmultiplier. If thereis no positive progressthe algorithmwill iteratethroughthe
non-boundexamplestartingat arandomposition. If noneof the non-boundexamplemake positive progressthenthe
algorithmstartsat a randompositionin the entiretraining setanditeratesthroughthe entiresetin finding the A, that
will make positive progressn joint optimization. The randomnesé choosingthe startingpositionis to avoid bias
towardsexamplesstoredat the beginning of thetraining set. In very extremedegeneratre casesa secondmultiplier
which canmalke positive progresscannotbe found. In this case we will skip the first multiplier we found andstart
with anothemultiplier. I modifiedthe hierarchyof the secondchoiceheuristicin my implementatiorfor efficiengy.
This modificationwill bedescribedn section4.

3.3 Updating the threshold b

SinceE, theerroron anexamplei, is the outputof the SVM on examplei - tamgetof examplei, we needto know the
valueof b for updatingthe valueof the errorcacheat the endof optimization. Therefore aftereachoptimization,we
will re-evaluateb.

Let u; = outputof the SVM with theold A; andA;

|
ug = AQ9y91dk 5 4+ A9 yok o+ ng (yikej — b (3.31)
J:

uu—Ei=vyi. (3.32)

If thenew A1 is not at the bounds thenthe outputof the SVM after optimizationon examplel will beys, its label
value.SeeFigure3.4.
Therefore

_ I
y1 = A[®yakgq + ApPPE k) 4 237\1')’1' kij —br. (3.33)
=

Substitutingequation3.31,3.33into equation3.32,we get
by = Eq+ b9 +y; (A7 — A9 kg + yo (A52PPed _ Ny, (3.34)
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The support vectorsa and 3 give the same thresholdb, the distance the optimal
separating hyperplane is from the origin. Poigt and & give thresholdbl and b2
respectively. They are error pointsb is somewhere betweerbl and b2.

Figure3.4: Thresholdo whenbothA’s arebound

Similarly we canobtainthe equationfor b, suchthatthe outputof the SVM afteroptimizationis y» whenA; is notat
bounds.
bz = E2+ b9 4 yg (AT — A9'%)kyz + yo (N3P \9) ko, (3.35)
Whenbothb; andb, areequal,they arevalid[13]. SeeFigure3.4.
Whenbothnex multipliersareat the boundsandif L is notequalto H, thenthe thresholdvaluesthatarewithin the
closedintenal [by, b,] areall consistenwith the KKT conditions[13. In this casewe useb™ = 2% asthe new
threshold(seeFigure 3.4). If one multiplier is at boundandthe otheris not, thenthe b value calculatedusingthe

non-boundmultiplier is usedasthe nenv updatedhreshold.
Equations 3.34and 3.35are usedin the codeimplementation for updating the thresholdb after optimization.

3.4 Updating the error cache

Whena Lagrangemultiplier is non-boundafter beingoptimized,its cachederroris zero. The storederrorsof other
non-boundmultipliersnotinvolvedin joint optimizationareupdatedasfollows.

EPo — EQY = up® — . (3.36)

Efle = Efld Fupey — u(k)ld_ (3.37)

For ary kth examplein the training set, the differencebetweenits new SVM outputvalue andits old SVM output
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value,ul® — ul'd is dueto thechangen A1, A, andthe changein thethresholdb.

U — 1219 = v A1y + yoA DKo — B — yi A9k — YA 9!k + b1Y. (3.38)

Substitutingequation3.37into equation3.36,we have
Ere = B+ yn (A1 — A9 kg + yo (AG*PPEd - NG) ey + 019 — e, (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 istheexactreproductiorof thepseudo-codpublishedoy Platton hiswebsitehttp://www.research .micr osoft. c
(I have modifedthe pseudo-cod@ my codeimplementatiorin the secondchoicehierarchy This modificationis de-
scribedin chapterd).

Platt’s pseudo-codéor the SMO algorithm:

talget= desiredoutputvector
point = training point matrix

procedurdgakeStepil, i2)
if (i1l==12) return0
alphl= Lagrangemultiplier for il
yl = target|il]
E1 = SVM outputon poirt[i1] - y1 (checkin errorcache)
sS=ylxy2
Computel,H
if (L==H)
return0
k11= kernel(poirt[i1], poirt[i1])
k12 = kernel(poirt[i1], poirt[i2])
k22 = kernel(poirt[i2], poirt[i2])
ga=2xkl2—kll—k22
if (eta< 0)
{
a2 =alph2—y2x(E1—E2)/eta
if (@2<L) a2=L
elseif (a2>H) a2=H
}
else
{
Lobj = objective functionata? = L
Hobj = objectve functionata2 = H
if (Lobj > Hobj + eps)
a2=1L
elseif (Lobj < Hobj —eps)
a2=H
else
a2 = alph2
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if (]a2—alph2| < eps* (a2+ alph2+eps))
return0
al = alphl+ sx* (alph2 — a2)
Updatethresholdo reflectchangan Lagrangemultipliers
Updateweightvectorto reflectchangdn alandaz2,if linearSVM
Updateerrorcacheusingnewn Lagrangemultipliers
Storealin thealphaarray
Storea2in thealphaarray
returnl
endprocedure

procedureexamineExample(i2)

y2 = target|i2)

alph2 = Lagrangemultiplier for i2

E2 = SVM outputon poirt[i2] - y2 (checkin errorcache)
r2=Eg2xy2

if ((r2 < -tol andalph2 < C) or (r2 > tol andalph2 > 0))
{

if (numberof non-zercandnon-Calpha> 1)

{
i1 = resultof seconcchoiceheuristic
if takeStepil,i2)
returnl
}

loop over all non-zercandnon-Calpha,startingat randompoint
{
i1 = identity of currentalpha
if takeStegil,i2)
returnl

}

loop overall possible 1, startingat arandompoint
{
il =loopvariable
if takeStepil, e2)
returnl
¥
}

returnO
endprocedure

mainroutine:
initialize alphaarrayto all zero
initialize thresholdo zero
nunChanged = 0;
examineAl = 1;
while (numChanged > OjexamineAl)
{
nunChanged = 0;
if (examineAl)
loop| overall trainingexamples
nunChanged += examineExampl@)
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else

loop | over exampleswherealphais not0 andnotC
nunChanged += examineExampl@)

if (examineAl == 1)
examineAl =0

elseif (nunChanged == 0)
examineAl =1

}

Thefollowing is asummary of the SMO algorithm.

1

Iterateover the entiretrainingexample,searchindor a1, whichviolatesthe KKT
condition.

If A1 isfound. Goto step2.

If wefinishiteratingover theentiretraining example thenwe iterateover the non-boundset.
If A1 isfound,goto step2.

We will alternatebetweeriteratingthroughthe entiresetandthe non-boundsetlooking for a
A1 which violatesthe KKT conditionsuntil all A’s obey the KKT condition.

Thenwe exit.

Searchor A, from thenon-boundset.

Take the A which givesthelargestvalueof |E; — Ep| asA;

If thetwo examplesareidentical,thenabandorthis A,. Goto step3.

Otherwise computel. andH valuefor As.

If L=H, thenoptimizationprogrescannotbe made.Abandonthis A, value.Goto step3.
Otherwise,Calculatthen value.

If it is negative, thencalculatethe new A, value.

If n is notnegative, thencalculatethe objective functionattheL andH pointsandusethe
A2 valuewhich givesthe higherobjective functionasthenew A, value.

If |AJ® —A9'9| is lessthanane value,thenabandorthis A, value. Go to step3.
Otherwisegoto step4.

Iterateover the non-boundsetstartingatarandompointin thesetuntil aA, thatcanmale
optimizationprogressn step2 is found.

If it is notfound,theniterateover the entiretrainingexample,startingat a randompoint,
until aA, thatcanmale optimizationprogressn step2 is found.

If nosuchA; is foundafterthesetwo iterations thenwe skip theA; valuefoundand

go backto stepl to find anew A1 which violatesKKT condition.

Calculatethenew A value.
Updatethethresholdb, errorcacheandstorethenew A; andA, values.
Gobackto stepl.



Everythingshouldbe madeassimpleaspossible,
but notsimpler

— Albert Einstein,1879-1955—
If i’ sagoodidea... goaheacanddoit. It is much
easierto apologizethanit is to getpermission.
— GraceHopper 1906-1992—

The SoftwareDevelopmentOf The Project

4.1 Goal of the project

Thegoalof this projectis to implementa supportvectormachineon a personatomputemusingJohnPlatt’s Sequential
Minimal OptimizationAlgorithm. The software canbe usedasa tool for understandinghe theory behindsupport
vectormachineandfor solving binary classificatiorproblems.

4.2 General description of the development

The softwareis madeup of two separatgackagesthetraining or learningprogramnamedsmolLeam andthe clas-
sification programnamedsmoCilassify The classificationprogramsmoCilassifywill usethe resultobtainedfrom
training with the training programsmolLeam. Otherthanthis dependeng relation,the two software packagesare
independent.

The implementationwasdevelopedon a Toshibalaptopwith a Pentium233 MHz CPU runningon OpenLinux2.3
andwas compiledwith gcc. The programsalso compile on SunOs. The GUI part of the software was developed
with Python. A machinehasto have Pythoninstalled properlyin orderto usethe GUI part of the software. A
separatesoftware package nameddemo was also developedfor testingand verification of the programduring the
developmentandtestingphase.This packagevasdevelopedin Python(seeAppendixB for the GUI window of the
demo.pyprogram).Figure4.1 shavs the systemusecases.

uses
uses

Figure4.1: UseCases

User
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4.3

Specification

Trainingdatafor thetraining program,in this projectsmolLeam, follows a specifiedfile format. Similarly, the
inputtestdatafor the classificatiorprogramin this projectsmoClassifyfollows a specifiedfile format. Thefile
formatsaredescribedn section4.4. If awrongfile formatis usedin thetraining, the programwill detectthe
wrongformatandabortafterinforming the userthe wrongfile formaterror

¢ Eachline of thedescriptionof atrainingexamplecannotexceed10000characters.
e Themodelfile usedin thesoftwareprogramsmocCilassifyhasto beamodelfile written by thetrainingsoftware

smolLeam during a training session.lt is the responsibilityof the userto make surethat he/shesuppliesthe
correctmodelfile. A modelfile which resultsfrom trainingin othersoftwarewill notwork with smoClassify
Theresultof trainingwill bewritten to the userspecifiedmodelfile attheendof atraining. Thefile formatof
this modelfile follows aformatdescribedn section4.4.

Theresultsof classificatiorwill be written to the userspecifiedpredictionfile atthe endof classification.The
file formatof this predictionfile follows a formatdescribedn section4.4.

Both smoLeam andsmoClassifycanberunin textual modeor in GUI mode.Runningin GUI moderequires
theinstallationof Python.

Dependingon the users choiceof kerneltype,the GUI will promptthe userfor the requiredinput parameters
andtypecheckthem.

e TheC parametewhich determineghetrade-of betweertheerrorsandthe separatingnagin cannotbe zero.
o If the softwareis runin GUI mode,thentheinstructionmessagesrror messageandthe programexecution

4.4

messagewill bedisplayedn thetext window of the GUI. Thesethreetypesof messagearedisplayedn three
differentcolorsto facilitatereadingof theinformationin thetext window.

The training software will displaythe time of the training, the thresholdb, the norm of the weight vector if

thekernelis linear, the numberof non-boundsupportvectorsfound, the numberof boundsupportvectors the
numberof successfuiterationsandthe numberof total iterations.

Theclassificatiorsoftwarewill displaythetime of the classificatiorat the endof the programexecution.

The Format used in the input and output files

The softwarewill use’l’ and’-1' asthe classlabel. Thefile formatis compatiblewith thatusedfor svmi9"t, the
SVM implementatiordevelopedby ThorstenJoachim. Files readableby svmi9™ will be readableby this software
andvice-versa.Thefile formatwasdeliberatelychoserto be compatiblewith thatof svmi9™ sothatary trainingand
classificatiordatacanberun on bothsoftwareandtheir resultscompared.

4.4.1 Training file format

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

Data File := line{line}

line = class ({feature:value}
class = 1| -1

feature ;= integer

value = real

Youcanomit afeature whichhaszerovalue. Thefeature/aluepairsMUST beorderedby increasingeaturenumber

4.4.2 Test data file format

Thetestdatafile hasthe sameformatasthetrainingfile. If onedoesnotknow the classlabelof thetestdata,onecan
justputin eitherl or -1. TheclasslabelsMUST appeaiin thefile.
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4.4.3 Model file format

Theresultof trainingis writtenin amodelfile in thefollowing format:
line 1:
If thekerneltypeis linear, then’0’ is written followed by acomment.
If thekerneltypeis polynomial,then’l’ is written followed by the degreeof the polynomial
andcomment.
For examplefor a polynomialkernelof degree2, line 1 will be
1 2 # polynomial of degree2

line 2:
Thenumberof featuresof thetraining setis followed by acomment.
If alinearkernelis usedin training,then
line 3:
Theweightvectorof thetrainingresultis followed by acomment.
line 4:
Thethresholdb is followed by acomment.
line 5:
TheC parameters followed by acomment.
line 6:
Thenumberof supportvectorsis followed by acomment.
line 7 to theendof file:
Oneachline, thevalue < class*lambda 'of a supportvectoris followed by the
feature/aluepairsof thatsupportvector

If anon-linearkernelis usedin training,then

line 3:
Thethresholdb is followed by acomment.

line 4:
TheC parameters followed by acomment.

line 5:
Thenumberof supportvectorsis followed by acomment.

line 6 to endof file:
Oneachline, thevalue<class*lambda of asupportvectoris follwed by the
feature/aluepairsof thatsupportvector

4.4.4 Prediction file format

Eachline consistof <resultof svm> If adatais classifiedasclassl, then<resultof SVM> is positive.
If adatais classifiedasclass-1, then<resultof SVM> is negatie.

45 The software structure

The projectis madeup of two separatexecutablgprogramssmolLeam for trainingandsmoClassifyfor classifying
unknavn dataanda GUI programsmao.py.

Figure4.2, Figure4.3 andFigure4.4 give an overview of the project,the smoLeam packageandthe smoClassify
packagerespecirely. The programswere developedin C programminglanguagebecauseof C’s executionspeed
for numericalcalculations. Sincethe tamget usersof the software are mostly researcherin machinelearningwho

1<class*lambda is the multiplication productof classandlambda.This s positive for classl, andnegative for class-1.
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smoLearn [~ cTTTTToToooos smoClassify
Figure4.2: ProjectOverview
smoLearn [--------------° 7 initializeTraining
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| ~ N |
I ~ |
| NN |
| N |
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resut [~ - > learn
I
|
I
|
l
H’
utility
Figure4.3: smolLearrs modules
smoClassify [~~~ ~~~"~"~~~-- =1 initialize

classify

Figure4.4: smoClassifys modules
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arecomputeiliterateandarecomfortablewith textual commandsthe softwarewasdesignedo runin textual mode.
However, a userfriendly GUI wasalsodevelopedin PythonandTkinter.

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

45.1 The training software: smolLearn

Thesoftwarecanbeinvokedin textual modeby typing thefollowing:
smoLearn [options] <training fle  name> <model file  name>

Theavailableoptonsare:

o -ttype:Intger—Type of kernelfunction:
type=0: linearkernel
type= 1: Polynomialkernel
type=2: RBF kernel

e -c C:Float> 0—Thetrade-of betweertrainingerrorsandthe mamgin.
Thedefaultis 0.

o -d degree:Intger—The degreeof the polynomialkernel.
e -v variance:Float—Thearianceof the RBF kernel

e -bbin:Integer(0or 1)
Defaultis 0.
1 to specifythefeaturesof thetrainingexamplearebinaryvalues.
Only use-b 1 if you arecertainthefeaturesof your trainingexamplesarebinaryvalueO and1.

e -h
Thisis thehelpoptionwhich displaysthe availableoptions.

Thefollowings arefour examplesillustratinghow to invoke smoLeam usingthe differentoptions?.

Example 1:
To uselinearkernel,a C parameteof 10.5to train with <my trainingfile> and<my modelfile>> Type: smoLeam
-t 0-c 10.5<my training file> <my modelfile>

Example 2:
To usea polynomialkernelof degree2 anda C parametenf 10
Type:smolLeam -t 1 -c 10-d 2 <my training file> <my modelfile>

Example 3:
To usea RBF kernelof varianceof 10 anda C parameteof 3.4
Type:smoLeam -t 2 -c 3.4-v 10 <my training file> <my modelfile>

2Theoptionscanbespecifiedn ary order
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KMake a selection
LEARH

CLASSIFY

EXIT

Figure4.5: Menuof smoGUI

Example 4:
To usethe binaryfeatureoption
Type:smoLeam -t 0-c 4.5-b 1 <my training file> <my modelfile>

To runtheprogramin GUI mode theuserwill typesmo.py(runthepythonprogramasascript)or python smo.pyto
startthe selectionwindow. SeeFigure4.5. Whenthe userclicks onthelearn button, the Learningwindowv popsup.

SeeFigure4.6.
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S8 Leaming - B X
Linear Polynomial RBF
Mon Binary Feature Binary Feature
Degree:
Vanance:
C Parameter:
Learning file:
Model file:

Please choose kernel type first.
Choose Binary Feature OMLY 1f the features
of your examples are binary type.

= = =

Figure4.6: GUI of smoLearn
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A statediagramdescribingthe statetransitionsof the main SMO menuandthe learningwindow is shavn in Fig-
ure4.7. Thiswindow promptsa userto selectthe kerneltype andbasedon the kernelchoice,the cursorwill jumpto
therequiredtext entryandamessagés displayedn blackin thetext box telling theuserwhatotherentriesneedto be
filled in. For examplein Figure4.6,if the userselectgpolynomialkernel,the cursorthenflashedn the degreeblank
field. After the usertypesin the degree,the cursorjumpsto the C parameteblankfield. After theusertypesin theC
parameterthecursorjumpsto the’Learningfile’ entry After theusertypesin thelearningfile, thecursorwill jumpto
the’Model file’ entryfield. The GUI only typechecksDegree’,'Variance’and’'C parameterandmalkessurethatthe
userhasinput thelearningfile andmodelfile names.It thencallsthe C programsmoLeam, which will checkif the
thelearningandmodelfiles enteredby the userexist andcanbe openfor readingandwriting respectiely. Messages
to usersare color codedandaredisplayedin the text areaof the window. Theinformationmessageto usersarein
black, errormessagearein redandprogramrun messagearein blue. If thefiles do not exist or thereis anerrorin
openingthefiles, anerrormessagés displayedn thetext box.

Five modulesmalke up the smoLeam softwarepackage SeeFigure4.3

e Main module
initializeTrainingmodule
learnmodule
utility module
resultmodule

Main module:

ThemodulesmoLeam.c makesupthemainmodule.As canbeseenfrom thelearningsequenceéiagram
Figure4.8,smoLeam.c orchestratethewholelearningprocess.

smolLeam.c will do its type checkingfor correcttypesof parameterdasedon the kernel chosenby
the user This is doneso that userscanrun the programin either GUI modeor textual commandiine
mode.Themodulealsochecksor existenceof thetrainingfile suppliedby userandopenghe modelfile
with namesuppliedby the uesrfor writing thetrainingresultto. After all thetype checkingsmolLeam.c
recordghetypeof kernelchosery theuser theC parameterthedegreeif polynomialkernelis selected,
the squareof the sigma(variance)if an RBF kernelis used,andthe namesof the training and model
files suppliedby theuser It opensthetrainingfile for readingandthe modelfile for writing. If thereare
problemsin openingthosefiles, thenthe programwill inform the userthe errorsandabort. Otherwise
smolLeam.c will askthe initializeTraining module to do all the preparationtasksbeforethe training
processtarts.Thesaasksincludereadingthetrainingfile andstoringthosetraining dataandinitializing
all the datastructuredor the training process.If theinitialization procesdails, thensmolLeam.c will
abortthe program. After initializing, smoLeam.c calls the learn module to startlearningandstartsa
timer. At the endof learning,smoLeam.c calculateghetime it took the learningalgorithmto run and
callstheresult module to write the resultof trainingin the modelfile. smoLeam.c thenwritesoutthe
following statistics.

Thenumberof successfukerneliterations.

Thetotal numberof iterations.

Thethresholdvalue,b.

Thenormof theweightvectorif alinearkernelis used.

Thenumberof non-boundsupportvectorsandthe numberof boundsupportvectors.

initializeTraining module

Thetasksof theinitializeTraining module consistof allocatingmemoryfor thefollowing datastructures
andreadingthetrainingfile.
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LearnWin
:User initialize .
Interface smoLearr Training learn utility result
| T T T T T
User | | ! | | |
| | | | | | |
1 | ! ! ! | |
Train _ ' Kernel | : | | :
type, l l l I l
1 | | | |
parameters |initialize | | | |
model file training ! : : :
name, . | !
training startLearn | | |
file name. ' | |
dot : |
product! :
I
; l
myRandoi |
|
I
; l
|
quickSortI |
I
, l
. | !
bin- | :
Search |
|
T |
| |
gsort2 |
|
|
l
Write Training Result |
:I Reset .
exit '

Figure4.8: Learningsequencéiagram
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Datastructuresnitialized by initialize T raining module;

e A structurecalledfeatureconsistf anintegerelementor storingtheid of thefeatureanda double
elemenfor storingthevalueof thatfeatureis defined.Only featureswith non-zerdfeaturevalueare
stored.Thereforeeachtraining examplehasa numberof thesestructuresallocatedfor it according
to thenumberof non-zerovaluedfeaturest has.

¢ A two-dimensionahrraysof pointersto the structurefeature,example** , is allocatedfor storing
all theinformationof featureid/valuepairsof the examples.Hence example[][ j] will pointto the
jth featurestructurewhich hasnon-zerdeaturevalueof theith example.

e An arrayof integers,target, is usedto storethe classlabelsof the training example. Classlabels
are’l’ or’-1'. Thereforetarget[i] is eitherl or -1 for theith example. Theselabelsarereadfrom
thetrainingfile suppliedby the user For trainingfile format,seesection4.4.

e An arrayof integers,nonZeroFeature, is usedto storethe numberof non-zerovaluedfeaturesan
examplehas.

e Anarrayof doublesegrror, is usedto storetheerrorof eachexample.Thisis thedifferencebetween
the output of the supportvector machineon a particularexampleandits classlabel. For theith
example,errorfi] storesthe outputof supportvectormachine- tamgeti].

e An arrayof doublesweight, is usedto storethe weightvectorof the supportvectormachine.This
is necessargnly for alinearkernel.

e An array of doubles,lambda, is usedto storethe Lagrangemultipliers of the training examples
duringtraining.

e An arrayof integers,nonBound, is usedto recordwhetheran examplehasa non-bound_agrange
multiplier during training, i.e. the value of the multiplier is in the intenal (0, C) whereC is the
parametewhich determineshetrade-of betweertrainingerrorandmamgin.

e An array of integers,unBoundIndex, is usedto index the exampleswhich have non-boundLa-
grangemultipliers.

e An arrayof integers,errorCache, is usedto index exampleswith non-bound_agrangemultipliers
in theorderof theirincreasingerrorsduringtraining.

e An arrayof integers,nonZeroLambda, is usedto index the exampleswhoselLagrangemultipliers
arenon-zeroduringtraining.

Anothertaskperformedby initialize Training moduleis to readthetrainingfile andstoretheinformation
of thetrainingexamples.

Thereare3 functionsin this module,initializeData(), readFile()andinitializeTraining()

e int initializeData( int size)
This functioninitializes the datastructureexample** , target, nonZeroFeature anderror to the
sizepassedn thefunctionagument.It will returnl if initialization is successfulptherwiseit will
returnO.

e int readFile(FILE *in)
This functionassumeshatthefile pointedto by file pointer’'in’ hasbeenopenedsuccessfullyThe
function makestwo passe®f the trainingfile. In thefirst pass,it just countsthe numberof lines
in the file to have an over estimateof the numberof training examples. Using this estimate the
arraysexample target, nonZeroFeature anderror areallocated.In the secondoassjt readseach
non-commentine andstoresthe classlabeleitherl or -1 for eachexamplein thetarget arrayand
the featureid/value pairsin the examplearray Only non-zerovaluedfeaturesare stored. While
readingthe lines, the function also keepstrack of the maximumfeatureid it hasencounteredo
far. At the endof the readingof the file, this maximumfeatureid is taken to be the numberof
featureghetrainingexampleshave. The userdoesnot have to supplythe numberof featuresof the
examples.Thefunctionreturnsl if readingis successfulptherwiseit returnso.
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e int initializeTraining(void)
This function initializes the datastructuresweight, lambda, nonBound, unBoundindex, error-
CacheandnonZeroLambda. It returnsl if the operations successfulptherwiseit returnso.

Learn module

This module runs the training algorithm SequentialMinimal Optimizationalgorithm. It follows the
pseudaodesdescribedn sections of chapter3 (exceptfor the modificationin the secondchoiceheuris-
tic in the examineExamplefunction) andthe equationglerived in section3. Therearefive functionsin
themodule.

e void startLearn(void) This functionfirst iteratesover all the training examplesandcallsfunction
examineExample()to checkif the exampleviolatesKKT condition at eachiteration. Thenthe
exampleswith non-bound_agrangemultipliers areiteratedover. The functionalternatedbetween
iterating over all examplesand all non-boundexamplesuntil all the Lagrangemultipliers of the
examplesdo notviolatethe KKT conditions.At this point, the functionexits.

e examineExample(intel) This function checksfor violation of KKT conditionsof exampleel. 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 the separatinglaneorientsitself over the optimizationprocessit is morelikely thata
boundexamplewill becomeno-boundhanfor anexamplewith zeroLagrangemultiplier becoming
a supportvector | addedan hierarchyright afterthe seconchierarchyof the secondheuristicand
changedhelasthierarchy If iterationover non-boundexamplesdoesnot producean optimization
thenthe next iterationis carriedout over the boundexamplesin selectingthe secondexamplefor
joint optimization. The iterationstartsat a randomposition over the boundexamples.If this still
doesnotwork out, thentheiterationwill bedoneovertheexampleswith zeroLagrangemultipliers.
Thisfunctionreturnsl if optimizationis successfulptherwiseit returnso.

e int takeStep(intel,int e2)

Two amgumentsel and e2 are passedo the function. They are the exampleschosenfor joint
optimization. Having chosena secondexamplefor joint optimization,examineExample()calls
takeStep()to carry out the optimization. The optimizationstepfollows closely with whatis de-
scribedin section2 of chapter3. If the secondderiative eta,(equation3.14)is negative, thenwe
calculatethe new lambdafor the secondexampleandclip it atthe endsof theline L2 andH2. Oth-
erwise,we chooseeitherL2 or H2 asthe new lambdavaluedependingon which onegivesa higher
objective function value. If joint optimizationis successfultakeStep()returnsl to the function
examineExample() otherwiseit returns0.

At the endthe function updateghe conditionof the supportvectormachineandall the datastruc-
tures,whicharenecessarpotonly for theoptimizationprocessbhut alsofor theexamineExample()
function. Eachoptimizationstepoccuringin thefunctiontakeStep()will resultin achangen errors
for the non-boundexamplesand changein the thresholdvalue. Thefirst hierarchyof the second
choiceheuristicusedby examineExample(requireschoosinghe secondexamplewith thelargest
positive errorif theerrorof thefirst exampleis negative andonewith thelargestnegative errorif the
error of the first exampleis positive. The secondhierarchyof the secondchoiceheuristicrequires
iteratingoverthe exampleswith non-boundambdas Thethird hierarchyrequiresterationoverthe
boundexamples.An arraynamederrorCacheholdstheindex to the non-boundexamplesarranged
in orderof increasingerror An arraynamedunBoundindex holdstheindex to the non-boundex-

amples.An arraynamednonZeroLambda holdstheindex to the exampleswhoselambdasarenot
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zero. Thesearraysareupdatedat the endof eachsuccessfubptimization.If afteranoptimization,
the lambdaof the ith exampleis non-boundwhereasheforeit is not non-boundthenthe index i
is addedto the end of the errorCache andthe unBoundindex arrays. If thatexamplehaszero
lambdabeforeandhasnon-zerdambdaafteroptimization thenit is addedo thenonZeroLambda
array ThentakeStep()will call the quicksort() functionto sorttheunBoundindex arrayandthe
nonZeroLambda arrayin ascendingrder In this casewe alwayshave a sortedindex arrayto ex-
ampleswith non-zerdambdasandnon-boundambdas Sortingthoseindexeslet usquickly locate
anindex by usinga binary search.This is necessaryvhenwe have to remove themfrom the array
becausg¢he examplehasits lambdachangedrom non-boundo boundor in the nonZeroLambda
arraycasewhenits lambdachangedrom non-zerato zero. To remove theindex from thosearrays,
we usea pointernamedunBoundPtifor the unBoundindex arrayandlambdaPtifor the nonZero-
Lambda array Thesepointerswill alwayspointto thelastelementof therespecire arrays.After
we locatethe positionof the exampleindex andwe wantto remove the index from eitherthe un-
BoundIndex arrayor the nonZeroLambda array we markthatpositionwith the numberequalto
thetotal numberof example+ 1. Thatindex will be atthe endof the arraywhenwe quicksortthe
array We just decrementhe pointerto remove the index from the list of examplesof hon-bound
lambdasor thelist of exampleswith non-zerdambdaafterquicksorting.

The samemethodappliesto the errorCache array The array holds indexes of exampleswith
non-boundambdassortedin increasingorderof errors. We usethe gsort2() in the utility module
to sorttheindexesin ascendingrderof errorafterall the errorsof non-boundexampleshave been
updatechttheendof optimization.A pointer errorPtr alwayspointsto thelastelemenbof thearray
Whenan examplewhoselambdawas not non-boundand becomeshon-boundafter optimization,
we addthatindex to the endof thearrayandcalls gsort2()to updatethe array If examplei hasits
lambdachangedrom non-boundio bound,we will putinto errorfi] anerrorwhich is onegreater
thanthelargesterrorin the non-boundexamples.Calling gsort2() will thenputi atthe endof the
errorCachearray We canremove theindex i just by decrementinghe errorPtr

e double dotProduct(FeaturePtr *x, int sizeX,FeaturePtr *y, int sizeY)
ThedotProduct() function calculateghe dot productof two examplesandreturnsthe resultto the
calling function. For a sparsebinary matrix, the calculationis spedup by the methodsuggestedby
Platt[13]. Insteadof doing multiplication, we justincrementby 1 wheneer the two vectorshave
thesamenon-zerovaluedfeature.

e double calculateError(int n)
This functionis called by takeStep()at the end of a successfubptimizationto updatethe errors
of all the exampleswith non-boundambdas.It calculateghe error of a non-boundexample. The
updatingjustfollows the equation3.39in sectionl of chapter3

utility module

This modulecontainst functionswhich provide supportfor thelearn moduleto carryout its task. They
arefunctionswhich arenot specificutility functionsandcanbeusedfor mary applications.

e double power(doublex, int n)
Thisfunctionjustcalculatesandreturnsthevalueof adoublex, raisedto the power of aninteger, n.
It returnsl whenn is zero.It assumeshatn is zeroor a positive integer

e int binSearch(int x, int *v, int n)
This function searchegor x in anintegerarrayv of sizen. It returns-1 if x is notin the array
otherwiseit returnsthe arraypositionwherex is found.

e void swap(int*v, int i, int j)
Thisfunctionswapstheith elementwith thejth elementof anintegerarray
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e void quicksort(int *v, int left, int right)
Thisfunctionuseghequicksortalgorithmto sortthe elementdvoundeddy theleft andright indexes
of theintegerarrayv in ascendingrder

e gsort2(int *v, int left, int right, double *d)
This function sortsthe elementdoundedby the left andright indexes of theintegerarrayv in an
ordersuchthatd[v[i]] < d[v[i+ 1]] in arrayd for theith and(i + 1)th elementf arrayv.

e int myrandom(int n)
This functionreturnsa randomintegerin the intenal [0, n-1]. The seedis initially setat 0 andis
automaticallyincreasedy oneat eachcall.

result module

Thereis only onefunctionin thismodule.

void writeModel(FILE *out) takesthe passedigument,anopenfile pointer for writing andwritesthe
resultsof thetrainingin afixed format. It assumeshatthefile hasbeenopensuccessfullyfor writing.
Seesectiord.4regardingthe modelfile format.

45.2 The classification software: smoClassify

smoClassifyis a standalonesoftwarepackagevhichis invoked by thefollowing commandvhenrunin textual mode
smoClassify<modelfile name> <testdata file name> <prediction file name>

Runningtheprogramin GUI mode,theuserwill click ontheclassifybuttonontheselectionwindow (seeFigure4.5)
to invoke smoClassify Theclassifywindow thenpopsup andpromptsthe userto input the modelfile name thetest
datafile nameandthe predictionfile name(seeFigure4.9). Messageso useraredisplayedin the text areaof the
classifywindow andthey arecolor coded. Informationmessageso the useraredisplayedin black, errormessages
aredisplayedn redandtheprogramdisplayof smoClassifyaredisplayedn blue. The GUI only checkshattheuser
hassuppliedall threefile names.Whenthis is done,it callsthe C programsmoClassify smoClassifychecksfor
existenceof modelfile andtestdatafile andopenghesetwo filesfor readingaswell asthe predictionfile for writing.
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model file:

| test data file:

| prediction file:

Please fill out all file names.

il

. [ ]

Figure4.9: GUI of smoClassify
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Figure4.10givesthe statediagramof the GUI of the SMO Main menuandthe classifywindow.

The software programconsistf threemodules.Seethe smoClassifypackageadiagram,Figure4.4.

¢ Main module
e initialize module
e classifymodule

Main module

Themainmoduleconsistf smoClassifyc which directsthe classificatiomprocessSeeFigure4.11.
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|
User

classifyWin _
‘User Interface | | smoClassify

initialize

classify

classify
Test file name,
prediction file il
name ile, r_ead
test file
initialize
data
Reset
Read Training file,
___read test file
Model file name
Test file name,
Prediction file
name
o I
Exit :

|
|
|
|
|
Model file name|
|
|
|

I
I
I
I
I
I
l
I
Read Training
|
|

Classify and Write results

1]

Classify and Write results

i

Figure4.11: Classifyingsequenceliagram
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Figure4.12shavs amoredetailedclassifysequencesmoClassifyc opensthe givenmodelfile, testdata
file for readingandthe predictionfile for writing. Thenit calls the initialize module to preparedata
structuredor the classificationtask. If thereis a problemin preparingthe datastructuresandreading
the modelanddatafiles, thenthe programaborts,otherwise smoClassifyc callsthe classify module to

classifythe testdataand writes the resultto the predictionfile. If thereis anerrorin the classification
processthe programaborts.

initialize module

Thetasksof initialize module areto initialize all the datastructuredor storinginformationwhich will
be readfrom the modelfile. The two public interfacesare int readModel(FILE *in) andint read-
Data(FILE *in). Thefollowings arethe datastructuresnitialized by this module.

e example atwo-dimensionahrrayof pointersto the structurefeature. The structurefeatureis de-
finedas:

structfeature

{
intid;
doublevalue;

}

Thisarraywill storethefeatureid/valuepairsof eachtestdatareadfrom thetestdatafile.

sv, anarrayof pointersto the structurefeaturegsameasexamplg for storingtheid/value pairsof
the supportvectorsreadfrom the modelfile.

target, anarrayof integersfor storingthe classlabel of thetestdatareadfrom the testdatafile. In
this software, this informationis not usedat all. The usercansupplythe classlabelif s/heknows
theclasdabelof thedataaheadf time andwantsto seehow a particulartrainedmodelperforms.If
theuseris only interestedn theclassificatiorof someunclassifiedlata,thens/hecanputdown ary
classlabelsin the datafile. Pleaseeferto sectiond.4 of chapterd regardingthe datafile format.
nonZeroFeature, anarrayof integerssfor storingthe numberof non-zerovaluedfeaturessachtest
datahas.

lambda, anarrayof doublesfor storingthe Lagrangemultipliers of eachtestdata.
svNonZemwFeature, anarrayof integersfor storingthe numberof non-zerovaluedfeaturesa sup-
portvectorhas.

weight, anarrayof doublesfor storingtheweightvectorof atrainedsupportvectormachine.This
is only necessaryor linearkernel.

output, anarrayof doublesfor storingthe outputof a trainedsupportvectormachineon eachtest
data.

This moduleis madeup of 6 functions.

e int readString(char *store, char delimiter, FILE *in)
This functionassumeshefile pointedto by file pointer’in’ hasbeenopenedsuccessfullyfor read-
ing. It readsall the charactersn afile up to thedelimiterandstoresthe characterseadin the given
arraystore. It returnsl if readingis successfulptherwiseit returnso.

e int initializeModel(int size)
This functioninitializesthe arrayslambda, svNonZeroFeature andsv to the givensize. It returns
1if initialization is successfulptherwiseit returns0.

e int readModel(FILE *in)
This function assumeshatthe file pointedto by file pointer’in’ hasbeenopenedsuccessfullyfor
reading.This functionreadsthe modelfile to find outthefollowings.



4.5 The software structure

58

the numberof featuresof the examplesusedin thetraining

thekerneltype

theweightvectorif thetrainingwasdoneusingalinearkernel

thethresholdb

theC parameter

the numberof supportvectorsfoundin thetraining

thefeatureid/valuepairs

the product(classlabel*Lagrangemultiplier) of the support

vectorslistedin the modelfile.
Thefunctionreturnsl if readingwassuccessfulptherwiseit returns0.
int readData(FILE *in)
This function assumeshatthe file pointedto by file pointer’in’ hasbeenopenedsuccessfullyfor
reading. It behaeslike the function readFile() in the initializeTraining moduleof the program
smolLeam. It justreadsthetestdatafile to storethe featureid/value pairsof eachtestdata. The
functionreturnsl if readingis successfulptherwiseit returnso.
void skip(char end, FILE *in)
This function assumeshatthe file pointedto by file pointer’in’ hasbeensuccessfullyopenedor
reading.lt skipsall thecharacterseadin thefile until theendcharactefls encountered.

classifymodule

This moduleis responsibldor calculatingthe outputof the trainedsupportvectormachineon eachtest
dataandfor writing out the classificationresultto a given predictionfile. The public interface of the
moduleis thefunctionwriteResult(FILE *out). Themoduleis madeup of thefollowing functions:

double dotProduct(FeaturePtr *x, int sizeX,FeaturePtr *y, int sizeY)
Two vectorsof thedataarepasse@samgumentiogethemwith thenumberof non-zerovaluedfeatures
they have to this function. Thefunctioncalculategshe dot productof thetwo vectorsandreturnsthe
dotproduct.
double wtDotProduct(double*w, int sizeX,FeaturePtr *y, int sizeY)
If the kernelusedin trainingis the linear kernel, the weight vector was calculatedand written to
themodelfile attheendof training. The outputof the supportvectormachinecanbe morequickly
calculatedoy finding the dot productof theweightvectorwith thetestdatavector Thisfunctionis
passedhe weightvector the vectorof datatogethemwith the numberof nonzerovaluedfeaturesof
theweightvectorandthedatavector It calculatesandreturnstheir dot product.
double power(double x, int n)
This function returnsthe value of x raisedto the power of n. Whenn is zero, 1 is returned. It is
assumedhatn is zeroor a positive integer,
int writeResult(FILE *out)
The function assumeghat the file pointedto by file pointer’out’ hasbeenopenedsuccessfully
for writing. The function calls the function classifyLinear(), or classifyRoly(), or classifyRbf()
dependingon whetherthe kernelusedin training waslinear, polynomial or radial basisfunction
respectrely. It returnsl if classificatiorandwriting is successfulptherwiseit returnso.
int classifyLinear(FILE *out)
This functionassumeshatthefile pointedto by file pointer’out’ hasbeenopenedsuccessfullyfor
writing. It alsotimesthe classificatiorandwritesthetime to stdoutat the endof the classification.
The function calculateshe outputof the supportvectormachineon eachtestdataandwrites the
outputof the SVM onthefile pointedto by 'out’. If theoutputis positive, theclasslabelof thedata
is 1, elseit is -1. Theoutputof thesupportvectormachingfor alinearkernelis calculatedby means
of thefollowing equation.

SVM output = w.x— b,

wherew is theweightvectorof the SVM andb is thethreshold.
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e int classifyPoly(FILE *out)
This functionassumeshatthefile pointedto by file pointer’out’ hasbeenopenedsuccessfullyfor
writing. It alsotimesthe classificatiorandwritesthetime to stdoutat the endof the classification.
The function calculateghe outputof the supportvectormachineon eachtestdataandwrites the
outputof the SVM on thefile pointedto by file pointer’out’. If the outputis positive, the class
label of the datais 1, elseit is -1. The outputof the supportvectormachineon atestdatax for a
polynomialkernelis calculatecby meansof thefollowing equation.

n
SVM output = Zi)\iyi(l—l_ x.x)% —b,
i=

where); is the Lagrangemultiplier, y; is the classlabel of a supportvectorx;, n is the numberof
supportvectorsandb is thethreshold.

¢ int classifyRbf(FILE *out)
This functionassumeshatthefile pointedto by file pointer’out’ hasbeenopenedsuccessfullyfor
writing. It alsotimesthe classificatiorandwritesthetime to stdoutat the endof the classification.
The function calculateghe outputof the supportvectormachineon eachtestdataandwrites the
outputof the SVM to thefile pointedto by file pointer’out’. If the outputis positive, the classlabel
of thedatais 1, elseit is -1. The outputof the supportvectormachineon atestdatax for aradial
basisfunctionkernelis calculatedby meansof thefollowing equation.

—Ixi=x12

n
SVM output = Zl)\iyi exp 22 —b,
i=

where); is the Lagrangemultiplier, y; is the classlabel of a supportvectorx;, n is the numberof
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
provena naturallaw.

— GraceHopper 1906-1992—

Testing

Two typesof testswere performedon smoLeam and smoClassify The first type of testswas performedusing
artificial datasetswhile the secondype wasperformedusingtwo benchmarkestsets.

5.1 Artficial data test

Four 2-dimensionatestsetsaregeneratedor testingthe correctnessf smoLeam andsmoClassify Thereare8 test
filesin theartificial dataset. They aredescribedn the sequel:

testFilell - linearly separableUsedfor trainingon alinear SVM.
testFilel2 - Usedfor linearkernelclassificatiortesting.

testFile21 - notlinearly separableUsedfor trainingon alinear SVM.
testFile22 - Usedfor linearkernelclassficatioriesting.

testFile31 - nonLinearlyseparableUsedfor trainingon a polynomialSVM.
testFile32 - Usedfor polynomialkernelclassificatiortesting.

testFile41 - nonlinearlyseparableUsedfor trainingon arbf SVM.
testFile42 - Usedfor radialbasisfunction classificatiortesting.

Fourtestswereperformedon smoLeam usingthe four training datasets.At the endof training,reclassificatioriests
weredoneon thetraining dataitself followed by generalizatiortestsusingthe correspondindestdata. An example
of thetestprocedurds asfollows:

1. Trainalinear SVM usingtestFilel1 andwrite the modelfile created.
2. Do thereclassificatioron testFilel1 andnotethereclassificatiomesults

3. Do aclassificatiorusingtestFile12 andnotethe classificatiorresults.

Thesdestswererepeatedisingthesoftwaresvm9™ which canbedownloadedrom thewebsitehttp://svm.first.gmd.de
The purposeof thetestsis to verify the correctnessf theimplementatiorof SVM usingthe threedifferenttypesof
kernels.

5.1.1 testFilel _1 and testFilel _2

testFilel1 consistsof 12 datawhich canbe linearly separatedThe purposeof the testis to verify the linear SVM
trainingmodelcreatedby smoLeam andthe classificatiorcorrectnessf smoClassify
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Training | Threshold| Non-Bound| Bound | Reclassification Classification
Software b SVs SVs Result with smoClassify
testFilell testFile12
smoLearn| 5.000000 2 0 12 correct 12 correct
12total 12 total
svm'9™™ | 5.000000 2 0 12 correct 12 correct
12total 12 total

Table5.1: smolLearrfor alinearSVM ontestFilel1l,C =45

Training | Threshold| Non-Bound| Bound | Reclassification Classification
Software b SVs SVs Result with smoClassify
testFile21 testFile22
smolLearn| 2.330163 3 13 7 incorrect 10correct
26 correct 10total
svm'9 [ 2.3280552 4 12 7 incorrect 10correct
26 correct 10total

Table5.2: smolLearrfor alinearSVM ontestFile21,C = 4.5

TestFilel2 consistsof 12 dataplacedin the instancespaceof testFilel1l. Two pointsareplacedwithin the mamgin.
Oneof themis placedright on the separatinglane. Therestof the dataare evenly distributedin the instancespace
outsidethe magins.

5.1.2 testFile2 _1 and testFile2 _2

testFile21 consistof 33 datawith two classe®f datawithin very closedistancerom eachother Two pointslabelled
asclass-1 areplacedwithin theregion of the pointslabelledasclassl. They areerrors.

testFile22 consistof 10 datawhich arecorrectlylabelledasclassl andclass-1. Thepurposeof thisfile is to testthe
generalizatiorperformancesf smoClassifywhenthe SVM wastrainedwith errorsin thetrainingspace.

5.1.3 testFile3 _1 and testFile3 _2

testFile31 consistof 40 datapointswhich canbenonlinearlyseparatedT hisfile is usedto testthe polynomialSVM
implementatiorof smoLeam.

testFile32 consistof 14 datawith somedatapointswithin the margins betweerthetwo classesThe purposeof this
file is to testthe correctnessf the polynomialclassificationmplementatiorof smoClassify

5.1.4 testFile4 _1 and testFile4 _2

testFile41 consistsof 75 datapointswhich canbe nonlinearlyseparatedDataof class-1 aresandwicheetween
datalabelledasclassl. Therearetwo nonlinearoptimal separatinglanes.The purposeof thetestis to testthe RBF
SVM implementatiorof smoLeam

testFile42 consistof 30 testdata. They areuniformly distributedin theinstantspaceof testFile41. The purposeof
thisfile is to testthe correctnessf the RBF classificationmplementatiorof smoClassify

5.1.5 Test Results

Thetestresultsareshavn in Table5.1through5.5. Eachtableshaws the testresultsof smoLeam andsmoClassify
togethemwith thoseobtainedwith svnio
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Training | Threshold| Non-Bound| Bound | Reclassification Classification
Software b SVs SVs Result with smoClassify
testFile21 testFile22
smolLearn| 3.835000 2 13 33 correct 10correct
33total 10total
svm'9" [ 3.8350001 2 13 33correct 10correct
33total 10total
Table5.3: smolLearrfor alinearSVM ontestFile21,C = 10.5
Training | Threshold | Non-Bound| Bound | Reclassificationn Classification
Software b SVs SVs Result with smoClassify
testFile31 testFile32
smolLearn| -14.331886 5 9 lincorrect 14 total
39correct All correct
svmi9™ | -14.325301 5 9 1incorrect 14 total
39correct All correct

Table5.4: smoLearrfor a polynomialSVM ontestFile31, degree=2,C = 10.5

Training | Threshold | Non-Bound| Bound | Reclassificationl Classification
Software b SVs SVs Result with smoClassify
testFile41 testFile42
smolLearn| -0.170436 17 12 2 incorrect 30total
73 correct 30 correct
svm'9™ | -0.16964309 17 12 2 incorrect 30total
73 correct 30correct

Table5.5: smoLearrfor alinear SVM ontestFile41,C = 45,02 =1
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5.1.6 Discussion of the artificial data test

Table5.1shavs thatsmoLeam, smoClassifyproducethe sameresultassvmi9™ in trainingandclassification.

Two testswere performedusingtestFile21: onewith a C parameteof 4.5 andanothemwith a C parametepnf 10.5.
smoLeam andsmoClassifyproduceresultswhich agreewith thoseof svmi9. A larger C parameteis usedin this
testto seeif the SVM will bestringentwith outliers,thosedatawhich arevery closetogetherbut belongto different
classesWith thelarger C parameterghe maigin narravs andthe errorsof thoseoutliersareeliminated.Thereclas-
sificationresultindicatesno misclassificationTwo errorswereplacedin the region of the classl data.In bothtests,
thetrainedSVM is ableto generalizavell. Worth mentioninghereis thatwhenapplyingtestFile21 to svmid™ with

a C parameteof 4.5, svmi9™ doesnot behae consistently In sometests,it keptoscillatinganddid not stopandthe
programranvery slov. Thedatain testFile21 is distributedin away suchthattherearetwo rows of classl labelled
datarunningalmostparallelto eachotherwith onerow locatedvery closeto anotherparallelrow of class-1 labelled
data.Whenthe C parameters notverylarge,a SVM triesto optimizewith alarger maigin. However, this meanghe
row of classl datacloseto the row of the class-1 datawill be misclassified.svmi9 oscillatesbetweenthosetwo

rows of classl data,unableto decidewhich oneto take.

The training resultof smoLeam in learningusing a polynomial kernel deviates from svmi9™’s by 0.046%. The
reclassificatiorandclassificatiorresultsof smoClassifyagreewith thatof svmeft.

The RBF kernelfunctionusedin smoLeam is

lIx—y|?

@(pi 202

andthe RBF kernelfunctionusedin svmid is ,
[yl

exp o2

In orderto comparemy resultswith svmi9™’s, the testwith testFile41 wasconductedvith RBF kernelfunctionin
my implementatiorchangedo matchthatof svn9™. Theresultdeviatesfrom svni9™ by 0.47%. Thereclassification
andclassificatiorresultof smoClassifyagreeswith svmioht,

5.2 Testing with benc hmark data

ThesmolLeam programwasalsotestedntwo setsof benchmarkstheUCI Adult benchmarlsetandawebclassifica-

tiontask. Thesebenchmarlkdatacanbedownloadedrom JohnPlatt'swebpagéttp://research.mic ros oft .c om/"jp lat t.
Eachtestsetin thesebenchmarkss in .dstfile format. A descriptionof the .dstformatcanbefoundin the README

file at Platt's website.The Pythonscript“dst2mySmo.g” corvertsthesedatasetsto the formatwhich canbereadby
smoLeam andsvm9™ written by Joachims The machineusedin thetestswas*“vial”, a Pentium450MHzcomputer
runningLinux in the McGill computerdab R.105n.Thetestswerealsoconductedn my laptopcomputera Pentium
233MHz CPUmachineusingLinux. Thetimingswereaboutdoublethoseobtainedusing“vial”.

5.2.1 The UCI Adult benchmark data set test results

The UCI Adult benchmarkhas14 attributeswhich make up a censugorm of a household Eight of the 14 attributes
arecatgyoricalandsix are continuous.The six continuousattributeswerediscretizednto quintiles,which thengave
a total of 123 binary attributes. A SVM wastrainedon thesedataandwasthengiven a censudorm for predicting
if the householdearnsmorethan50,000dollars. Thereare9 datasetsin the Adult benchmarlset. Two setsof tests
wereconductedusingthefirst 6 datasetsof the adultbenchmark.The first setof testswereconductedy traininga
linear SVM with C = 0.05. The secondsetof testswereconductedy training a GaussiarSVM with C = 1, anda
Gaussiarvarianceof 10. The testresultsof smoLeam andPlatt's SMO [13] on the adultbenchmarkare shawvn in

Tables5.6through5.9. Table5.10comparesheresultsof smolLeam with Platt’s publisheddata. 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 | lterations
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: smolLearrfor alinearSVM on the Adult dataset,C = 0.05

Training | smoLearrTime | Threshold| Non-Bound| Bound | smoLearn

SetSize CPUsec b SVs SVs | lterations
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: smoLearrfor a GaussiarBVM onthe Adult dataset,C = 1,62 = 10

Training | Platts SMO Time | Threshold| Non-Bound| Bound | smoLearn

SetSize CPUsec b SVs SVs | lterations
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 alinear SVM on the Adult dataset,C = 0.05

Training | Platt's SMO Time | Threshold| Non-Bound| Bound | smoLearn

SetSize CPUsec b SVs SVs | lterations
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 a GaussiarSVM onthe Adult dataset,C = 1, 0% = 10
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Testdataname LinearKernel RBF Kernel
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: Deviation of smoLearns resultsfrom Platt’s publishedresultin Adult dataset

Discussionof the testson the adult data set

Thetestswereconductedn a Pentium450MHz CPU machinerunningLinux. No dot productcachewasemplo/ed
in thesetestsalthougha versionof the projectcodesusingdot productcachewaswritten andtestedsuccessfullywith
artifical datasetscreatedusingmy demo.|y programandan adult-laandadult-2atestsets. The decisionto forego
dotproductcachen testingwith large benchmarldatais basedn thefollowing reasonsDot productcachefor large
datasetof over 3000requiresat least144 MBytes of memory Not mary PCsareequippedwith this large amountof
memory With the dot productcacheincorporatednto the codes the time of thetestrun on adult-lausinga laptop
equippedwith 32 MBytes memoryis far worsethanthatwithout dot productcache.lt took hoursto run on adult-3a
becaus®f the constantnemorypaging.Moreover, the Unix systenfunctionclock() whichwasusedin obtainingthe
CPUtime givesvery large numberin CPU time which apparentlyincludesthe disk accesgime during pageswap-
ping. Thesameestswith theversionof the codegbeforecodefine tuningandaddinganextra hierarchyto thesecond
heuristic)written to incorporatedot productcachewererun on a Celeron300 MHz machinewith 64 MBytes. The
timingswere5 secon the adult-laand 18 secon adult-2a.However, the teston adult-3ajumpedto 639 secbecause
of the pageswappingproblem. The restof the datasetsthentook hoursto run. Dot productcachedoesimprove the
speedby a greatdealprovided the machinehasalot of memory Doing away with dot productcacheon anordinary
PCmakesmoresenseAlso, Platt’s testswererun without any dot productcache.

Platt’s testswereconductedn anunloaded266 MHz Pentiumll processorunningWindows NT4. His codeswere
writtenin Microsoft’'s VisualC++5.0. smoLeam andsmoClassifywerewrittenin C andcompiledonagcccompiler
underOpenLinux2.3. As the goal of the projectis to make surethatthe SMO algorithmis implementedcorrectly

speedis not a focusin this report. Thereare mary issueswhich complicatethe performancecomparison. Apart

from platformsandprocessorgjifferentoptimizationmethodsfine tuning, datastructuresandsomevariationin the
algorithm can affect the performancea greatdeal. At the very beginning of the testingphase testswererun on a

Pentium233MHz laptop. The CPUtime which coveredthe executionof the entire SMO algorithm,includingkernel
evaluationtime (excludingfile I/O time) was96 sec.on adult-1a,247 secon adult-2aand462 secon adult-3a.After

fine tuning the codes,changingthe dot productcalculationsto take advantageof sparsematricesby doing addition
insteadof multiplication,andaddinganotherierarchyto the secondheuristicof Platt’s algorithm,the CPUtime on

the laptopwas cut down to 46 secon adult-1a,98 secon adult-2aand 199 secon adult-3a. Fine tuning the codes
improvesperformancealrastically However, thechoiceof datastructurecanaffectthe performanceaswell. As men-
tionedin chapterd, the softwaredevelopmentof the project,very simpledatastructures arrayswerechoserto store
all necessarglataandquicksortandbinary searchwereusedto sortthe errorsof unboundexamplesbecauseimple
datastructuresnale verifying andtestingthe programseasier A run of smoLeam usingthe utility gprofshavedthat
over 87% of thetime is spentin thedot productcalculations.The quicksortandbinary searche the codesaccount
for only aboutl to 2% of the CPUtime. Almost 12%of thetime is spentin the calculateError(functionof thelearn
module.This functionin turn callsthedotProduct(function. Without knowing how Plattimplementechis codesand
thedatastructuresheusedi,it is difficult to comparehe performanceptherthanthe big O performance.

The performanceof the SMO algorithmis in the order betweenO(n) and O(n?). Table 5.6 and Table 5.7 shav
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WebData | ClassLabel | ClassLabel | fraction(%)OF
Set 1 -1 No. OF Class-1
In Total
web-la 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 bothclassl and-1

thatthebig O performancef theimplementatioris asonewould expectfrom the algorithm.

Table 5.7 shaws a very interestingresult. The performanceof the GaussiarSVM on the 6 web testsare only on
the averagel.5 timesslower than Platt's implementationput the Linear SVM runson the average76 timesslowver
thanPlatt’s implementation.ComparingTable5.6 and Table5.7 we seethatthe GaussiarSVM runsfasterthanthe
linear SVM on smolLeam whereaghe GaussiarSVM on Platt’s implementatiorrunsslower thanits linear counter
part. An integerarraynonZeroFeature[] is usedto storethe numberof non-zerofeatureeachtraining examplehas.
For training datawith binaryfeaturevalues,the dot productof an examplewith itself is equivalentto the numberof
non-zerafeatureghatexamplehas. In orderto save memory only theid of the non-zerovaluedfeatureneedso be
stored.In the Gaussiarkernelevaluation,the valuefor the self dot productof anexamplewasreadfrom thenonZe-
roFeature[] array As pointedoutabove, the dot productcalculationsdominatethe time of thewholealgorithm. Any
way to speedup the dot productcalculationswill speedup the algorithmtremendously This alsoindicatesthatthe
internaldatastructuresisedcanaffect the performance.

The numberof iterationsdependson the detailson the algorithm implementationas well as on the epsiloncho-
sen. The epsilonusedin this implementatioris the machineepsilon. The numberof iterationsdo not seemto affect
theruntimealot.

Thethresholdvalues,b, obtainedn thelinear SVM differ lessthan1% from Platt’s publishedvalues.Thethreshold
values b, obtainedn the GaussiarBVM differ from Platt’s valuesby anaverageof 2.1%. The numberof boundand
non-boundsupportvectorsfounddependon the orientationof the separatinglanewhich s reflectedn thethreshold
valueb. Bothtable5.6andtable5.7 shav thatthenumberof boundandnon-boundsupportvectorsarecloseto Platt's
values.

5.2.2 The Web benchmark data set test results

This benchmarksetcontainstraining datafor a web pagecatayorizationand canbe dovnloadedfrom JohnPlatt's
webpagéhttp://research.mi cro soft. comj platt .

Thedataarein .dstdataformatandthey werecorvertedby the Pythonscript“dst2mySmo.g~ to thefile formatwhich
canbereadby smoLeam andsvm9". 300keywordsareusedasbinaryattritutesof thewebpagego betrained.This
benchmarksetdiffers from the adultbenchmarkn having contradictorytraining exampleswhich have zerosfor all
featuresandwerelabelledbothclass'l’ andclass-1'. Table5.11shavs thedistribution of thesecontradictorycases
in eachof 6 testsetsof the Webbenchmark.The fraction(%)columnof table5.11 representshe fraction(%)of the
exampleswith all featureszerowhich arelabelledclass-1. Tables5.12,5.13,5.14,5.15and5.16shav thesmolLeam
resultson thewebtestsets,Platt's SMO resultsandthe deviationsof smoLeam’s resultsfrom thoseof Platt.

Discussionof the testson the Web data set
Thereare contradictoryexamplesin the web datasets. In this implementationthe contradictoryexamplesareread
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Training | smoLearnTime | Threshold| Non-Bound| Bound | smoLearn
SetSize CPUsec b SVs SVs | lterations
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: smolLearrfor alinearSVM ontheWebdataset,C = 1

Training | smoLearnTime | Threshold| Non-Bound| Bound | smoLearn
SetSize CPUsec b SVs SVs | lterations
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: smoLearrfor a GaussiarBVM onthe Webdataset,C = 5, 02 = 10

Training | Platt's SMO Time | Threshold| Non-Bound| Bound | smoLearn
SetSize CPUsec b SVs SVs | lterations
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 alinearSVM ontheWebdataset,C = 1

Training | Platt's SMO Time | Threshold | Non-Bound| Bound | smoLearn
SetSize CPUsec b SVs SVs | lterations
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 a GaussiarSVM onthe Webdataset,C = 5, 02 = 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: Deviation of smoLearrs resultsfrom Platt’s publishedresultin Webbenchmark

in togetherwith the restof the examplesandtraining wasdoneusingthosecontradictoryexamples. The examples
labelledasclassl in the training setwhenthey have zerosfor all the featuresaccountfor an averageof 3.4% of all
the exampleswith the samecharacteristicgseeTable5.11). The restof the exampleswith the samecharacteristics
arelabelledasclass’-1'. We canconsiderthose3.4%aserrors. Normally, this would meanthatthereis deficieny
in the featureextractingmethodandthe trainerhasto revise his/herfeatureextractionmethodin orderto eliminate
the contradictorycases.He/shemight add additonalfeaturesfor thosecontradictoryexamples.The machineshould
bevery generalandleave thefeatureextractionresponsibilityto the trainer Otherimplementationsnight handlethe
contradictorycasedifferently Without knowing how Platt handledthe contradictorycasesit is hardto compare
smolLeam’s resultswith his. Investigationwas madeby addingadditionalfeaturesto eliminatethe contradiction.
The resultsare very muchdifferentfrom Platt’'s data. This is not a correctapproach.A machineshouldnot have
ary apriori knowledgeof the data.Experimentwasconductedyy incorporatingthe majority of thosesamplesvhich
have all featurevalueszeroandarelabelledasclass’-1’ andignoring the small percentagevhich are labelledas
class'l’. Theresultshovs thatthetrainedSVM is ableto generalizenvell in reclassification.The closestresultsto
Platt's which areshavn in tables5.12 and5.13 were obtainedby training the SVM on the contradictorycases.In
light of theabove, thefollowing discussiomwill focusonanalyzingtheresultsratherthancomparinghemwith Platt’s.

Sincethereis alwaysroughly the samesmall percentagef thosecontradictorycasesn all 6 testsets,we canas-
sumethey arenoises.Table5.12shavs thatall the exampleswith zerovaluesfor all thefeatureswill be classifiedas
class-1' by thetrainedSVM becauséhethresholdsarepositive. Thosesmallpercentagesf contradictoryexamples
labeledasclass’l’ in thetrainingareerrorsandthey areboundsupportvectorsin the training. SupportVectorMa-

chinecangeneralizavell whentrainedwith noisydata.

Table5.13 shaws a differentresultfrom that of the linear SVM. The thresholdb for testsetsweb-5aandweb-6a
arenegative. If we usethosetwo trainedSVMs to classifyexampleswith all featurevalueszero,they will be clas-
sifiedasclass’l’ eventhoughin our training sample,97% of exampleswith this characteristicare labelledclass
-1’ in thetraining set. If we considerthoseapproximately3% of contradictoryexamplesin the training sampleas
noise,thenthis noiseobscureshelargerpercentagef examplesn thetraining having the samecharacteristibut are
labelledclass-1'. ThetrainedSVM cannotgeneralizevell in thereclassification.

Table5.15shavs thatin Platt's SMO implementationthethresholdb becomesegative in the Gaussiars VM starting
from testsetweb-3a.How animplementatiorof the SVM handleghe contradictorycaseswill affecttheerrorrateof
classificatiorof the resultingmachine.

Perhapghe mostimmediatequestionwould be why it is thatthelinear SVM behaesdifferently from the Gaussian
SVM. Thekernelfunctionis thefunctionof distancehatis usedto determingheweightof eachtrainingexample.In
alinearkernel,thedistancas Euclideardistance A GaussiarsVM is equialentto a RadialBasisFunctionclassifier
[17]. Thedistancdunctionof a RadialBasisfunctionclassifierin my implementatons

exp 2% (5.1)
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wherey; is aninstancefrom thetrainingsetandd(x;, x) is thedistanceof x; from x.

The distancefunction is a Gaussianfunction centeredat x; with somevarianceciz. As the distancebetweenx;

andx increasesthe kernelfunction valuedecreasesTherearemary waysto implementa RBF classifier Onecan
find the setof kernelfunctionsspaceduniformly throughoutthe instancespaceor find the clustersof instancesand
thenput a kernelfunction centeredat eachcluster[10]. The GaussiarSVM in this implementations equvalentto
aradial basisfunction classifierbecausédt usesequation5.1. The SVM finds the supportvectorswhich areusedas
centerdor the kernelfunctions. Eachkernelfunction hasthe samevariance.This implementatiorof SVM includes
thosecontradictorycasesn the training andthesecaseswill always be errorsandbe boundsupportvectors. In a
GaussiarBVM, theseerrorsbecomehe centersof the kernelfunctions.If thedistribution of instancesn thetraining
sampleclusterscloselyto the contradictoryinstancesthenthosesupportvectorswill exert moreweightsandaffect
the classificationerrorrate. In the caseof web-5aandweb-6a,eventhougha big percentagef exampleswith all

their featureszerosarelabelledclass’-1’ in thetrainingsample they will be classifyasclassl in the reclassifcation
(classificationwith thetrainingsample).



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

— Albert Einstein,1879-1955—

Conclusion

Thetestresultsusingthe artificial dataandbenchmarkshav thatthe implementatiorof a SupportVectorMachine
through SequentiaMinimal Optimizationalgorithmhasbeencarriedout correctly Thereare mary issuesarising
during the implementationjssuessuchas performancepptimization,handlingof contradictorycasesn training a
benchmark Perhapshe mostimportantresultof this projectwasthe understandingainedthroughtheimplementa-
tion.

Differentlearningalgorithmshave differentwaysto handleexampleswith all theirfeatureszeroaswell asthecontra-

dictory casesSincetheunderlyingstructureof SVM involvessolvingakernelmatrix problem thedecisiorwasmade
to incorporatehe exampleswhich have all their featurevalueszeroandlet the kernelmatrix be semidefinite.There
aretwo issueshere. Thefirst issueis to allow the kernelmatrix to be semidefinite.Supportvectormachinetrained

with asemidefinitekernelis ableto generalizavell. Thesecondssueis to trainthe SVM with the contradictorycases
included. The resultshavs that specialcarehasto be taken to dealwith suchcases.They representhe boundary
betweertwo classesTable8 shavs thatdependingon how theimplementatiorhandleghe contradictorycaseslarge

classificatiorerrorscouldresult.

A dot productcachedoesimprove the performanceof the SMO algorithm. However one hasto weigh the benefit
againstthe large amountof memoryrequired. svmi9™ usescachein its implementatiorandtraining svmi9™ on the
Gaussiarkernelusingdatafrom web-3atook hourson my laptopwith only 32 MB. Traininga GaussiarSVM onthe
Web benchmarksvithout a dot productcacheon my laptopwith smoLeam took from 60 secfor web-1ato 919 sec
for web-5a.Sincemostpersonacomputersio not have alot of memory improving the performancef thealgorithm
throughcodeoptimization,modificationof the heuristicusedin choosingthe secondexamplefor joint optimization,
optimizationof thedot productcalculationanderrorupdatingin theimplementatioraremoremeaningful.

smolLeam hasproved to be very robust. A 2-dimensionalartificial dataset which hasa very close magin and
canbelinearly separateavith errors(seesection5.1, testwith testFile21) wasdesignedandtestedwith both svmoft
andsmoLeam usinga C parametepnf 4.5. smoLeam ranthroughthetrainingin lessthanl1 secondwith 26 correct
and7 incorrectin reclassifcatiomnd100%correcton classificatiorwith thetestdata.svmi9™ did notrun consistently
Onsomeoccasionst keptoscillatingandthe algorithmranvery slowly anddid not evenstop.

SinceSMO is atrainingalgorithm,mostof thetestsweredoneon thetraining partof the softwaresmolLeam andthe
benchmarkestsverify the correctnessf the program.The classificatiorpartof the software,smoClassify wasdone
on artificial dataonly. More investigationinto speedinguip the classificatiorcanbe donein thefuture.
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Currentlya lot of researcherssesvmi9™ for their researchworks. You might askwhy one shouldgo throughthe
troubleof implementinghis/herown SVM whenonecandownloada free packagerom the web site of svmid. My
experienceof this projectcorvincesmethatthe benefitof implementingones own SVM far outweighsthetime and
effort investedn theimplementation.

SVM is still a relatively newv subject. Books on SVM just startedto appearin 1999. Still, a lot of work, both
theoreticalandpracticalneed€o be donein SVM. SVM is very mathematicallynvolved. Thereis no betterway to
gainabetterunderstandingf all the mathematicendtheorybehindSVM thanto learnthroughthe implementation
and experimentation.Moreover, thereare caseswvhen svmi9™ fails to function properly while my implementation
proceedsvithout problemsandgivesgoodclassificatiorresults.Anotherimportantadwvantageof implementingones
own SVM is theability to customizecodesto specificapplications.SVM implementedusingthe SMO algorithmhas
provento bevery efficientin applicationsvhich usesparsanatriceqd4]. If thesoftwareonedownloadsdoesnothave
gooddocumentationthenit is very hardto customizethe codesto ones need. Thereis alsothe adwvantageof being
ableto maintain,improve ones implementatiorand experimentwith ideasas one gainsmore knowledgein SVM.
Themostattractive partof the SMO algorithmis its ability to do away with the needfor QuadraticProgrammingand
still give goodperformance.
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Thegenerakequationof aplanein d dimensionss
w-X=Kk

wherew is the normalto the hyperplaneandx is ad x 1 vector andk is a scalarconstant.

% is theminimumdistancefrom the origin to the plane.

Thefollowing area summaryfrom thebook“Introductionto operationsesearch’by Eiker J,andKuperferschmidu.
(1988)

Matrices
X is ad-dimensionalvector

f(x) is ascalarvaluedfunctionof x.
Thederivative or gradientof f with respecto x is

6X;|_
af(x)

9t (x) o

Of(x) = gradf(x) = PV

\ Bf‘(x)

0xy

TheHessiamrmatrix H (x) is definedasfollows:

?f(x)  9%f(x) 821 (x)

OX% 00Xy  0X10%n

?f(x)  9%f(x) 821 (x)

DXt x5 Ox0%

%f(x)  %f(x) | 2f(x)
0Xn0X1  O0XnOX2 0X2
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A matrix M is ary n x n matrixandzis avectorof lengthn:
M is positive definite <= z'Mzis > 0,Vz+# 0

M is positive semidefinite<= z"'Mzis > 0,Vz+# 0

M is negative definite <= z'Mzis < 0,Vz#0

M is negative semidefinite<= z'Mzis < 0,Vz+# 0

X is a stationarypoint of f(x) if agg(x) =0

If x is astationarypointof f(x), then:

H (x) is positive definite— X is a strict minimizing point

H(x) is positve semidefinitevx in someneighborhoodf x — X is a strictminimizing point
X is aminimizing point— H(X) is positve semidefinite

H (x) is negative definite— X is a strict maximizingpoint

H (x) is negative semidefinitéyx in someneighborhooaf x — x is a strict maximizingpoint
X is amaximizingpoint — H(X) is negatvesemidefinite

The Lagrange Multiplier Theorem

Givenanonlinearprogrammingoroblem

minimize f(x) xeR"
subjectto

If x is thelocal minimizing pointfor the nonlinearprogrammingproblem,andn > m
andg; have continuoudirst partialderivativeswith respecto thex;,

andthe Og; (x) arelinearly independentectors,

thenthereis avectorA = [A1,Az,...,Am|T suchthat

Of(x) + i)\iDgi (x) =0.
i=
Thenumbers\; arecalledLagrangemultipliersandthey canbe positive, negative or zero.
Solving equality constrainednonlinear program by the Lagrange Multiplier Theorem
1. Formthe Lagrangiarfunction

LOuk) = 100+ 3 Mg

2. Corvertthe constrainedptimizationinto an unconstrainegroblemof finding the extremumof L(x,A) by taking
thederivatives

oL(X,A) o .
N =g(x) =0, i=1,...,m,
LA _ g i=1,....n,
an

Inequality-constrained non-linear problem
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We wantto ignoretheinactive constraintsn the Lagrangiarequatiorandconvert the problemto anequalityproblem.

L(x,A) = f(x) +'—§1)\igi (X).

We canexcludeinactive constraintsdby requiringthe Lagrangemultipliers correspondindo that slackinequality be
zero.

We wantA; to be zerowheng;(x) # 0 andA; to be non-zerowheng;(x) is zerowherex is the optimal point. The
following orthogonalityconditioncanensurethatthe Lagrangiarfunctionwill ignoreinactive constraintsaandincor
portateactive onesasif they wereequalitiyones.The orthogonalityconditionis:

Aigi(X) =0.

A is orthogonato g(x).

Enforcingthe orthogonalityconditionensureghatthe Lagrangiarfunction L ignoresinactive constraintsaandincor
porateactive onesasif they wereequalities.Now the Lagrangiarfunctionfor aninequality-constriaed problemis
indistinguishabldrom thatfor anequialentequality-constrairgeprobleminvolving only active constraintsHowever
now the Lagrangemultipliers mustbe > 0 ata minimizing pointif a constraintgualificationholdsfor aninequality-
constrainegroblem. All theseconditionsfor a systemof nonlinearequationsandinequalitiesconstraintsarecalled
the Karush-Kuhn-Tucker conditions.

The Karush-K uhn-Tucker (KKT) Conditions

Giventhecanonicaform of anonlineamprogrammingproblem
minimize f(x), xeR"
subjectto
gi(x) <0 i=1,..,m.

If the Lagrangiarfunctionis givenby

m

L(x,A) = f(x)+ Z)\igi(x)
i=

thentheKKT conditionsfor the problemare:

5 =0 j=1,...,n gradient condition
Aigi(x) =0 i=1,...,m orthogonality condition
g(x)<0 i=1,....,m feasibility condition
Ai>0 i=1,...,m nonnegatvity

TheKKT conditionsarethe conditionsthatareusedto solve problemswith inequalityconstraints.

How to tell if apoint(x,A) which satisfieshe KKT conditionis amaximum,minimumor neither?
Corvexity canbeusedto decideif aKKT pointis a minimizing pointor not.

Convex functions

A function f is corvex iff for all choicesof pointsx; andx,
f(axy+ (1—a)xz) <af(xy)+(1—a)f(xz)

for all a satisfying0<a <1
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A function f is strictly corvex if eachof the inequalitiesin the precedingdefinitionis a strict inequality A func-
tionis concaeif —f is a corvex function.

We canusedefinitenes®f the HessianMatrix to testfor corvexity of afunction.
H(x) is positive semidefinite¥ valuesof x <= f(x) is acornvex function.

H(x) is positive definiteV valuesof x — f(x) is astrictly corvex function.

If afunctionis corvex, thenthe stationarypoint mustbea minimizing point.

If we addthe requirementhat the objectve and constraintfunctionsbe corvex functions,thenthe solution of the
KKT conditiongivestheglobalminimizing point. KKT Theoremsumsup thenecessarpandsufficient conditionsfor
alocal minimizing pointto bea globalminima.

KKT Theorem

Giventhecanonicafform nonlinearmprogrammingproblem

minimize f(x), xeR"
subjectto
gi(x) <0 i=1,..,m.

Thenecessargonditionsfor alocal minimizing pointto satisfyKKT conditionare:
if

o f, g aredifferentiable, i=1,..,m.

e X is alocal minimizing point,and

e aconstraintgualificationholds
then

thereis avectorA suchthat(x,A) satisfieehe KKT conditions;

Thesuficient conditionsfor a point satisfyingKKT conditionto bea globalminimizing pointare:
if

e (x,\) satisfieghe KKT conditions
e f, g arecorvex functions, i=1,..,m

then
X is aglobalminimizing point.

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

1) Formthe Lagrangiarfunction

LOA) = 100+ 3 Mg

2) Find all solutions(x, A) to thefollowing systemf nonlinearalgebraicequationsandinequalities

x = 0 j=1,...,n gradient condition
g(x) <0 i=1,...,m feasibility
Aigi(x)=0 i=1,...,m orthogonality
Ai>0 i=1,...,m nonnegatvity
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3) If f andgi(x) areall corvex, thenthe pointsx areglobalminimizing points.
Otherwiseexamineeach(x,A) to seeif x is aminimizing point.
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demo.pyis aninteractve python programfor demonstratinggVM andfor testingthe programssmolLeam andsmo-
Classify. Thefollowing is a brief descriptionof the useof the program.FigureB.1 shavs thedemonstrationvindowv
of theprogram.

Training:

1. Selecttheposor negradiobutton.
Clicking on the carvaswith the left mousebuttonwill createa training point with the labelof +1 if posis se-
lected,-1if negis selectedPositive pointsarerepresentedly filled bluecircles.Negative pointsarerepresented
by opencircles.

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

3. Click onthe TRAIN buttonto openalearningwindow similarto theonein Figure4.6.

4. Selectthekerneltypeandinputthe C parameteandotherparametersccordingto thetype of kernelselected.
Inputthemodelfile name.

5. Click onthe OK buttonto starttraining. Trainingresultsaredisplayedon the carvasat the endof thetraining.
Margin supportvectorsarecircledwith blackcircles.Boundsupportvectorsarecircledwith redcircles. If the
kerneltypeis linear, theoptimalseparatindine, theline joining the positve magin supportvectorsandtheline
joining the negative margin supportvectorsaredisplayedaswell. For the polynomialkernel,the userhasto
click onthe PLOT buttonto have the correspondindinesdisplayed.

Additional options:

e A usercanalsoclick onthe LOAD EXISTING TRAINING FILE buttonto load an existing training file,
which wascreatedoy this demo.pyprogrambefore.
e Clicking onthe CREATE POSTSCRIPT buttonwill createa postscripffile of whatis shovn onthecarvas.

Classification:

1. Selectthe classify positive or classify negative radio button. Clicking with the left mousebuttonwill createa
pointlabelledwith +1if classifypositive is selectedandapointlabelledwith -1 if classifynegatie is selected.
Thepositive pointsarerepresentetdy filled yellow circlesandthe negative onesby filled greencircles.
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CLEAR 8V | CREATE POSTSCRIPT | PLOT | QuUIT |

FigureB.1: Demonstratiorwindow of the programdemo.y
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2. Clicking onthe CREATE 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 the OK buttonin thedialogwindow will starttheclassification.

At the endof the classification the pointswhich are classifiedas positve will be marked by yellow circles
andthoseclassifiedhegative by greencircles.

Note: Themodelfile is the modelfile which hasbeencreatedafteratrainingwith thetraining pointswhich are
presentlyonthecarvas.

Clicking onthe QUIT buttonwill closethedemonstrationvindow.
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[k ok ko skkokokskokskokokk - SIMOLEAIN.C okttt ook ok ok ook ok ok ok

Purpose: To build an svmbasedon the given training data and the

selectedkernel function.

Notes: This program is composedf the following modules:
smoLearn.c- main program module

initializeTraining.c - read training data and initialize data structues
learn.c - build an svmbasedon the given training data using

the SMO algo.
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.

sk |

#include <stdioh>
#include <stdlib.n>
#include <time.h>
#include <ctypeh>
#include <float.h>
#include <getopth>
#include "initializeTraining.h"
#include "learn.h"
#include "result.h”

#define DEFAULT 4.5
#define EPSDBL_EPSILON
#define OPTSTRING"t:.c:b:d:v:h"

char usagg] =

"\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\

10

20

30



SMO codes 83

Default is 0.\n\ 40
\n\
Required  options:\n\
[] type of kernel,0 for linear, 1 for polynomial, 2 for RBF\n\
[-c] ¢ parameter\n\
[-d] degree of polynomial is needed if option [f] is 1\n\
[-v] variance of RBFfunction is need if option [-f] is 2\n\
\n";

void useMsg char xprogname) { 50
fprintf( stderr "\nUse:  %s options\n" , progname);
fprintf(stderr "%s", usage);

}

int main( int argc, char x+amgv )
{
char xprogname= argvi0];
FILE xin , xout
char opt 60
int i, j;
double startTime;

C=0;
kernellype = —1;
degree = 0;
sigmaSqr= 0;
binaryFeature= 0;

/********************************** 70
Che& commandline options.

**********************************/

optag = NULL;

while (((opt = getoptargc, agv, OPTSTRING) = —1)) {
switch(op) {

case't
if ( strcmgoptag, "0" ) == 0)
kernelType = 0; 80
elseif ( strcmpoptag, "1" ) == 0)
kernelTlype = 1;
elseif ( strcmpoptag, "2" ) == 0)
kernelTlype = 2;
else{
fprintf( stderr "kernel  type is either 0,1 or 2\n" );
exit(1);
}
break
case'’c' : %

if( sscanfoptag, "%f" , &C) == 0) {
fprintf(stdert"Expect a positive  number for C.\n" );
exit(1);

}

else
C = atof(optan);

if(C<=0){
fprintf( stderr "C has to be > 0\n" );
exit(1);

1 100

break;

case'd' :
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if( sscanfoptag, "%d", &degreg == 0 ) {

fprintf( stderr "Expect degree to be a positive integer.\n"

exit(1);

}

else
degree = atoioptag);

if (degree<=10) {
fprintf( stderr "degree has to be a positive  integer.\n"
exit(1);

}

break

caseV' :

if( sscanfoptag, "%f" , &sigmaSqr == 0 ) {
fprintf(stdert"Expect a positive  number for variance.\n"
exit(1);

}

else
sigmaSqr= atofioptag);

if( sigmaSqgr<=10) {
fprintf( stderr "variance  has to be > O\n" );
exit(1);

rbfConstant= 1/(2xsigmaSay,
break;
case'd' :
if( sscanfoptag, "%d", &binaryFeaturp==0) {

);

fprintf( stderr "binaryFeature option is either 0 or 1.\n"

exit(1);
}
else
binaryFeature= atoi(optag);
if ( binaryFeature= 0 && binaryFeature= 1) {

fprintf( stderr "binaryFeature option is either 0 or 1.\n"

exit(1);

}
break;

case'h' :
useMsg progname);
exit(1);
break;

default:
useMsg progname);
exit(1);
break;

}

}

/*******************************************
Chedk all necessaryparametes are in

*******************************************/

if( kernelfype== —1) {

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

elseif( kernelType == 1 && degree==0) {
fprintf( stderr "Degree has not been specified.\n" );
exit(2);

elseif( kernelType == 2 && sigmaSqr==0) {
fprintf( stderr "Variance has not been specified.\n" );
exit(2);

);

);

);

110
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}
elseif(C==0)
C = DEFAULT;

/******************************************* 170
Ched training file and modelfile
*******************************************/

if ((in = foper( agviargc—2], "r* ) ) == NULL ) {
fprintf( stderr "Can't open %s\n", argviargc—2] );

exit(2);

}

if (( out = foper( agviargc—1], "w") ) == NULL ) {
fprintf( stderr "Can't open %s\n", argviargc—1] ); 180
exit(2);

}

printf("smo_learn is preparing to learn. . .\n" );
if( ! readFilg in ) ) {
fprintf( stderr "Error in initializing. Program exits.\n" )
exit (1);
}
else
fclosg in ); 190

if ( linitializeTraining)) {

fprintf( stderr "Error  in initializing data structure. Program exits.\n" );

exit(1);

}

printf("Start  training . . \n" );

startTime = clock))/CLOCKS_PER.SEG

startLeari);

printf("Training  is completed\n" ); 200

/********************************
Print training statistics.

********************************/
printf("CPU time is %f secs\n" , clock()/CLOCKS_PER SEC — startTime);

printf("Writing ~ training  results . . \n" );

writeMode( out);

fclosg out); 210
printf("Finish ~ writing  training  results.\n" )

printf(‘no of iteration is %f\n" , iteration;

printf("threshold b is %f\n" , geth));
if ( kernellype==10)

printf('norm of weight vector is %f\n" , calculateNorng);
printf("no. of unBound multipliers is %d\n", unBoundSv);
printf("'no. of bounded multipliers is %d\n", boundSv);

/******************
220
Free memory

******************/
freg( tamget );

freg( lambda);

freg( nonZeroFeature;
freg( error);

freg nonBound);
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freg( weight);
freg( unBoundindg ); 230
freg nonZeroLambdg;
for(i = 0; i <= numExamplei++) {
freg exampldi] );
}
fregq example);
freg( errorCache);

return o;

[FRstrsksor s kskkookkookk INITANTZETraINING N skttt sk ot sk ok ko s ok ok sk ok

Purpose:Header for data structue initializing module
Notes: None

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

sk |

/*********************** Public definesand data structue *******************/

10

typedef struct featurq
int id;
float value

} Feature

typedef struct featurex FeaturePtr
FeaturePtrx example 20

int *xtamget

double xlambda

int xnonZeroFeature
double xerror,

int *xnonBouncl
double *weight

int numExample

int maxFeaturg

int numNonBound 30
int xunBoundIndg;
int dataSetSize

int xerrorCache

int xnonZeroLambda

[HskskksoksoR ko okkkkokokokokok PUDIIC FUNCHIONS skttt okttt sk sk koot ook ook

extem int readFilé FILE xin ); 40
extem int initializeTraining void );

[tk okt kR okskokokkk INITANTZETrAINING.C skttt sk ko ok sk

Purpose:Initialize all data structues for training by readinginformation
from the training data file.

Notes: It is assumedhat ead line of input training file has a maximumof
10000 characters.
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Programmer: Ginny Mak
Location: Montreal, Canada.
Last Updated: April 6, 2000.

sk [

#include <stdioh>
#include <stdlib.h>
#include <limits.h>
#include <mathh>
#include <float.h>
#include "initializeTraining.h"

[Hsssssor koo Private Definesand Data STrUCIUBS  sekskoksok skttt [

#define DATATEMP1 10000
#define DATATEMP2 1000
#define EPSDBL_EPSILON
#define MAXLINE LONG_MAX

static int examplelndg;
static int featurelnds;

[k ok kskkskokokokok Declared FUNCHONS sestksoksorookokskoksfofok ok ko totokkok [

static double dotProdudt FeaturePtr:x, int sizeX FeaturePtry, int sizeY );
static int initializeDatd int size);

/****************************** Private Functions *************************/
/*FN***************************************************************************

int initializeData ( int size)

Returns:int — Fail(0) on error, Succeed(1ptherwise
Purpose: To initialize data structues for training.
Notes: None

sk |

static int initializeDatq int size)
{
example= (FeaturePtrx) malloq size x sizeof FeaturePtr ) );
if ( example== NULL ) {
fprintf( stderr "Memory allocation failed\n" );
return 0;
}
target = (int *) malloq size x sizeof int ) );
if (tamet== NULL ) {
fprintf( stderr "Memory allocation failed\n"  );

return 0;
}
nonZeroFeature: (int *) malloq size x sizeof int ) );
if ( nonZeroFeature= NULL ) {
fprintf( stderr "Memory allocation failed\n"  );
return 0;

error = (double ) malloq size * sizeof double) );
if( error == NULL ) {
fprintf( stderr "Memory allocation failed\n" );
return 0;

10
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}

return 1;

}

[essksorsoR Rk koo PUDIC FUNCHONS skttt koot ook |
[ F Nttt otttk sk sk s ook oot o oot ot ottt kool oo ool o stk

int readRle( FILE xin ) 80
Returns:int — Fail(0) on error, Succeed(1ptherwise
Purpose: This function readsthe training file to extract the class,the
id/value pairs of featues of ead example
Data Structues are initialized to store theseinformations
for the training process.
Notes: It is assumedhat the size of ead line of the featue
descriptionof data is hot more than 10000 characters long and
the training file has beenopenedsuccessfullyfor reading

sk

int readFil¢ FILE xin )

{
char temdDATATEMP];
char temp2DATATEMPZ;
char labe[DATATEMPT];
int numFeaturg
int i,j, speciallndg;
int lineCount
int idValue
double feature\alue 100
char c;
extem int maxFeature
extem int numExample
int numZeroFeature 0;

90

lineCount= 0;
dataSetSize: 0;
/***************************************

Estimatethe numberof examples. 110

***************************************/
while (fgetgtemp MAXLINE, in ) != NULL )
dataSetSizer;

dataSetSizer;
rewind ( in);

if ( linitializeDatg dataSetSizg ) {
fprintf( stderr "Error  in initializing data\n" ); 120
return 0;

}

numExample= 0; examplelnd& = 0;
maxFeature= 0;

printf("Reading training  file .. .\n" );
while( ( ¢ = getdin) ) I= EOF) {

/***************************************
Ignore commentand blank lines 130

***************************************/
while(c==#% ||c="" ) {
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iftc="% ){
while( ( ¢ = getdin) ) '="\n" )

}
if(c=="n" )

c = getq in);
¥

if( ¢ == EOF)
break;

/***********************************
Readone line of descriptioon

***********************************/
else{
examplelnde++;
i = 0; numFeature= 0;
temgdi] = ¢; i++;
while( ( ¢ = getqin) ) I="\n" ) {
tempi] = ¢; i++;

if(c==")
numFeature+;
}
temgi] = \0' ;
lineCount+;

/**************************************************
Ead line shouldstart with a classlabel.

**************************************************/
j=0
while (temgj] =" ' ) {

labelj] = temdj]; j++;

}

labelj] = \0' ;

if( atoilabe) '= 1 && atoilabe) 1= —1) {
fprintf( stderr "Expect a class label in line %d\n", lineCoun};
return 0;

}

numExample+;
nonZeroFeatufexamplelnd&] = numFeature

if( numFeature= 0 ) {

exampldexamplelnd&] = (FeaturePtr)malloq numFeaturex sizeof FeaturePtr) );

if ( exampldexamplelnd&] == NULL ) {
fprintf( stdery "Memory allocation failed\n"  );
return 0;

}

for ( = 0; ] < numFeaturgj++) {
exampldexamplelnd&][j] = (FeaturePyr malloc (sizeofstruct featurg);
if ( exampldexamplelnd&][j] == NULL ) {
fprintf( stderr "Memory allocation failed\n" );
return 0;
}
}
}

else {
/*********************************************************

We have examplewith all the featues zein. We just

140
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recod their numberof nonzeo featue as zeo.

*********************************************************/
examplgexamplelnd&] = (FeaturePtr)malloq sizeof FeaturePtr) ); 200
if ( exampldexamplelnd&] == NULL ) {
fprintf( stdery "Memory allocation failed\n"  );
return 0;
}
examplg¢examplelnd&][0] = (FeaturePymalloq sizeofstruct feature );
if ( examplgexamplelnd&][0] == NULL ) {
fprintf( stderr "Memory allocation failed\n" );
return 0;

}

nonZeroFeatufexamplelnd&] = 0; 210

}

/**********************************************
Extract the classlabel of the example

**********************************************/

i =0
while( temgdi] '="' ') {
temp32i] = temgdi]; i++; 220
}
temp2i] = \0'

targefexamplelnd&] = atoi( temp2);
errofexamplelnd&] = 0 — targe{examplelnda];
i++;

if( numFeature= 0 ) {
/***************************************************

Extract and store the featue id/value pairs. 230

***************************************************/
featurelnde = 0;
while( temgi] '= 0" ) {
j=0
while( temgi] ="' ) {
temp3j] = temdil;
i++; j++;
}
temp2j] = \0' ; 240
if( sscanf temp2 "%d", &idValue == 0) {
fprintf( stderr "Expect an integer for id in line %d\n", lineCounj;
return 0;
}
exampldexamplelnd&][featurelndg]—>id = atoi( temp2);
j =0 i+
while( temgi] '= "' ' && temfi] =0 ) {
temp32j] = temdil;
i++; j++;
1 250
temp2j] = \0' ;
if( sscanf temp2 "%f" , &feature\alue ==0) {
fprintf( stderr "Expect a real number for feature value in line %d\n", lineCount);
return 0;
}
if( fabgatof{ temp2)) > EPS) {
exampldexamplelnd&][featurelndg]—>value = atof( temp2);
featurelnde++;

}
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} /+ end while not end of line */
/***********************************************************

Update the numberof nonzeo featues of the example
and the largest featue id found so far for all the
examplesread.

***********************************************************/
nonZeroFeatufexamplelnde] = featurelnds;
if ( exampldexamplelnd&][featurelndg — 1]—> id > maxFeature
maxFeature= exampldexamplelndeg][featureinde — 1]—>id;
}

} /* endelsex/
} /* end while not EOF x/
printf("Finish  reading training  file\n" );
return 1;

}

/*FN****************************************************************************

int initializeTraining( void )

Returns:int — Fail(0), on error Succeed(1ptherwise

Purpose: To initialize dpCadtie weight vector thresholdb, lambda, and nonBoundarrays.
Notes:None

sk
int initializeTraining void )
{
int i, j;
printf(“Initializing data structures .. .\n" );

weight = (double %) malloq (maxFeaturel) = sizeofdouble) );
if( weight == NULL ) {
fprintf( stderr "Memory allocation failed\n"  );

return 0;

}

for (i = 1; i <= maxFeaturgi++ )
weighti] = 0;

lambda= (double x) malloq (hnumExamplel) = sizeofdouble) );
if( lambda== NULL ) {
fprintf( stderr "Memory allocation failed\n" );

return 0;

}

for(i = 1; i <= numExamplei++ )
lambddi] = 0;

nonBound= (int x) malloq (numExamplel) x sizeofint) );
if( nonBound== NULL ){
fprintf( stderr "Memory allocation failed\n" );
return 0;
}
for (i =1; 1 <= numExamplei++ )
nonBoundg] = 0;
numNonBound= 0;

unBoundindg = (int %) malloq humExamplex sizeof int ) );
if( unBoundinde == NULL ) {

fprintf( stderr "Memory allocation failed\n" );

return 0;

}
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errorCache= (int x) malloq nhumExamplex sizeofint) );
if( errorCache== NULL ) {
fprintf( stderr "Memory allocation failed\n" );
return 0;

}

nonZeroLambda= (int x) malloq numExamplex sizeofint) );
if( nonZeroLambda== NULL ) {

fprintf( stderr "Memory allocation failed\n"  );

return 0;

}

printf("Finish initializing data structures.\n" )
return 1;

}

[essssorsor ok koo [@AIMLNT stttk ok ok s kst stttk ok ok kokok

Purpose: The headerfile for modulelearn.c
Notes: None

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

sk

double C ;

double b;

int degree;

int kernelType ;
double sigmaSqr
double rbfConstant
double iteration
double totallteration
int binaryFeature

[Hssksorsor kool PUDIIC FUNCHIONS skt st sttt sk sk kot ok |

extem void startLeari void );

[ssksorseoR ok kkkskskkkkkkskskoksorok [@AITLC skt otk stttk sk sk sk sk sk ook ook ook ok

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

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

sk [

#include <stdioh>
#include <stdlib.n>
#include <float.h>
#include <mathh>
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#include <time.h>
#include <limits.h>
#include <ctypeh>
#include "initializeTraining.h"
#include "utility.h"
#include "learn.h"

[k krokkk  Private definesand data StruCtuies skt ok kkokok /

#define MAX (X, Y) ((X) > (Y) 2(X) : (Y))
#define MIN(X, Y) ((X) < (Y) 2(X) : (Y))
#define TOL 0.001

#define EPSDBL_EPSILON

#define MAXNUM DBL_MAX

static double lambdal

static double lambda2

static double EZ,;

static int unBoundPtr= —1 ;
static int errorPtr= —1;

static int unBoundel= 0;

static int unBounde2= 0;

static int numNonZeroLambda 0;
static int lambdaPtr= —1;

[tk ookkorook Declaed FUNCHIONS skt skookoksftsk sk st stk ok ok [

static double dotProduat FeaturePtrx, int sizeX FeaturePtry, int sizeY );
static double calculateErrayint n );
static int takeStep int el, int e2);
static int examineExampleint el);

/************************** Private Functions *****************************/

double dotProduct( FeatuePtr xx, int sizeX,FeatuePtr xy, int sizeY)
Returns:the dot product of two given vectos

Purpose: Calculate the dot product of two given data vectos.

Note: This function doesnot chang the passedargument.

sk

static double dotProduat FeaturePtrx, int sizeX FeaturePtry, int sizeY)

{

int numl, num2 al, a2
int p1=0; int p2=0;
double dot = 0;

if( sizeX==0 || sizeY==0)
return 0;
if( binaryFeature== 0 ) {
numl= sizeX num?2 = sizeY;
while( p1 < numl1&& p2 < num2) {
al = x[pl—>id;
a2 = y[p2—>id;
if( al==a2) {
dot += (X[p—>valuex*(y[p2—>value;
pl++; p2++;
}
elseif (al> a2)
p2++;
else
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pl++;
}

else {
numil = sizeX numz2 = sizeY;
while( p1 < numl1&& p2 < num2) {

al = x[pl—>id;
a2 = y[p2—>id;
if( al==a2) {
dot += 1;
pl++; p2++
elseif (al> a2)
p2++;
else
pl++;
}
}
return dot

}

/3 F Nttt otttk sk sk s ook oot o oot ot oottt kool ool ool o stk

double calculateEror( int n)

Returns:double— the error of an examplen

Purpose: To calculate the error of examplen.

Notes: read accessto target[], lambda[], dpCade[][ ], kernelTypg b,
rbfConstant

sk [

static double calculateErrorint n )
{

double svmOut interValue

int i, index;

svmOut= 0;
if( kernelfype==0) {
for( i = 0; i < numNonZeroLambdai++ ) {
index = nonZeroLambdd;
svmOut+= lambddindex]xtargefindex]xdotProdudiexampldindex],
nonZeroFeatufmdex], examplgn], nonZeroFeatuig]);
}

elseif( kernelfype==1) {
for( i = 0; i < numNonZeroLambdai++ ) {
index = nonZeroLambdd;
svmOut+= lambddindex]xtarge{index]xpowern1+dotProdudgiexampgefindex],
nonZeroFeatufndex], examplgn], nonZeroFeatufa]), degree);
}

}
elseif( kerneltype==2) {
for( i = 0; i < numNonZeroLambdai++ ) {
index = nonZeroLambdd;
/********************************************************

Calculate the abs(example[indg] - example[n]f 2

********************************************************/
if( binaryFeature== 0 ) {
interValue = dotProdudiexamplégn], nonZeroFeatufa], examplégn],
nonZeroFeatufg]) — 2xdotProdudiexampldindex],
nonZeroFeatufmdex], examplén], nonZeroFeatuia])
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+ dotProdugiexampldindex], nonZeroFeatufindex],
exampldindex], nonZeroFeatufandex]);

else {
interValue = nonZeroFeatufa] — 2xdotProdudiexampldindex],
nonZeroFeatufmdex], examplén], nonZeroFeatuia])
+ nonZeroFeatufndex];

}

svmOut+= lambddindex]xtargefindex]xexp(—interValuesrbfConstany

}

return (svmOut— b — targefn));

}

/*FN************************************************************************

int takeStep(int el, int e2)
Returns:int — 0 if optimizationis not successful

1 if joint optimizationof el and e2 is successful.
Purpose: Joint optimizethe langrange multipliers of el and e2.
Notes:None

sk [

int takeStep int el, int e2)
{
double k11, k12, k22, etg
double a1, a2 f1, f2, L1, L2, H1, H2, Lobj, Hobj;
int yl, y2, s, i, j, inde, findPos temp
double interValuel interValue2
double E2 bl, b2 f, interValue oldb;

if(el==e2)
return 0;

lambdal= lambddel]; lambda2= lambd4e2;
yl = tamgelel]; y2 = targefe?;
S = ylxy2;

if( nonBounge? )
E2 = errofe2;
else
E2 = calculateErrar e2);

if(yli=y2){
L2 = MAX( 0, lambda2— lambdal);
H2 = MIN( C, C + lambda2— lambdal);
}
else {
L2 = MAX( 0, lambdal+ lambda2— C);
H2 = MIN( C, lambdal+ lambda2);

if( fabg L2 — H2 ) < EPS) / L2 equalsH2 x/
return 0;
if( kernelfype==0) { /=« linear x/
if( binaryFeature== 0 ) {
k11 = dotProdudiexampldell, nonZeroFeatufel], exampldel],
nonZeroFeatufel]);
k22 = dotProdudiexamplg¢e2, nonZeroFeatufe?, examplge?,
nonZeroFeatufe2);
}

else{
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k11 = nonZeroFeatufel];
k22 = nonZeroFeatufe2;

k12 = dotProdugexampldel], nonZeroFeatufel], examplge2,
nonZeroFeatufe2);

elseif( kerneltype == 1) { /x polynomialx/
if( binaryFeature== 0) {
k11l = power( 1 + dotProdugexampldel], nonZeroFeatufel],
examplgel], nonZeroFeatufel]), degree);
k22 = power( 1 + dotProdudexamplde?, nonZeroFeatufe2,
examplge?, nonZeroFeatufe2), degree);
}
else {
k11l = power( 1 + nonZeroFeatufel], degree);
k22 = pawer( 1 + nonZeroFeatufe2, degree);
}
k12 = powver 1 + dotProdudiexampldel], nonZeroFeatuiel],
examplg¢e2, nonZeroFeatufe?), degree);

}
elseif( kernelfype==2) { /x rbf x/
k11 = 1;
k22 = 1;
if( binaryFeature== 0) {
interValue = dotProdugiexampldel], nonZeroFeatufel], examplgel],
nonZeroFeatufel]) — 2xdotProdudiexampldel],
nonZeroFeatufel], exampld¢e2, nonZeroFeatufe?)
+ dotProdudexamplde2, nonZeroFeatufed, examplge2,

nonZeroFeatufe2);
}
else{
interValue = nonZeroFeatufel] — 2xdotProdudexampldel],
nonZeroFeatufel], exampld¢e2, nonZeroFeatufe?)
+ nonZeroFeatufeZ;
}
k12 = exp( —interValuexrbfConstant);
}
eta= 2xk12 — k11 — k22
if(eta< 0){

a2 = lambda2— y2«(E1 — E2)/eta
/*********************************

Constain a2 to within box

*********************************/
if(a2 < L2)
a2=L2;
elseif( a2 > H2)
a2 = Hz;
}

else{
/*************************************

Handle the degenertive case

*************************************/

L1 = lambdal+ sx(lambda2— L2);

H1 = lambdal+ sx(lambda2— H2);

fl = ylx(E1l+b) — lambdakk1l — sxlambda2k12
f2 = y2x(E2+h) — lambda2k22 — sxlambdakk12

Lobj = —0.5%xL1%L1xk11 — 0.5%L2xL2xk22 — sxL1xL2xk12 — L1+fl — L2xf2;
Hobj = —0.5xH1xH1xk11 — 0.5xH2xH2xk22 — sxH1xH2+¢k12 — H1xfl — H2xf2;

if( Lobj > Hobj + EPS)
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a2=L2;
elseif( Lobj < Hobj — EPS)
a2 = H2;
else
a2 = lambda2
}

if( fabga2 — lambda2 < EPS(a2+lambda2+ EPY)
return 0;

/******************************
Find the new lambdal

******************************/
al = lambdal + sx(lambda2— a2);
if(al< 0)
al=0;
/*****************************************

Chek el, e2 for unboundlamdas

*****************************************/
if(al>0&& al< C)
unBoundel= 1,
else
unBoundel= 0;
ifla2>0&& a2< C)
unBounde2= 1,
else
unBounde2= 0;

/*********************************************
Update the numberof non-zeo lambda

*********************************************/
iftal>0) {
if( numNonZeroLambda= 0 ) {
lambdaPtr+;
nonZeroLambdémbdaPf = el;
numNonZeroLambdat;
}
elseif( numNonZeroLambda= 1 && nonZeroLambd@] != el) {
lambdaPtr+;
nonZeroLambdéambdaPfr = el;
numNonZeroLambdat;
if(el < nonZeroLambda]) {
temp= el
nonZeroLambda] = nonZeroLambdaj;
nonZeroLambda] = el

}

elseif( numNonZeroLambda> 1) {
if( binSearclel, nonZeroLambdanumNonZeroLambda == —1) {
lambdaPte+;
nonZeroLambdtéambdaPf = el
numNonZeroLambdat;
quicksort nonZeroLambda0, lambdaPfy,

}
}
}
if(a2>0) {
if( numNonZeroLambda= 0 ) {
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lambdaPtr+;
nonZeroLambdémbdaPt = e2
numNonZeroLambder;

elseif( numNonZeroLambda= 1 && nonZeroLambd@] != e2) {
lambdaPtr+;
nonZeroLambdéambdaP{r = e2
numNonZeroLambdat;
if (2 < nonZeroLambda]) {
temp= e2
nonZeroLambda] = nonZeroLambdaj;
nonZeroLambda] = e2

}
}

elseif( numNonZeroLambda> 1) {
if( binSearcfe2 nonZeroLambdanumNonZeroLambda == —1) {

lambdaPte+;
nonZeroLambdgéambdaPf = e2
numNonZeroLambdat;

quicksort nonZeroLambda0, lambdaPfy,

¥
}
}

/****************************
Update the thresholdb.

****************************/

oldb = b;

if( kernellype==0) {

if( binaryFeature== 0 ) {
bl = E1 + ylx(al-lambda}+dotProduciexamplge]],

nonZeroFeatufel], exampldel], nonZeroFeatufel)
+ y2x(a2—lambda2«dotProdudiexamplegel], nonZeroFeatufel],
examplged, nonZeroFeatufe2) + oldb;

b2 = E2 + ylx(al-lambdal«dotProdudiexamplege]],
nonZeroFeatufel], exampld¢e2, nonZeroFeatufe?)
+ y2x(a2—lambda2«dotProdudiexamplge?, nonZeroFeatufe2,
examplde?, nonZeroFeatufe2)+ oldb;
}
else {
bl = E1 + ylx(al-lambdaj«xnonZeroFeatufel]
+ y2x(a2—lambda2«dotProdudiexamplgel], nonZeroFeatufel],
examplde?, nonZeroFeatufe2) + oldb;

b2 = E2 + ylx(al-lambda}+dotProduciexamplege]],
nonZeroFeatufel], examplde2, nonZeroFeatufe2)
+ y2x(a2—lambda2«nonZeroFeatufe2+ oldb;

}

elseif( kernelfype==1) {
if( binaryFeature== 0) {
bl = E1 + ylx(al-lambdal«power1l+dotProdet(exanmpleel],
nonZeroFeatufel], exampldel], nonZeroFeatufel]), degreg
+ y2x(a2—lambda2«poven1+dotProdut(examplee],
nonZeroFeatufel], exampld¢e2, nonZeroFeatufe2), degreg
+ oldb;

b2 = E2 + ylx(al-lambdal«power1l+dotProdet(exanpleel],
nonZeroFeatufel], examplde2, nonZeroFeatufe2), degreg
+ y2x(a2—lambda2«poven1+dotProdut(examplee?,
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nonZeroFeatufe2, exampld¢e2, nonZeroFeatufe?), degree
+ oldb;

else {
bl = E1 + ylx(al-lambdal«powerl+norZeroFeaturel, degreg
+ y2x(a2—lambda2«poven1+dotProdut(examplee],
nonZeroFeatufel], examplde2, nonZeroFeatufe?), degreg
+ oldby;

b2 = E2 + ylx(al-lambda}«powerl+dotProdet(examplee],
nonZeroFeatufel], examplde2, nonZeroFeatufe2), degreg
+ y2x(a2—lambda2«powerl+nonZeroFeature2, degreg + oldb;

}

}
elseif( kerneltype==2) {
if( binaryFeature== 0) {
interValue = dotProdudiexampldel], nonZeroFeatufel], exampldgel],
nonZeroFeatufel]) — 2xdotProdudiexamplgel],
nonZeroFeatufel], exampld¢e2, nonZeroFeatufe?)
+ dotProdudiexamplde2, nonZeroFeatufe2, examplde2,
nonZeroFeatufe2);
}
else{
interValue = nonZeroFeatufel] — 2xdotProdudiexamplgel],
nonZeroFeatufel], examplde2, nonZeroFeatufe2)
+ nonZeroFeatufe?;
}
bl = E1 + ylx(al-lambda} + y2«(a2-lambda2«exp(—interValuexrbfConstant
+ oldb;

b2 = E2 + ylx(al-lambdalxexp(—interValuesrbfConstant
+ y2«x(a2-lambda2 + oldb;

}

if( fabgb1l-b2) < EPS) /+ b==bl==b2 */
b = bl

elseif( lunBoundel&& 'unBounde2)
b= (bl+b2)/2;

else{
if( unBoundel)
b = by
if( unBounde2)
b = b2
}

/***************************************************
Update the weight vector if kernel is linear.

***************************************************/
if( kernelfype == 0 ){ /* linear x/
for( i = 0; i < nonZeroFeatufel]; i++ ) {
if ( binaryFeature== 0 )
weighfexampldel][i]—>id] += ylx(al-lambdal«(examplgel[i]—>value;

else

weighfexampldel][i]—id] += ylx(al-lambdal;
}

for( i = 0; i < nonZeroFeatufe2; i++ ){
if ( binaryFeature== 0 )
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weigh{examplge2[i]—id] += y2x(a2-lambda2«(examplge2[i]—>value;

else
weighf{examplde2|[i]—>id] += y2x(a2—lambda2;
}
}

[ stk sk sk okttt kot sk o ek sk ek sk sk ok kR sk ok sk Rk sk R R

Update the error cache and store al and a2.
Start with existing nonboundexamplesfirst.

********************************************************/
for( i = 0; i < numNonBoundi++ ) {
index = unBoundIndgi];
if( kernellype==10)
erroffindex] += ylx(al—lambda}«dotProdudiexampelel],
nonZeroFeatufel], exampldindex],
nonZeroFeatufimdex))
+ y2x(a2—lambda2«dotProdudiexamplge?,
nonZeroFeatufe2, exampldindex],
nonZeroFeatufsdex]) + oldb — b;
elseif( kernellype == 1)
errofindex] += ylx(al-lambdalxpower(1+dotProductexampelel],
nonZeroFeatufel], exampldindex],
nonZeroFeatufmdex]), degreg
+ y2x(a2—-lambda2xpowen1+dotProductexamplde?,
nonZeroFeatufe2, exampldindex],
nonZeroFeatufmdex]), degreg + oldb — b;
elseif( kernelfype == 2 ) {
if( binaryFeature== 0 ) {
interValuel = dotProdudiexampldel], nonZeroFeatufel],
exampldgell, nonZeroFeatufel))
— 2xdotProdudiexamplgel], nonZeroFeatufel],
examplgindex], nonZeroFeatufandex])
+ dotProdugexampldindex], nonZeroFeatufsdex],
examplgindex], nonZeroFeatufadex]);
interValue2 = dotProdudiexampldge?, nonZeroFeatufe2,
examplge2, nonZeroFeatufe2)
— 2xdotProdudiexamplg¢e2, nonZeroFeatufe?,
exampldindex], nonZeroFeatufandex])
+ dotProdugexampldindex], nonZeroFeatufsdex],
examplgindex], nonZeroFeatufadex]);

else {
interValuel= nonZeroFeatufel] — 2xdotProdudexampldgel],
nonZeroFeatufel], exampldindex],
nonZeroFeatufmdex]) + nonZeroFeatufandex];
interValue2= nonZeroFeatufe2 — 2xdotProdugexampldge2,
nonZeroFeatufe2, exampldindex],
nonZeroFeatufmdex]) + nonZeroFeatufadex];

}

errofindex] += ylx(al-lambdalxexp(—interValue krbfConstant
+ y2x(a2-lambda2«exp(—interValue2rbfCorstanj

+ oldb — b;
}
}
lambdge]] = al;
lambdge2 = a2

[ rsksotooksok o okt tR R R ko ook o ko ok kol ok

Calculate the error for el and e2.
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****************************************/
if unBoundel)
errofe]] = 0;

if unBounde2)
errofe = 0;

if( errorPtr> 0)
gsortZ errorCachgeo0, errorPtr error); 530
/*****************************************************************

Update the nonboundset, the unBoundinde set and the error
cache index.

*****************************************************************/
if( 'InonBounge] && unBoundel) {
/****************************************************

el was boundand is unboundafter optimization. 540
Add el to unboundindg[ ], incrementthe number

of nonboundand updatenonBound].

Update error cade indexes and sort themin

increasingorder of error.

****************************************************/
unBoundPt+;
unBoundIndg[unBoundPfr = el;
nonBoungel = 1;
numNonBounel+; 550
quicksort unBoundindg, 0, unBoundPtr);
errorPtr-+;
errorCachgerrorPti = el;
if( errorPtr> 0 ) {
gsortZ errorCacheo0, errorPtr error);

}

elseif( nonBoungel] && 'unBoundel) {
/*********************************************************
560
el was nonboundand is bound after optimization.
Remae el from unboundindg| ], decementthe number
of nonboundand updatenonBound].
Update error cade indexes and sort themin
increasingorder of error.

*********************************************************/
findPos= hinSearch el unBoundindg, numNonBound);
/************************************************************
570

Mark this previous el positionin array unBoundindg][ ]
with a numbergreater than all possibleindexesso
that whenwe do sorting this numberis at the end of
range of the nonboundindexes

************************************************************/
unBoundIndg[findPo$ = numExample1;
quicksort unBoundindgr, 0, unBoundPtr);
unBoundPt+—;
numNonBound-—; 580
nonBoungel = 0;
if( errorCachgerrorPti == el)
errorPt——;
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else{
errofie]] = erroferrorCachgerrorPti] + 1;
gsortZ errorCacheO0, errorPtr error);
errorPt——;

}
}

if( 'InonBounge? && unBounde2) { 590
/****************************************************

e2 was boundand is unboundafter optimization.
Add e2 to unboundIndg[ ], incrementthe number
of nonboundand updatenonBound].

Update error cache indexes and sort themin
increasingorder of error.

****************************************************/
unBoundPt+; 600
unBoundIndg[unBoundPfr = e2
nonBounge2 = 1,
numNonBounel+;
quicksort unBoundindg, 0, unBoundPtr);
errorPter+;
errorCachgerrorPti = e2
if( errorPtr> 0) {

/* sort theseerrorCache indexesin increasing

order of error x/
gsortZ errorCacheO0, errorPtr error); 610

}

elseif( nonBounge? && !'unBounde2) {
/*********************************************************

e2 was nonboundand is bound after optimization.

Remaee e2 from unboundindg| ], decementthe number

of nonboundand updatenonBound].

Update error cache indexesand sort themin

increasingorder of error. 620

*********************************************************/
findPos= binSearch e2 unBoundindg, numNonBound);
/************************************************************

Mark this previous e2 positionin array unBoundIndg] ]
with a numbergreater than all possibleindexesso
that whenwe do sorting this numberis at the end of
range of the nonboundindexes

630
************************************************************/
unBoundIndg[findPo$ = numExample1;
quicksort unBoundindgr, 0, unBoundPtr);
unBoundPt+—;
numNonBound —;
nonBoun¢e2 = 0;
/* updateerror cace indicesx/
if( errorCachgerrorPti == e2)
errorPt——;
else { 640

errofed = erroferrorCachgerrorPti] + 1;
gsortZ errorCacheO0, errorPtr error);
errorPt——;
}
}

[tk ook kst sk stk skt stk stk sk sk ok kR sk sk sk sk sk sk ok sk ok ok ko
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iteration is the numberof successfujoint optimizations.

****************************************************************/
iteration += 1;
return 1,

}

/3 Noesssststtstotststose sk sk sk sk sk koo ook ook ko ok otk skttt ot stk stk sl ek sk skok

int examineExampleint el)

Returns:int — 0 if no optimizationtakes place 1 otherwise

Purpose:to iteratively optimizethe langrangian multipliers of the examples
Notes: None

sk [

int examineExampleint el)
{

double r1;

int found e2i, j, index, y1;

found = 0;
totallteration++;
yl = tamgefel];
lambdal= lambdgel];
if( nonBounge]] )
El = errofel];
else
E1l = calculateErrarel);

rl = Elxyl;
if( 'l < —TOL && lambdal< C) || (r1 > TOL && lambdal> 0) ) {

/*********************************
el violates KKT condition.

*********************************/
if( numNonBound> 1) {
/*****************************************************************

This is the first hierarchy of the secondchoice heuristic.

*****************************************************************/
if (E1>0){
if ( erroferrorCachp]] >= EPS)
found = 0;
else{
e2 = errorCach;
found = 1,

}

elseif (E1 < 0) {
if ( erroferrorCachgerrorPti] <= EPS)

found = 0;
else{
e2 = errorCachgerrorPtt;
found = 1;
}
}
if (found

if( takeStep el e2) )
return 1;
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}

/*********************************************************************

This is the secondhierarchy of the secondchoice heuristic

*********************************************************************/

if ( numNonBound> 1) {
index = myrandong humNonBound);
e2 = unBoundIndg[index];
for( i = 0; i < numNonBoundi++ ) {
if (takeStep el, e2) )
return 1;
index++;
if( index == numNonBound)
index = 0;
e2 = unBoundIndg[index];
}
}

/******************************************************************
This is the third hierarchy of the secondchoice heuristic.

******************************************************************/
if ( numNonZeroLambda> 1) {
index = myrandong numNonZeroLambdg;
e2 = nonZeroLambdindex];
/* only use boundedlambdasx/
for( i = 0; i < numNonZeroLambdai++ ) {
if( nonBounge2 == 0) {
if (takeStep €1, e2) )
return 1;
}

index++;
if( index == numNonZeroLambda
index = 0;
e2 = nonZeroLambdindex];
}
}

/******************************************************************
This is the fourth hierarchy of the secondchoice heuristic.

******************************************************************/

e2 = myrandont humExample) + 1;

for(i = 0; i < numExamplei++ ) {
/*******************************************

Only use exampleswith zeo lambda.

*******************************************/
if( lambddi] < EPS) {
if( takeStep el e2) )
return 1;
}

e2++;
if( €2 == numExample+ 1)
e2=1;
}

}

return o;

}
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/************************** PuUblic FUNCLIONS sk sksksksksk stk sk skokok sk skt skskok skokok ook

void startLearn(void )

Returns:Nothing

Purpose: To find the supportvectos from the training examples.
Notes: None

sk [

void startLeari void )
t
int i
int numChanged: 0;
int examineAll = 1;

b = 0; iteration = 0; totallteration= 0;
while( numChanged> 0 || examineAll ) {
numChanged- 0;
if ( examineAll') {
for(i = 1; i <= numExamplei++ )
numChanged-= examineExamplg);
}

else{
for(i = 0; i < numNonBoundi++ )
numChangedr= examineExample unBoundIndg[i] );
}

if( examineAll == 1)
examineAll = 0;

elseif ( numChanged-= 0)
examineAll = 1;

/****************************** ULIlIEY. N st stk soskskok sk skokok ok ok ok ok

Purpose:Header of the utility module
Notes: None

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

sk [

[k ko skkokkokskkokkok PUDIIC FUNCHIONS sttt stttk ook o |/

extem double power ( double f, int n);

extem int binSearckint x, int xv, int n);

extem void swap(int *v, int i, int j);

extem void quicksortint v, int left, int right);

extem void gsortZint v, int left, int right, double xd);
extem int myrandongint n);

[k kool ULTITY.C skttt sk ook o ook

Purpose:To supply someutility functions
Notes: None

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

sk [

#include <stdiah>

[k koo Private Data sokkskokskok o kot kot ookl kool ok okoko o /
static int seed= 0;

[tk ok koo PUDIIC FUNCHIONS sttt stttk koo |

/5 F Notosesesotstostsstestofststsele skl ot ekt sk otttk stk s o ot ek koot o
double power(doublef, int n)

Returns:double— value of f raisedto the power of n

Purpose: Calculate the value of a doubleraisedto the power of n.
Returnl if n is zeo.

Notes: Does not work with negative n.

sk [

double power( double f, int n)
{

int i

double p;

p=1.0;

for (i =1;1 <=n; i++)
p=p=*f

return p;

/*FN*************************************************************************
int binSeach( int x, int v, int n)

Returns:int — the location in the array v wheee the integer x is found,
or -1 whenthere is no matd.

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

Notes: None

sk [

int binSearchint x, int xv, int n)

{

int low, high, mid;

low = 0;
high=n — 1;
while ( low <= high) {
mid = ( low+high )/2;
if( x < v[mid] )
high = mid — 1;
elseif ( x > v[mid] )
low = mid + 1;
else
return mid;
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} 70
return —1;

void swap(int xv, int i, int j )

Returns:None

80
Purpose: To exchange V[i] with VI[j]
Notes:None
sk [
void swap (int xv, int i, int j)
{
int temp
temp = V[i]; 90
vii] = vijl;
V[j] = temp
}
/*FN*************************************************************************
void quidksort ( int xv, 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 sortedin ascendiingorder
sk [
void quicksort( int *v, int left, int right )
{
int i, last
void swap( int v, int i, int j ); 110
if (left >= right)
return;
swap( v, left, (left+right)/2 );
last = left;
for(i = left + 1; i <= right; i++)
if( V[i] < vileft] )
swap( v, ++last i );
swap( v, left, last);
quicksort v, left, last — 1 ); 120
quicksort v, last + 1, right );
}
/*FN*************************************************************************
void gsort2 (int *v, int left, int right, double xd)
Returns:None
130

Purpose:Array v is an array of indicesof array d.
Sort array v in ascendingorder
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sothat d[v[il] > d[v{i-1]].

Notes:array d is unchanged, array v is changed.

sk [
void gsort2( int xv, int left, int right, double xd )
{

int i, last

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

if (left >= right)
return;
swap v, left, (left+right)/2 );
last = left;
for (i =left + 1; i <=right, i++)
if ( dv[i]] < divileft]] )
swap( v, ++last i );
swap v, left, last);
gsort2( v, left, last— 1, d);
gsort2( v, last-1, right, d );

int myrandom(int n )
Returns: A randominteger between0 and n-1

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

Notes: None

sk [

int myrandong int n)

{

unsigned long int next;

next = seedx 1103515245 + 12345;
seed+;

next = (unsigned int) (next/65536)%( n );
return next;
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/*************************** FESUIL.N stttk ok sskotskosteoroskstok ok seokok ok o ok
Purpose:Headerfor result module

Notes: None

Programmer: Ginny Mak

Location: Montreal, Canada.
Last Updated: April 6, 2000.

sk

int boundSy
int unBoundSy

10
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[HssksksorsoR kool PUDIC FUNCHIONS skt stttk sk |

extem void writeMode( FILE xout);
extem double calculateNorr void );
extem double getl( void );

20

/************************** FESUIL.C kst sdokkskok sk sk sk ok ok ok ko ok ok ok okok
Purpose: Write result of training in modelfile.
Notes:

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

sk [

#include <stdioh>
#include <mathh>
#include <float.h>
#include "initializeTraining.h"
#include "learn.h"

#include "result.n"

/********************* Public FUNCLIONS sttt s stesteseste st s e s ok stk s koo o ok
void writeModel( FILE xout )

Returns:None

Purpose: To write the training resultsto a modelfile.

Notes: Model file is assumedo have beenopenedfor writing.
The training resultsare written accouing to predetermined
format.
Readaccessto kernelType sigmaSqdegree maxFeatuse,
weight[], b, C, lambda[], target[], example][][ ]

sk |

void writeMode( FILE xout)

{

int i, j, numSy

numSv= 0; unBoundSv= 0; boundSv= 0;
/*******************************************************************

Find out the numberof supportvectos, both bound and unbound.

*******************************************************************/
for (i =1;i <= numExamplei++) {
if( lambddi] > 0) {
numsSw+;
if( lambddi] < C)
unBoundSw+;
else
boundSw+;
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/****************************
Write to the modelfile.

****************************/
if( kernelfype == 0)

fprintf( out, "%d # Linear\n" , 0);
elseif( kernellype == 1)

fprintf( out, "%d %d# Polynomial ~with degree %d\n", 1, degree degree);

elseif( kernellype == 2)
fprintf( out, "%d %f # rbf with variance %fn" , 2, sigmaSqr
sigmasqpr);

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

if( kernellype==0) {
for( i = 1; i <= maxFeaturgi++ )
fprintf( out, "%f ", weighti] );
fprintf( out, "# weight vector\n" );

}

fprintf( out, "%18.17f # Threshold b\n" , b);
fprintf( out, "%18.17f # C parameter\n" , C);
fprintf( out "%d # Number of support vectors\n® , numSv);
/*******************************************
Write the value of (classlabeklambda)

*******************************************/
if( numSv!=0) {
for(i = 1; i <= numExamplei++ ) {
if( lambddi] > 0 ) {
if( tagefi] == 1)
fprintf( out, "%.17f ", lambddi] );
elseif( tamgefi] == —1)
fprintf( out "%.17f ", —lambddi] );

for(j = 0; j < nonZeroFeatufg; j++ )
fprintf( out "%d:%.17f ", exampldil[j]—>id,
exampldi][jl—value);
fprintf( out "\n" );
}
}
}
}

[ F Nttt ootttk sk sk sk oo oot o oot ok ootttk otk ok o ook o

double calculateNorm(void )
Returns:double the norm of the weight vector
Purpose: To calculate the norm of the weight vector

Notes: None

sk [

double calculateNorr void )
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int i;

double n;

n=0;

for( i = 1; i <= maxFeaturgi++ )

n += weighfi]xweighti];
return sqgriny;

/*FN**********************************************************************
double getb( void )

Returns:double, b

Purpose:Returnb value

Notes: None

sk [

double getly void )
{

}

return b;

120

130

140

[tk ks okokkokk SMOCIASSITE  skkststrototstotkoskok stk sk ok ok o
Purpose: Program main function.
Notes: This program is composedf the following modules:

smoClassifg - main program module

initialize.c - Initialize all data structues required to do
classificationby readingthe information from
the modelfile and the test data file.

classifyc - Do the classificationcalculationsand
write the resultto the prediction file.

Programmer: Ginny Mak

Location: Montreal, Canada.
Last Updated: April 6, 2000.

sk [

#include <stdioh>
#include "initialize.h"
#include "classify.h"

int mainint amgc, char xamgvi])

FILE xmodelln xdataln *out
double startTime;

/********************************
Che& on commandline usaje

********************************/

if(agc!=4) {
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fprintf( stderr "Usage: Commandline\n" );
exit(1);

else {
if ( modelln = foper( agv{1], "r" ) ) == NULL ) {
fprintf( stdery "Can't open %s\n", amgv{1] );
exit(2);

}

if( dataln= foper( argvi2], "r" ) ) == NULL ) {
fprintf( stdery "Can't open %s\n", amvi2] );
exit(2);

}

if (( out = foper( amgv{3], "w" ) ) == NULL ) {
fprintf( stdery "Can't open %s\n", amgv{3] );
exit(2);
}
}

/*********************
Readmodelfile

stk R koo ok [

if( ! readModg] modelln) ) {

fprintf( stderr "Error  in reading model file %s\n", argv(1] );

exit (3);
}
else
fclosg modelin);
printf("Finish ~ reading model file\n" );

/***********************
Readtest data file

***********************/

if( 'readDaté dataln)) {

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

}

fclosq dataln);

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

/***********************
Start classfying

***********************/
if ( writeResulf out) )

printf("Classification is completed\n" );
else

fprintf( stderr "Classification process failed\n"
fclosq out);
return 0;

}
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[k koo TNTHAITZEIN skttt sk sk sk sk sk ok

Purpose:Header for program data structues initialization module



SMO codes

113

Notes: None

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

sk [

[Hssssrsrkknkrkk  Public definesand Data StruCtURS s skt ok ok |

typedef struct featurq
int id;
double value

} Feature

typedef struct feature< FeaturePtr

FeaturePtrxexample
FeaturePtrexsy;

double xlambda

int xsvNonZeroFeature
int xnonZeroFeature
int xtarget

double *weight

double xoutput

double rbfConstant

int degree

double b;

int numSy

int numExample

int kernellype

int maxFeaturg

int xzeroFeatureExample

/********************************* Public Functions *************************/

extem int readMode( FILE xin );
extem int readDaté FILE xin );
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[k koo INTTAIZE.C skttt koot kot ok kot sk ok sk ko

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

Notes: None

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

sk [

#include <stdioh>
#include <stdlib.n>
#include <ctypeh>
#include "initialize.h"
#include "classify.h"

[k Rk Private Definesand Data Structues sk /
#define MODELTEMP 100

#define DATATEMP1 10000
#define DATATEMP2 1000

10

20



SMO codes

114

static double C;
static double sigmaSqr
static maxFeatureRead

/******************************** Declared Functions ************************/

static int readString char xstore char delimiter, FILE xin );
static void skip( char end FILE xin );

static int initializeModel int size);

static int initializeDatq int dataSize);

/******************************** Private Functions ************************/

/*FN***************************************************************************

int readString(char =store, char delimiter FILE xin )

Returns:int — Fail(0) on error, Succeed(1ptherwise
a string stored in char xstore

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

Notes: The passedfile pointer’s position changes whenthe function returns.

New line and EOF is not a delimiter If they are read befoe the
delimiter is encountezd then the function returns 0.

sk [

static int readString char xstore char delimiter, FILE * in )
{

char c;

int i

i =0;

c =getqin);

while (c != delimiter && ¢ !="\n' && ¢ != EOF) {
stordi] = ¢;
i++;

c = getq in );

if (c==EOF||c=="n" )
return 0;

else
stordi] = \0' ;

return 1;

}

/5 F Nttt st s sk ot skt ot oot ot stttk sl s ke sk sk ok o

void skip( char end, FILE *in )
Returns:None
Purpose: To skip all the characters read up to the end character

Note: The passedfile pointer’s position changes whenthe function returns.

sk [

void skip(char end, FILE x in)
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{

char c;
while((c = getq in)) != end

}

static int initializeModel(int size)
Returns:int — Faild(0) on error, Succeed(1ptherwise
Purpose: To initialize data for readModelfunction.

Notes: None

sk [

static int initializeMode( int size)

{

int i;

lambda= (double x)malloq (size + 1)+ sizeofdouble) );
if ( lambda== NULL) {

fprintf( stderr "Memory allocation failed\n" );

return 0;
}
svNonZeroFeature (int x) malloq (size + 1) * sizeof int ) );
if (svNonZeroFeature= NULL ) {

fprintf( stderr "Memory allocation failed\n"  );

return 0;
}
sv = (FeaturePtrs)malloq (size + 1) * sizeofFeaturePtr«));
if (sv==NULL ) {

fprintf( stderr "Memory allocation failed\n"  );

return 0;
}
for(i = 1; i <= numSy i++) {

sMi] = (FeaturePtr)malloq(maxFeaturge * sizeofFeaturePd;

if (svi] == NULL ) {

fprintf( stdery "Memory allocation failed\n"  );
return 0;

}
}
}

/*FN***************************************************************************
static int initializeData( int dataSize)

Returns:Int — Fail(0) on error, Succeed(1ptherwise

Purpose: To initialize data for classification.

Note: None

sk

static int initializeDatg int dataSetSiz¢
{
example= (FeaturePtr+) malloq dataSetSize: sizeofFeaturePtr) );
if ( example== NULL ) {
fprintf( stderr "Memory allocation failed\n" );
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return O;

output = (double x) malloq dataSetSize: sizeofdouble) );
if (output== NULL ) {
fprintf( stderr "Memory allocation failed\n" );
return 0;
}
target = (int *) malloq dataSetSize: sizeofint) );
if (target== NULL ) {
fprintf( stdery "Memory allocation failed\n"  );
return 0;
}
zeroFeatureExample (int *)malloq dataSetSiz& = sizeofint) );
if( zeroFeatureExample= NULL ) {
fprintf( stderr "Memory allocation failed\n"  );
return 0;
}
nonZeroFeature (int ) malloq dataSetSize: sizeofint) );
if ( nonZeroFeature= NULL ) {
fprintf( stderr "Memory allocation failed\n" );
return 0;
}
}

[tk ok skt okokokkkk - PUDIIC FUNCHIONS skttt sk stk ook |/

/*FN***************************************************************************
int readModel(FILE xin )

Returns:int — Fail(0) on error, Succeed(1ptherwise

Purpose: Readand store informaton read from given modelfile.

Notes: Assumethe modelfile has beensuccessfullyopenfor reading
The modelfile is a modelfile resultedfrom training using
program smoLearn.

sk [

int readModg FILE x*in )
{
int numNonZeroFeature
int i, j, m
char c;
char temMODELTEMP];

printf("Reading model file. . \n" );
c = getq in );
/****************************************************

If ¢ is 0, thenthe kernel typeis linear.

If ¢ is 1, thenthe kernel type is polynomial,
read the degree of polynomial

If ¢ is 2, thenthe kernel typeis rbf,

read the variance

****************************************************/
if(c=="0 )
kernelType = 0;
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elseif(c=="1 ) {
kernelType = 1,
skip(' ', in);
readStringgemp ' ', in);
degree = atoi( temp);

}

elseif(c=="2" ) {
kernelType = 2; 220
skip(' ', in);
readStringgemp ' ', in);
sigmaSqr= atof( temp);
rbfConstant= 1/(2xsigmaSqdy,

}
skip(\n' , in);

/*************************************************
Readnumberof featues of training examples 230

*************************************************/

readStringemp ' ', in);
maxFeatureRead atoil temp);
skip(\n' , in);

[ skt sk ok okt sk stk skt stk ko stk sk sk sk ok sk sk ok sk Rk kR

Readthe weightif the kernel type is linear
240
*************************************************/
if ( kernelfype==10) {
weight = (double x) malloq (maxFeatureRead) * sizeof double) );
if (' weight== NULL ) {
fprintf( stdery "Memory allocation failed.\n" )
return 0;
}
1 =0;
for( i = 0; i <= maxFeatureRead++ )
weighti] = 0; 250
for( i = 1; i <= maxFeatureRead++ ) {
readString temp ' ', in);
weighti] = atof( temp);
}
skip(\n' , in);
}

/*************************
Readthe thresholdb 260

*************************/

readString temp ' ', in);

b = atof( temp);

skip(\n' , in);

/* read C parameterx/

readString temp ' ', in );

C = atof( temp);

skip(\n' , in); 270

/******************************************

Readthe numberof supportvectos
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******************************************/

readString temp ' ', in);

numsSv = atoitemp;

skip( \n' , in);

if( ! initializeModel numSv) )
return 0;

/*******************************************************************
Readthe product of lambdaof a supportvector with classlabel

*******************************************************************/
for(i =1;i <= numSy i++) {
readStringtemp ' ', in);
lambddi] = atof{ temp);
j=0;
/***************************************************************

Readthe id/value pairs of the featules of a supportvector

***************************************************************/
while( readString temp ', in) ) {
svi][j] = (FeaturePyr malloqgsizeofstruct featurg);
if ( svi]j] == NULL ) {
fprintf( stderr "Memory allocation failed\n"  );
return 0;
}
svi][j]—>id = atoi( temp);
if(lreadString temp ' ', in))
readStringtemp ' ', in);
sMi][j]—>value = atofitemp;
j++;
}

svNonZeroFeatuf@ = j;

}

return 1,

}

/*FN**************************************************************************
int readData(FILE xin )
Returns:int — Fail(0) on error, Succeed(1ptherwise

Purpose: This function readsthe data file to extract and store the
id/value pairs of featues of ead testdata.

Notes: The size of ead line of the featue descriptionof data cannot
be more than 10000 charactess long.
The passedfile pointer’s positionis at EOF if the function
returns successfully

sk [

int readDaté FILE xin )

{
char temgDATATEMP];
char temp2DATATEMPZ;
int numFeaturemaxFeature
int examplelndg, featurelndg;
int i,j,dataSetSize
char c;
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int zeroFeatureNumbet 0;

dataSetSize 0;
/***********************************

Estimatethe numberof data.

***********************************/
while( (c = getq in)) '= EOF) {
if(c=="n" )
dataSetSizer;
}

dataSetSizer;
rewind ( in);

if ( linitializeDatq dataSetSiz¢ )
return 0;

/*************************************************************

NonZepFeatue[0] stores the numberof non-zeo featues

of the weight vector

*************************************************************/

nonZeroFeatufe] = maxFeaturg

numExample= 0; examplelnd& = 0;

printf("Reading test data file .. .\n" );

while( ( ¢ = getdin) ) I= EOF) {
while(c==% ||c="" ) {

/***************************************

Ignore commentand blank line

***************************************/

iftc=="% ){
while( ( ¢ = getdin) ) '="\n" )

}
if(c=="n" )

c = getq in );
¥

if( c == EOF)
break;

/******************************
Readone line of input

******************************/
else{
examplelnde++;
i = 0; numFeature= 0;
temgdi] = ¢, i++;
while( ( ¢ = getqin) ) I="\n" ) {
temgi] = ¢; i++;

if(c==")
numFeature+;
}
temgi] = \0' ;

numExample+;

nonZeroFeatufexamplelnd&] = numFeature
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if ( numFeature=0) {

/****************************************************************

Allocate memoryfor id/value pairs of the testdata

****************************************************************/

exampldexamplelnde&] = (FeaturePtr)malloq numFeaturex
sizeof FeaturePtn );
if ( exampldexamplelndg] == NULL ) {
fprintf( stdery "Memory allocation failed\n"  );
return 0;
}
for (j = 0; j < numFeaturgj++) {
exampldexamplelndg][j] = (FeaturePjr
malloc (sizeofstruct feature);
if ( exampldexampleInd&][j] == NULL ) {
fprintf( stderr "Memory allocation failed\n" );
return 0;

}
}

else {
exampldexamplelnd&] = (FeaturePtr)
malloq sizeof FeaturePtn );
if ( examplgexampleIndg] == NULL ) {
fprintf( stderr "Memory allocation failed\n" );
return 0;
}
exampldexamplelnd&][0] = (FeaturePir
malloq sizeofstruct feature );
if ( exampldexamplelnd&][0] == NULL ) {
fprintf( stderr "Memory allocation failed\n" );
return 0;
}
exampldexamplelnd&][0]—>id = 1;
examplgexamplelnd&][0]—>value = 0;
nonZeroFeatufexamplelnd&] = 0;
zeroFeatureExampleeroFeatureNumber examplelnde;
zeroFeatureNumber;

}

/**********************************
Extract class of example

**********************************/
i =0;
while( temgi] ="' ' ) {
temp2i] = temgil; i++;
}
temp2i] = \0' ;
targefexamplelnd&] = atoitemp3;
i++;

if ( numFeature=0) {

[kt kot ok ok ok ook kol sk sk sk sk sk ko sk ok kot ok ok ok ok ok

Extract id/value pairs of the featues of the test data

***********************************************************/

featurelndg = 0;
while( temfdi] '="0" ) {
j=0;
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while( temgi] =" ) {
temp32j] = temgi]; i++; j++;
}
temp2j] = \0' ;
exampldexamplelnd&][featurelndg]—>id = atoitemp3;
j =0; i++;
while( temdi] =" ' && temgi] '= 0" ) {
temp32j] = temdil;
i++; j++;
}
temp2j] = \0'

if( atoftemp3 1=0) {
exampldexamplelnd&][featurelndg]—>value = atofitemp3;
featurelnde++;

}
} /+ endwhile x/

nonZeroFeatufexamplelnd&] = featurelndg;
if( exampldexamplelnd&][featurelndg — 1]—>id > maxFeature
maxFeature= exampldexamplelndeg][featurelnde — 1]—>id;
}

} /x endelsex/
} /* end of while not EOF x/

/**********************************************************************

If the maxFeatue read from modelfile is lessthan the numberof
featuees the test data has, then extend the weight vector

**********************************************************************/
if ( maxFeatureRead: maxFeature {
weight = realloqd weight maxFeaturel );
for (i = maxFeatureRead; i <= maxFeaturgi++ )
weighti] = 0;
}

return 1,

}
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/************************ classifyh skesk sk ook sk sk ok sk sk ok sk ok stk ok skokok sk skk sk ok sk skok
Purpose:Headerfor program classificationmodule
Programmer: Ginny Mak

Location: Montreal, Canada.
Last Updated: April 6, 2000.

sk

/*********************** Public functions **************************/
extem int writeResulf FILE xout );

extem int classifyLinea¢ FILE xout);

extem int classifyPoly( FILE * out);

extem int classifyRbf( FILE % out);

10
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[tk ook ok ok ks sk ok ok skokok classifyc kKoK ok ok ok K KKK ko KoK oK Kk ok K KK oK

Purpose: Classify a given set of test.
The classificationresult is written to the prediction file.

Notes: None

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

sk [

#include <stdioh>
#include <time.h>
#include <mathh>
#include "classify.h"
#include "initialize.h"

[k kool Declared FUNCHIONS skt skttt o |

static double dotProduat FeaturePtr:x, int sizeX FeaturePtry, int sizeY );
static double powver( double x, int n);

static double wtDotProduct double xw, int sizeX FeaturePtry, int sizeY);
static void freeMemory void );

/**************************** Private FUNCLIONS stk sotokstokokoskskokosk ook sokok sk ok
static double dotProduct( FeatuePtr xx, int sizeX,FeatuePtr xy, int sizeY)
Returns:the dot product of two given vectos

Purpose: Calculate the dot product of two given data vectos.

Note: This function doesnot chang the passedarguments.

sk [

static double dotProduat FeaturePtrx, int sizeX FeaturePtry, int sizeY)
{

int numl, num2 al, a2

int p1=0; int p2=0;

double dot = 0;

if( sizeX==0 || sizeY==0)
return 0;
numl= sizeX numz2= sizeY,
while( p1 < num1&& p2 < num2) {
al = x[ph—>id;
a2 = y[p2—>id;
if( al==a2) {
dot += (X[pl]—>value = (y[p2—>value;
p1++; p2++;
}
elseif (al> a2)
p2++;
else
pl++;
}

return dot

}
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/3 Niesssststtstotststose sl sk sk sk sk sk sk skt koot ook ok ok kot kot ok skt sttt sl stk sk sk sk sk sk ok sk ok

double wtDotProduct( double xw, int sizeX,FeatuePtr xy, int sizeY)
Returns:double— the dot product betweenthe weight vector and an example

Purpose: To speedup classifyingby just using the weight vector
whenusing linear kernel.

Notes: This function only appliesto linear kernel.

sk [

static double wtDotProduct double xw, int sizeX FeaturePtry, int sizeY)
{

int numl num2 a2

int p1=1; int p2=0;

double dot = 0;

if( sizeX==0 || sizeY==10)
return 0;
numl= sizeX numz2 = sizeY,
while( p1 <= num1&& p2 < num2) {
a2 = y[p2—>id;
if( pl==a2) {
dot += (w[p1)) * (y[pZ—>value);
pl++; p2++;

elseif (pl > a2)
p2++;
else
pl++;
}

return dot

}

static double power( doublex, int n)
Returns:double— the value of x raisedto the power of n
Purpose: To calculate x raisedto the power of n.

Notes: x can be positive or nggative n >= 0

sk [

static double power( double x, int n’)
{

int i;

double p;

p = 1.0;

for (i =1;1 <=n; i++)
p = pxX

return p;

}

[/ F Nttt stttk s sk skofof skt o ot ootk stttk okl ook o sk sk sk sk sk o

static void freeMemory(void )
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Returns:Nothing
Purpose: Free memoryallocatedin the program.

Notes: None 130

sk [

static void freeMemory void )

{

int i

freg( lambda);

freg( svNonZeroFeaturg;

freg nonZeroFeature;

freg tamget); 140
freg( weight);

freg( output);

[tk okokokkokkk PUDIC FUNCHIONS sttt skt stk sokskok o |
int writeResult(FILE xout ) 150
Returns:int — Fail(0) on errors, Succeed(1ptherwise
Purpose: To call classificationfunctionsto classify the test data
accoding to the kernel type and then write the results

to the prediction file.

Note: Resultsare written to the prediction file.

sk |

int writeResult FILE xout)

{

int result

160

if ( kernellype==10)
result = classifyLineaf out );

elseif ( kernellype==1)
result = classifyPoly out) ;
170

elseif ( kernellype==2)
result= classifyRb{ out );

if (resub

return 1,
return O;

/*FN************************************************************************** 180
int classifyLinear( FILE xout )
Returns:int — Fail(0) on errors, Succeed(1ptherwise

Purpose: Classify the test data using a linear kernel and write the
classificationresultto the prediction file.
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Notes: None

sk [

int classifyLinea¢ FILE xout )
{

int i

double startTime,

printf("Start  classifying oAty
startTime = clock()/CLOCKS_PER.SEG
for(i = 1; i <= numExamplei++ )
outpufi] = wtDotProduct weight maxFeatureexampléi],
nonZeroFeatufg );

printf( "Classifying time is %f seconds\n"
clock()/CLOCKS.PER.SEC — startTime );
printf( "Finish  classifying.\n" )
for (i =1;i <= numExamplei++)
fprintf( out, "%18.17f\n" , outpufi] — b );
return 1;

/*FN***************************************************************************
int classifyPly( FILE xout)
Returns:int — Fail(0) on errors, Succeed(1ptherwise

Purpose: Classify the test data using a polynomailkernel and write
the classificationresultsto the prediction file.

Notes: None

sk |

int classifyPoly FILE xout )
{

int i, j;

double startTime,

printf("Start  classifying oAty
startTime = clock()/CLOCKS_PER.SEG
for(i = 1; i <= numExamplei++ ) {
outpufi] = 0;
for(j = 1; j <= numSy j++)
outpufi] += lambddj] * powver1 + dotProdudis\ij],svNonZeroFeatufg,
exampldi],nonZeroFeatufd), degree);

printf( "Classifying time is %f seconds\n" ,
clock()/CLOCKS.PER.SEC — startTime );
printf( "Finish  classifying.\n" );
for (i =1;i <= numExamplei++)
fprintf( out, "%18.17f\n" |, outpufi] — b );
return 1;

/*FN*************************************************************************
int classifyRbf( FILE xout )
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Returns:int — Fail(0) on errors, Succeed(1ptherwise

Purpose: Classify the test data using rbf kernel and write the
classificationresultsto the prediction file.

Notes: None

sk [

int classifyRb{ FILE xout)
t

int i, j;

double devSqr,

double startTime;

printf("Start  classifying oAt
startTime = clock))/CLOCKS_PER.SEG
for(i = 1; i <= numExamplei++ ) {
outpufi] = 0;
for(j = 1;j <= numSy j++) {
devSqr = dotProdudsMjl,svNonZeroFeatufg,svj]l,svNonZeroFeatufg)
— 2xdotProdudasVj],svNonZeroFeatufg, exampldi],
nonZeroFeatufg )
+ dotProduat exampldi],nonZeroFeatufg, exampldi],
nonZeroFeatuig );
outpufi] += lambddj] * exp( — devSqgrrbfConstant);

}

printf( "Classifying time is %f seconds\n"
clock()/CLOCKS.PER.SEC — startTime );
printf( "Finish  classifying.\n" )
for(i = 1; i <= numExamplei++ )
fprintf( out, "%18.17f\n" , outpufi] — b );
return 1;
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