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Preface

An investigationinto algorithmsfor fastapproximatenearest-neighbors(kNN) classi�ca-

tion is reported.Theprincipalresultsareempiricalperformanceevaluationandanalysis

of a family of non-adaptivek-d treedatastructuresspedupby meansof hashtechniques.

This researchis motivatedby a compellingneedin patternrecognitiontheoryandprac-

tice for classi�cationmethodstrainablein reasonabletime on largedatasets(say, many

millions of samples)while allowing extremely fastclassi�cation (ideally, at I/O rates).

Experimentswerecarriedoutondataarisingin digital libraries:imagesof pagesof books

containingseveral typesof content(machine-printtext, handwriting,photographs,etc).

The particularproblemwasto classifyevery pixel in theseimagesinto oneof the con-

tent types. Our choosingto classifypixels (ratherthanregions)gave usreadyaccessto

ground-trutheddatasetsof dauntinglylargesize.Thenon-adaptivek-d treeweusedonly

approximatestruekNN but it allows, in principle,high speedsearch.Thegrowth of the

k-d treedatastructureon thesedatawasnot exponentialin thesizeof thetrainingset,as

canhappenin theworst case,but wasa low-orderpolynomial(approximatelycubic) in

practically importantoperatingregimes. Inevitably, tradeoffs of accuracy for speedare

drasticat theextremes:thecoarsestdatastructuresrun at brute-force(exhaustive search

speeds),whereas�ner-graineddatastructuresallow speed-upsof severalordersof mag-

nitude.Happily, largespeed-ups(of factorsof 100or more)donotalwayssacri�ce much

accuracy. The investigationincludestestingthesemethodson a variety of datasets,as

well asseveralvariationsof theclassi�cationtechnique.
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Chapter 1

Intr oduction

Computervision(CV) systems,anddocumentimageanalysis(DIA) systemsin particular,

arenotoriouslyeitheroverspecializedandfragile,or robustbut ruinouslyexpensive (e.g.

nationalpostalcodereaders)[Pav00]. The goal of highly versatiledocumentanalysis

systems,capableof performinguseful functionsacrossthe greatmajority of document

images,remainselusive even afterdecadesof effort [NS96][Nag00]. Certainlyusers—

e.g. in thedigital libraries,websearch,andintelligencecommunities—avidly desiresuch

a technology.

For this reasonwehavechosenaversatility �r st researchstrategy: thatis, westriveto

inventdocumentimageanalysiscapabilitiesthatwill, asits highestpriority, work reliably

acrossthebroadestpossiblerangeof cases.This diversityembracesdocumentsandim-

agesthat:arewritten in many languages,typefaces,typesizes,andwriting styles;possess

a wide rangeof printing andimagingqualities;obey a myriadof geometricandlogical

layoutconventions;arecarefullypreparedaswell ashastilysketched;maybeacquiredby

geometricallyaccurate�at-bed scanners,or snappedwith hand-heldcamerasunderacci-

dentallighting conditions;areexpressedasfull color, grey-level, andblack-and-white;

areof any sizeor resolution(digitizing spatialsamplingrate);andarepresentedin many

image�le formats(TIFF, JPEG,PNG,etc),bothlosslessandlossy.

We focus attentionon basicDIA capabilitiesthat are, arguably, the most broadly

usefulin that they needto be appliedearly in thedocument-processingpipeline. These

arethedocumentimage contentextraction tools,ableto locateandcharacterizeregions
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1.1. OURCLASSIFICATION PROBLEM

containinghandwriting,machine-printtext, graphics,line-art,logos,photographs,noise,

andother“contenttypes.” By “locate” we meandescribetheregionsin theimagewhere

eachcontenttypedominates.By “characterize'we meanreportestimatesof a few basic

propertiesof the regions: e.g. for machine-print,reportskew angle,numberof lines of

text, numberof words,andperhapstypesizeandtypefamily. Althoughhighaccuracy is

alwaysappreciated,for toolsasbroadlyapplicableasthesewill be,a lower thresholdof

competency mayoftenbesuf�cient.

Weintendto classifydocumentsat thepixel level, consistentwith theversatilitygoals

of the project. This meansthat training andtestingsamplescanrapidly reachmillions

with only afew documents.In ourcase,this is abene�t, sinceit minimizesthenumberof

documentsneededto simulatea largeclassi�cationsystem.Althoughwewon't constrain

our systemsto a smallnumberof classes,our initial experimentswill classifyeachpixel

asbeinghandwrittentext, machineprint, photographyor “unknown”.

1.1 Our Classi�cation Problem

A little formality at theoutsetwill helpto make our technicalchoicesclearlateron. We

de�ne our problemas follows, in termsthat are widely understoodwithin the pattern

recognitionandmachinelearningR&D communities.For agivensetof testingdocument

images,we wish to classifyeachpixel; thusourbasicdata(bothfor trainingandtesting)

consistsof setsof pixel samples, eachrepresentedby a �x ednumberof numericfeatures

computedby image-processingmethodsoperatingonasmallregioncontainingthepixel.

The features,andtheir number—we call it d, the dimensionalityof the featurespace—

wasdeterminedby anengineeringexercise,outsidethescopeof this thesis,reportedin

[BMN+ 06].

Classi�cationproblem:

Given T, andapreviouslyunseensamplex,

�nd themostprobableclassc for x.

2



1.1. OURCLASSIFICATION PROBLEM

Adopting a Bayesianapproach,we choosecmax = argmaxcj 2 C f P(cj jx; T )g where

P(cj jx; T ) denotestheposteriorprobabilityof classcj giventhenew observationx and

theprior knowledgeexpressedin thetrainingdataT. Thek-nearestneighbors(kNN) al-

gorithmis:

K NearestNeighborsalgorithm

INPUT: T, k 2 N + , andx

OUTPUT: c 2 C

Step1. within T, �nd k nearestneighborsof x

thatis, �nd a setY � T , jY j = k, s.t.

8y 2 Y 8z 2 T � Y kx � yk � kx � zk

Step2. within Y, usetheground-truthclassesassignedto samplesin T �nd

themostfrequentlyoccurringclass,breakingtiesat random.

For any particularsetof features,assumingthat the training datais representative, the

kNN algorithmfamouslyenjoys a valuabletheoreticalproperty: asthe sizeof a repre-

sentative trainingsetincreases,theerrorrateof kNN approachesto no worsethantwice

the Bayeserror[DHS01], which is the minimum achievableby any classi�er given the

sameinformation. This remarkablelimiting performanceis due, fundamentally, to its

not committingto any approximateparametricmodelof theper-classdistributions.This

algorithmalsogeneralizesdirectly to morethantwo classes(unlike several competing

methodssuchasneuralnetsandclassi�cationtrees).Finally, it hashasoftenbeencom-

petitivein accuracy (if rarelyin speed)with morerecentlydevelopedclassi�ersincluding

support-vectormachines.For thesereasons,we considerkNN would be a nearlyideal

classi�er for our problem,wereit werenot for the high cost in both time andspaceof

naive implementationsandthedif�culty of craftingalgorithmsthatcloselyapproximate

its performancein highdimensionalfeaturesspaces.

We have implemented5NN (kNN for k = 5) and,in small scaleexperiments,have

seenit achieve pixel classi�cation rateson the contentextractionproblemgreaterthan

98%correct. Interestingly, evenwhentheper-pixel classi�cationerror rateis ashigh as

25%, the principal regionsandtheir dominantcontenttypesareevident to the eye and

(weexpect)couldbeextractedrobustlyby simpleimagepost-processing[BMN+ 06].
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1.2. APPROXIMATIONS TO KNN

1.2 Approximations to kNN

Therearemany waysto approximatethe performanceof kNN, including reformulation

asthe

RadiusSearch problem

Given T, r 2 R, andx,

�nd all points of T within radiusr of x: that is, the set Yr � f y 2

T s:t: kx � yk � r g

If r � s, we canexpectthat �nding Yr will be easierthan�nding Ys. (Of course,

generallyjYr j < jYsj also, in which casereportingthe result of the searchwill take

longer. But we chooseto neglect runtimesthat dependon the size of the output, for

reasonsthatwill becomeclearlater.) If jYr j = k, thenradiussearchis equivalentto kNN.

If jYr j � k, thenwewill saythatradiussearchapproximateskNN. (Of course,thisnotion

of approximationdoesnotaddressthekey issue,which is how muchlessaccurateradius

searchclassi�cationis thankNN classi�cation.)

It might beevencheaperto computeapproximationsto radiussearch.

NestedRadiusSearch problem

Given T, f r i gi =1 ;:::;s 2 R, r1 < r2 < : : : < r s, andx,

�nd sets� T within radii r i of x: thatis,

Yr i � f y 2 T s:t: kx � yk � r i g

NotethatYr 1 � Yr 2 � : : : � Yr s . If r k < r l , thenit maybepossible,throughjudicious

choiceof datastructuresandalgorithms,to computeYr l fasterthanYr k .

ApproximateRadiusSearch problem

Given T, r 2 R, � 2 R andx,

�nd setsY L andY U � T suchthat

Yr � � � Y L � Yr � Y U � Yr + �

That is, Y L andY U approximateYr within � . As � ! 0, Y L ! Yr (from below) and

Y U ! Yr (from above),andsoApproximateRadiusSearchconvergesto RadiusSearch.

4



1.3. APPROXIMATE RADIUS SEARCHUNDERTHE INFINITY NORM

When� is large, it shouldbe easierto solve ApproximateRadiusSearchthanto solve

RadiusSearch.

How canApproximateRadiusSearchbeusedfor classi�cation? Well, if it happens

that jY L j = jY U j, thenY L = Y U = Yr and,exactly asin kNN, we canchoosethemost

frequentlyoccurringclassin thatset.Letscall thefrequency of occurrenceof eachclass

cj in Y L “ f L
j ” andsimilarly, in Y U , “ f U

j ”. Let themostfrequentlyoccurringclassesin

thesesetsbemaxcL andmaxcU ; if thesehappento bethesameclass,we will of course

choosethatclass.But if they differ, thenwehaveseveralpolicy choices:

� we cancomputeaveragefrequenciesfor eachcj , e.g. f aver
j � (f L

j + f U
j )=2, and

thenchoosetheclasswith thehighestaveragefrequency;

� we canusethevaluek from kNN to assistin thedecision,for example,if jY L j is

closerto k thanY U , wechoosethemostfrequentlyoccurringclassin Y L (andvice

versa).

ThusApproximateRadiusSearchcanbe usedasa basisfor classi�cationandoffers a

rangeof engineeringtradeoffs betweenaccuracy andspeed.

1.3 ApproximateRadiusSearch under the In�nity Norm

With the In�nity Norm asour metric, thenRadiusSearchbecomesa multidimensional

rangesearch(or “region query”) in which the searchregionsarehypercubesof radius

r centeredon the querysamplex. Multidimensionalrangesearchingis an intensively

exploredtopic[Sam90][Ben75a] by researchersin thecomputationalgeometry, machine

learning,patternrecognition,andgraphicsresearchcommunities.However, specialre-

quirementsof patternclassi�cationmay leadus in freshdirections.For example,in the

literature,rangesearchingis commonlydiscussedasa generalizationof point searching,

whichin turnis characterizedasageneralizationof dictionariesto multidimensionaldata.

Dictionariesareclassicallydesignedto supportthreebasicoperations:insertasingledata

item,�nd anitem(returningits associatedmetadata,or returning`not found'), anddelete

an item. Datastructuresandalgorithmsfor dictionariesarethusdynamic: designedto

processanarbitrarysequenceof thesethreeoperationsef�ciently

5



1.4. ADAPTIVE K-D TREES

By contrast,in classi�cation,insertionsareperformedall at oncein anof�ine batch

operation(the “training stage”)in which all the data(training samples)aresimultane-

ously available. Deletionnever occurs(althoughwe may chooseto prune(“edit) them

or summarizesetsof datapointsstatisticallyratherthanstoringall of themexplicitly).

Thusthedatastructureis static. Finding is theonly operationwhich is onlineandmust

run fast;andit mayalsobepossibleto batcha largesetof �nd operationsandsoexploit

the similarity of sequencesof queriesfor points that are isogenous.Thusmuchof the

literatureon dynamicmultidimensionalsearchis not directly relevant to classi�cation,

andmaybene�t from a freshperspective.

Let usreview techniquesfor multidimensionalsearchthatmayassistus in choosing,

adapting,or craftingnew datastructuresandalgorithmssuitablefor classi�cation.

1.4 Adaptivek-d Trees

Onemultidimensionalsearchtechniquewith broadapplicabilityisBentley'sk-d trees[Ben75b].

The variant of k-d treesmost relevant to classi�cation seemsto be the adaptivek-d

tree[FBF77]. Brie�y , thesepartitionthesetof pointsrecursively in stages:at eachstage

oneof the partitionsis divided into two subpartitions;we will assumethat it is possi-

ble to choosecuts that achieve balance, that is, to divide into subpartitionscontaining

roughly thesamenumberof points. Division is by cuttingalongoneof thedimensions

i 2 f 1; : : : ; dg, i.e. by choosinga thresholdvalueandassigningeachof the partition's

pointsx to subpartition(a) or (b) accordingto whetherits x i componentvalueis (a) less

than,or (b) greaterthanor equalto thethreshold.(In someimplementations,thethresh-

old correspondsto a componentvaluefor oneof thepoints,which is thenstoredin the

interior nodeof thesearchtree;but will we assumeherethatall pointsarestoredin leaf

nodes).Generally, ateachstageadifferentdimensionis cut: onesimplestrategy is to cy-

cle (andif necessaryrecycle) throughthedimensionsin a �x edorder;anotherstrategy is

to cut thecurrentlymostpopulouspartition. Cuttingproceedsuntil all partitionscontain

few enoughpointsto invite a�nal fastsequentialsearch.The�nal partitionsaregenerally

hyperrectangles(notalwayshypercubes)with orthogonalsides(parallelto thecoordinate

6



1.5. MULTIDIMENSIONAL TRIES

axesof R d).

Balancingeachcut ensuresthat�nd operationsexecutein �(log n) time in theworst

case.Consistentwith a guaranteeof suchlogarithmic-time�nds, Bentley's k-d treecon-

structionachievesanasymptoticallyminimumnumberof cutsandthusaminimumnum-

ber of partitions(closeto n=p, wherep is the numberof points in the �nal partitions;

notethat, in our context wherep = 10 this is still huge,� 108). The thresholdvalue

chosenfor eachcut dependson the distribution of pointswithin the partition to be cut,

so the thresholdsarenot independentlypredictable: that is, none(after the �rst) canbe

computedwithout knowledgeof thecut thresholdsin someearlierstages.Further, given

a previously unseenx it is not possibleto computethe d upperandlower boundsof its

k-d hyperrectangle(within whichit lies)withouttraversingthek-d tree.Thuslocatingx's

k-d hyperrectanglerequires�( log n ) time.

The pruning power of k-d treesspeedsup rangesearches.Given a query point x

anda radiusr , de�ning a searchhypercube,it is straightforward to generalizethe �nd

algorithmto exploreall k-d treenodeswhosesubtreesoverlapthesearchhypercube.The

asymptoticruntimeof suchvariantshasbeenstudied:[LW77] reportsthattheworst-case

numberof treenodesexploredis �( d n1� 1=d ). In our context, this may (or may not)

promisemuchimprovementover brute-forcesearch,since(neglectingthemultiplicative

constant)d n1� 1=d � 100(109)0:99 = 100(108:91) = 1010:91 � 108 � n. Of

coursethismaybeapessimisticboundfor severalreasons.Whetheror notk-d treerange

searchesareef�cient for classi�cationmayultimatelybedecidableonly by experiment.

1.5 Multidimensional Tries

An alternativedatastructurethatassistsmultidimensionalsearchis a recursivepartition-

ing of thespaceusing�xed cuts. Supposethat for eachdimensioni 2 f 1; : : : ; dg, lower

andupperboundsL i andUi onthevaluesof thecomponentsx i areknown. Thenonemay

chooseto placecutsatmidpointsof theseranges,i.e. at (L i + Ui )=2, andlater, whencut-

ting thosepartitions,recursively cutat themidpointof the(now smaller)ranges.A search

trie canbeconstructedin amannerexactlyanalogousto k-d treeswith theexceptionthat

7



1.5. MULTIDIMENSIONAL TRIES

the distribution of the datais ignoredin choosingcut thresholds.It will no longerbe

possibleto guaranteebalancedcutsandthusmostof thetime andspaceoptimalityprop-

ertiesof k-d treesarelost. However, therearegains: for example,thevaluesof thecut

thresholdscanbepredicted(they all areof coursepredeterminedby f L i ; Ui gi =1 ;:::;d). As a

consequence,if thetotalnumberof cutsr is known, thehyperrectanglewithin whichany

query(test)samplex lies canbecomputedin 
( r ) time,andin somerealisticmodelsof

computationin 
(1) time—in eithercase,extremelyfast,fasterthancomputinga single

point-to-pointdistanceusingthe metric. We will call theserecursive midpoint-cuttrie

hyperrectanglespartitions(they areoftencalled`bins' or `cells' in thekNN literature).

8



Chapter 2

Bit-Interleaving Addr essingin k-d Trees

2.1 Moti vation

Sincesamplescanbemappedto partitionsin 
( r ), we hopeto usethismappingin order

to restrict the numberof distancecomputationsthat needto be performed.The goal is

to �nd a partitionsizethatwill not degradeaccuracy severely, but will gaina signi�cant

decreasein searchtime.

2.2 Bit-Interlea vedAddr essing

Partitionsresultingfrom triesasabove canbeaddressedusingbit-interleaving[Sam90].

Let < dk ; mk > k=1 ;:::;r bea sequenceof cuts,where,at cut k, dk is thedimensionchosen

to becutandmk is themidpointof thepartitionchosenfor thatcut. Amongthepartitions

of featurespacethatresult,a testsamplex will fall in apartitionthatcanbedescribedby

a sequenceof decisionsbk = (xdk > mk) takingon thevalueFalse(`0') or True(`1')

asx lies below or above thecut respectively. Equivalently, any bit-sequence< bk > k =

1; : : : ; r of lengthr determinestheboundariesof somepartition,andsocanbethoughtof

asanaddressfor it. Thisprocessis illustratedin Figure2.1.

To summarize:given a testsamplex anda sequenceof r cuts,we cancomputein

�( r ) time thebit-interleavedaddressof thepartitionwithin whichx lies.

9



2.2. BIT-INTERLEAVED ADDRESSING

Figure2.1: A two dimensionalexampleof progressivebit-interleaving. The�rst dimen-
sionis split on its mostsigni�cant bit, grantingall pointsabit-interleavedaddressof 0 or
1. Next, thesamesplit is performedon theseconddimension,appendinganotherbit to
theaddress.Thenthere'sanothersplit on the�rst, continuinguntil thedesirednumberof
splits(bit-interleavedaddresssize)hasbeenattained

We expectthat trainingandtestdatahave a skewed(nonuniform)distribution in fea-

turespace,andspeci�cally whenr is largethatonly asmallfractionof theresultingsmall

partitionswill beoccupiedby anytrainingdata.If thisassumptionholdstruein practice,

only a few distinctbit-interleavedaddresseswill occurin evena very large trainingset,

andsoit maybefeasibleto usethebit-interleavedaddressasa key to a verysparsehash

table.This would allow anO(1) lookuponcetheaddresswasknown, anda 5NN search

would thenbeperformedusingthepointsin thepartition.

10



Chapter 3

Experiments

Experimentson our documentimageswhered = 15, usingn = 10; 000; 000 training

samples,varying the numberof bits r < 75 suggestthat the numberof occupiedparti-

tions,asafunctionof thelengthof theirbit-interleavedaddress,is asymptoticallyroughly

cubic.For r = 50theabsolutenumberobservedwasabout2,100,000,which is of course

easilymanageableby single-stagehashingwherethehashtableis containedwithin main

memory.

Also, we have systematicallytestedthe accuracy andspeedupsof hashedkD trees,

whered = 15(again),n = 1; 565; 695trainingsamplesand254; 181testsamples.When

a brute-force5-NN programis run, it achievesa per-pixel correctclassi�cation rateof

78% (and the resultslook very good to the eye); of course,it runs slowly, requiring

about400 billion distancecalculations. By using bit-interleaved addressof length 40

bits, hashingspeedsup the calculationby a factorof 99.7 for a slight drop in per-pixel

accuracy, to 68%. The rangeof tradeoffs betweenspeed-upandaccuracy is shown in

Figure3.1.

Accuracy remainshigh (above 60%)until somewherebetween40 bits (5 bytes)and

48 bits; thereafterit falls rapidly. Thespeed-upfactorimprovesexponentiallyacrossthe

range.

In theabove data,errorsareof two types.In the�rst type,we hashinto a cell which

containssometraining samples,but 5NN doesnot do aswell asexpected:this means

of coursethat not all of the � ve nearestneighborslie within this hashcell. Errorsof

11



Figure3.1: Tradeoffs betweenaccuracy (percentof pixels correctlyclassi�ed, labeled
on the left scale)andspeed-up(factorof decreasein thenumberof distancescomputed,
comparedto brute-force;labeledontheright scale,usingalog-scale),asafunctionof the
sizeof thebit-interleavedaddress(in bytes).
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Figure3.2: Contributionsto theerror ratecausedby hashinginto anemptybucket (Un-
classi�ableErrors)and�nding thewrongclasswithin acell (Classi�ableErrors)for vary-
ing sizesof bit-interleavedaddressin bytes.

thesecondtypeoccurwhenthecell containsno data: that is, no trainingpointshashed

into thatcell. Errorsof thesecondtypearein theminority aslong asthebit-interleaved

addressis lessthan about50 bits; but above that, they rise rapidly and dominatethe

errorcount(seeFigure3.2). Clearlytheseerrorswill bereducedby theadditionof more

trainingdata. It is interestingto notethat, if we do not countthesecondtypeof errors,

thenaccuracy remainshigh (above60%)until morethan64 bits areused,for a speed-up

of 3401.

Theriseandrapiddominanceof errorsof bothtypesareto beexpectedwhenthevol-

umeof ahashcell fallsbelow acertainthreshold.Wecanroughlyestimatethis threshold

asfollows. We have observed that the distancefrom a probepoint to the farthestof its

� ve nearestneighborsis lessthan15 for about95%of thepoints. Whenwe useat least

45 bits of bit-interleaved address,we have in effect guaranteedthat eachof the 15 di-

mensionshave beencut threetimes,which giveshashcells thatare256=23 = 32 on a

side. This is at theboundaryof theunpleasantcasewhenthefarthestof the � ve nearest

neighborsis likely to fall outsidethecell. This roughanalysisseemsto explain therapid

13



3.1. EXPANDED TRAINING

fall-off of accuracy above 48 bits. In orderto betterunderstandhow this fall-off would

behavewith differenttypesof data,wesetout to performthesameexperimentwith even

moredata.

3.1 ExpandedTraining

By addinga few moredocuments,we increasedthe sizeof our training setby a factor

of eight. As shown in Figure3.3, we observeda consistentlossin accuracy alongwith

an increasein speedup.The loss in accuracy canmost likely be attributed to the new

trainingdocumentshaving lessin commonwith thetestingdocumentthantheold training

documents.

In order to betterunderstandthe increasein speedup,it is importantto understand

that the speedupfactoris computedasthe numberof distancecomputationsperformed

in “brute-force”kNN dividedby thenumberof distancecomputationsperformedby the

hashingclassi�er. Thus,Figure3.3 shows that the numberof computationsperformed

by the hashingclassi�ed doesnot grow asquickly asthat of kNN. We believe that the

largerdatasetexperienceda greaterspeedupbecausethedataaddedwaslessrelevantto

thetestingdatathantheoriginal trainingset.Thus,mostof thenew datahashedinto cells

thatnever camein contactwith testingdata.This wouldn't matterwith traditionalkNN,

but with ourhashingmethod,theclassi�cationcanbeperformedmuchmorequickly.

Wealsoplottedthenumberof cellsusedfor varyingBIA sizes(Figure3.4).Although

we'd needto performthisanalysisonawidervarietyof datasetsin orderto makestrong

claimsaboutthebehavior, it is encouragingthatthemethodhasnotyieldedanexponential

blowup in the numberof cells used. Previous analysishadshown the expansionto be

approximatelycubicin theareabetweenBIA sizes2 and6.

As we gatheredmoredata,thedecisionwasmadeto increasethesizeof thetraining

datasetwhile keepingthe testingdataset limited to onedocument. Thus, sinceeach

pixel is a dataitem, the training setgrew very quickly. While this rapid growth would

be a problemin a real-world system,we wanteda large dataset,so this works to our

advantage.On theotherhand,thesizeof thedatagot to thepoint wherethesystemwas

14



3.1. EXPANDED TRAINING

Figure3.3: Speedupfactorandpercentcorrectfor our initial, smaller, test(solid line with
diamonds)andoursecond,larger, test(dashedline with squares).

Figure3.4: The numberof cells usedfor varyingBIA, with an exponentialscale.This
curve is sub-exponential,which is promising.
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3.2. NEW TRAINING AND TESTING

Figure3.5: Tradeoffs betweenaccuracy andspeed-up,asa functionof thesizeof thebit-
interleavedaddress(in bytes)usingthenew dataset. This new datayieldedfar smaller
speedupsthantheolderdata.

thrashingandtheprocesswasno longerIO-bound.

3.2 NewTraining and Testing

Oneof the mostimportantproblemswe hadwith the larger datasetwasthat the docu-

mentsaddedwerefrom a differentsourcethantheoriginal set,thuscalling into question

any inferencesgainedfrom thoseexperiments.With this in mind, we setout to createa

similarly sizedsetof documentsthatcouldbeusedfor testingthatwould avoid duplicat-

ing this problem.Sinceclassi�cationat pixel granularityexpandsvery quickly, we only

neededa few documents,thusthey werecreatedby hand.A smallsetof typefaceswere

used,mixedwith a few photographsandsomehandwriting. We againchoseto useone

documentfor testingandtheothersfor training.Thisdatasetwasusedfor theremainder

of theexperiments.

The resultsfrom the subsequentexperimentswere lesspromising, thoughequally
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3.2. NEW TRAINING AND TESTING

interesting.As Figure3.5 shows, accuracy droppedoff in almostexactly thesameway

asasit did with theolderdata(seeFigure3.1),but speedupdid not increaseasquickly

as we had hoped. We believe this behavior to be causedby the similarity amongthe

documentsused.Sincethetrainingandtestingsethave somuchin common(they were

generatedin the sameprogram,scannedby the samescanner, etc.),many of the points

arelikely to hashinto many of thesamecells,evenasthesizeof theBIA increases.Thus,

sincethepointsarestill hashinginto occupiedcells,speedupis minimizedbecausemore

distancecomputationsmust be done. The lack of an exponentialincreasein speedup

between5 and8 bytesis especiallysigni�cant, andagainmostlikely symptomaticof the

characteristicsof thedataset. This sortof resultsuggeststhat this methodis bestsuited

to datasetsthat have a wide variety of documentqualities. Whenthis is the case,it is

morelikely thateachcell will havea smallernumberof trainingpointscomparedto data

setswith homogeneousdata.Furthertestingon differenttypesof datasetsmustbedone

in orderto betterunderstandthisphenomenon.
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Chapter 4

Filter ed Training

Performingclassi�cationwith the largerdatasetswasproblematicbecausethememory

usageof theclassi�er becameexcessive. This causedthesystemto thrash,signi�cantly

slowing classi�cation. In orderto combatthis behavior, we proposea methodof �lter ed

trainingthatclassi�esdatawithoutkeepingthetrainingsetin memory. With thismethod,

we �rst look at the (relatively small) testingdata. Eachtestingpoint is storedin the

appropriatelocation in the hashtable (just as the training datahadbeenstoredin Bit-

Interleaved Classi�cation). Whenthe training datais thenloaded,pointsthat hashinto

emptycellscansafelybeignoredsincethere'sno testingdatanearthem.Trainingpoints

that hashinto cells that alreadycontaintestingpointsmust thenannotatethosetesting

pointswith their classanddistancefrom thattestingpoint (if they'reamongtheclosestk

trainingpoints).Thisannotationmeansthatthestoragerequirementsarenow independent

of thesizeof thetrainingdata(O(m) wherem is thesizeof thetestingdata,whend isheld

constant),sinceonly onetrainingpoint mustbestoredin memoryat a time. Meanwhile,

theamountof hashingoperationsanddistancecomputationsremainexactly thesame.

We foundthis techniqueto bevery useful,asit ensuredthatclassi�cationwith large

trainingsetswasonceagainCPU-bound.While preciseperformancecharacterizationis

not thegoalof this thesis,wedobelieve thatthis �ltering methodhasthepotentialto de-

liver a signi�cant performanceboostin many cases.We tested�ltering on thetwo large

datasetsusedin previousexperiments.As expected,wereableto completeour experi-

mentsmorequickly thanbefore,andmostimportantlytheamountof memoryusedwas

18



Figure4.1: Thepercentageof trainingpointsdiscardedduring�ltered trainingfor varying
bytesof BIA. As expected,theolderdatawasableto morequickly sheda largeportion
of its data,resultingin a largerspeedup.

vastly reduced.Additionally, the outputwasidenticalexceptfor sometie-breakingin-

stances.Thisdifferenceis notsigni�cant becausethetie-breakingprocedureis unde�ned

in bothmethods,andshouldnot biastheperformance.

Filteredtrainingalloweduseto take a differentperspective on thedataandexamine

how many training pointswerenever used. Although this sort of analysiswasalready

possiblewith olderclassi�ers,�ltered traininglendsitself to this datacollectionbecause

anunusedtrainingsampleis onethathashesinto anemptycell andis subsequentlydis-

carded.Figure4.1shows thepercentageof trainingpointsdiscardedusingthetwo most

recentdatasets.Not surprisingly, the datasetthatenjoyedhugespeedupsvery quickly

(old data)wasableto discarda large numberof training pointsvery quickly, while the

new datasetdid not discardasmany points. This supportsour intuition that thehomo-

geneityof thenew datasetis whatcausedtherelatively poorperformance,thoughfurther

experimentationshouldbedonein orderto re�ne this claim.
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Chapter 5

Conclusion

5.1 Discussion

We have investigatedalgorithmsfor fastapproximatenearest-neighborsclassi�cationof

dataarisingin a digital librariescontext whereeachpixel in an imageof a documentis

to beclassi�edaccordingto thedominantcontenttype—machine-printtext, handwriting,

photographs,etc—presentin thesmall region aroundthepixel. Our principal resultsare

empiricalperformanceevaluationandanalysisof a family of non-adaptive k-d treedata

structuresspedup by meansof hashtechniques.Thenon-adaptivek-d treewe usedonly

approximatestruekNN but it allows,in principle,highspeedsearch.Weinvestigatedbit-

interleavedaddressingfor k-D treebins, to allow fastaccessvia hashing.We observed

thatthegrowth of thek-d treedatastructureon thesedatawasnotexponentialin thesize

of thetrainingset,asis possiblein theworstcase,but wasa low-orderpolynomialandas

aresulthash-tabledatastructuresizesweretractablein practice,thoughweexpectthatfor

largerexperiments,someform of pagingof hash-tablesandtrainingdatawill berequired

to avoid seriousthrashing.We alsoinvestigated“�ltering” methods,wheretestdataare

hashedin �rst, thentrainingdatais readandcomparedto it (this reversesthetraditional

order): this led to vastly reducedmain-memorydemandswith resultingspeed-ups,and

with nolossin accuracy. For thesemethodswemeasuredarangeof tradeoffs of accuracy

for speed:while they aredrasticat theextremes,wefoundthatlargespeed-ups(of factors
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of 100or more)donot alwayssacri�ce muchaccuracy.

5.2 Futur eWork

As we examinedthe resultsof our work, speci�cally the sourcesof errors,many ideas

aroseregardingothermethodsthatmayhelpto alleviatetheseerrors.Wehopethatthese

directionsmaybeexploredin thefuture.

5.2.1 Fallback Hashing

As partitionsizedecreases,unclassi�ableerrors(whena testpoint is in anemptyparti-

tion) rapidly dominatethe error rate(seeFigure3.2). In thesecases,it may be advan-

tageousto have somesort of fallbackprocedureinsteadof giving up. Speci�cally, we

would like to “zoomout” andsearcha cell thathasmoretrainingpoints.This will sacri-

�ce someof thespeedupaffordedby thesmallpartitionsize,but we hopethat theprice

paidin speedmaybeworthwhileif it buysasigni�cant increasein accuracy.

One of the �rst drawbackswe discoveredwhen designingthis methodwas that it

couldnotbeusedeffectively with �ltered training.For example,if weallowed8 levelsof

“zooming”, eachtestingpointwouldhaveto belisted8 times.Additionally, eachtraining

point would have to annotatethepointsin all 8 of thecells that it hashesin to (sincean

arbitrarytestingpointmaymeetanarbitrarytrainingpointatany zoomlevel). This leads

to someveryseriousproblemsif a testingpointandtrainingpointmeetatmultiplezoom

levels,not to mentionthatit sacri�cesa lot of thespeedgainedby hashing.

For fallbackhashing,weagainchoseto discretizethenumberof bits in theBIA used

(r ) into bytes,thoughthereisn't a technicalreasona moregranularapproachcouldn't

be used.As with theoriginal hashingscheme,we choosea valuefor r to representthe

maximumsizeof theBIA usedwhenhashing.Insteadof placingeachtrainingpoint in

thecorrespondingcell from hashingon r bits,we placeit in cellsfrom hashingon 8, 16,

24... r bits. Whentesting,thetestpoint is hashedto a cell usingr bits of its BIA. If no

pointsarein that cell, the classi�er, “zoomsout” to r � 8 bits andattemptsto classify

there,repeatingthezoomingoperationasneeded.
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Thereis plentyof roomfor variationwith this method,suchasproviding fewer dis-

cretelevelsof fallbackin orderto conserve memory. While we wereunableto complete

the implementationof this methodin time for publication,we believe it to be the most

promisingavenuefor improvement.

5.2.2 Push-Forward Hashing

This methodis baseduponFallbackHashingandFilteredTraining. Thegoalis to vastly

reduceor eliminateunclassi�ableerrorswhile keepingspacecomplexity linear on the

sizeof thetestingset.In thismethod,wewish to classifythek nearestneighborsandput

eachtestingpoint into acell containingat leastj trainingpoints(asupportbaseline).

For this explanation,we will considerBIA sizesto be in bytes,thoughthereis no

technicalreasonwhy othergranularitiescouldn't be used. We startby hashingeachof

the testingpointsinto cells usingBIA size1. Eachtestingpoint containsk votes(with

distance& class,the sameaswith FilteredTraining) and j promotions(which specify

destinationBIA levels,to beexplainedlater).

Onceall of thetestingpointshavebeeninsertedinto thehashtable,thetrainingpoints

areareadin, oneat a time. Eachtrainingpoint is �rst hashedinto a cell usingBIA size

1. The point thenfollows the sameprocedureusedin FilteredTraining to annotatethe

testingpoints in that cell with votes. In addition to this annotation,the training point

offers promotionsto the testingpointswhereappropriate.A promotionto BIA sizeb

meansthatthecorrespondingtestingpointandtrainingpointhaveidenticalvaluesfor the

�rst bbytesof theirBIA (andnomore).A promotionis addedto atestingpoint's list only

if thepromotionis greaterthantheminimumon the list. This meansthata testingpoint

canmove to thecell with BIA sizeM I N (promotions) andstill have at leastj training

pointsin thesamecell (thoughnotphysicallystoredthere).

For example,if a testingpoint is moved to a cell with BIA size 3, it needsto do

somethingin orderto ensurethatsubsequenttrainingpointsmake it down there.This is

donewith a “breadcrumbs”bit. This bit is setin any cell wherea testingpoint hasbeen

moved to anotherBIA level. Whentraining pointsseethis bit set in their currentcell,

they �rst classifythepointsin thecurrentcell (asdescribedabove), andthenincrement
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their BIA sizeandcontinuethe operation.A cell that hasbeenemptiedby promotions

will still exist asahashentrybecauseof thisbreadcrumbsbit.

Thismethodhassomeuniquecharacteristics.Theclassi�erwill performmoreslowly

on the earlierpoints,andwill continueto speedup asclassi�cation continues. It also

doesmoremanipulationwith theBIA values(for determiningpromotions),which is an

increasedcomputationalcost.Dif ferentorderingof thetrainingpointsmayalsoaffect the

results,sincea pair of pointson oppositesidesof a BIA split bordermight meetif the

testingpoint hasnot yet beenpromoted,but would most likely not meetif the training

point arriveslate in theprocess.Thoughslightly unpredictable,this behavior shoulddo

no worsethanFallbackHashing.

5.2.3 Cross-Listing

Another, perhapslessimportant,sourceof errorsin ourapproachis borderissues. Thebit-

interleavedclassi�er only searchesthelist of pointsin thesamepartitionasthetestpoint

(x), but it doesn't searchpointsin adjacentpartitions.Someof thepointsin theseadjacent

partitionsmaybeclosertox thanthepointsin its ownpartition.Thus,if wecan�nd away

to considerpointsin thesamepartitionasx aswell aspointson thebordersof adjacent

partitions,it maybepossibleto improve accuracy of thebit-interleavedclassi�er. There

is someconcernthat any attemptto solve suchborderissueswill result in a signi�cant

increasein the time and spacerequirementsfor classi�cation, but we believe it to be

worthyof investigation.
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