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Preface

An investigationinto algorithmsfor fastapproximatenearest-neighbo(&NN) classi ca-
tion is reported.The principalresultsareempiricalperformancesvaluationandanalysis
of afamily of non-adaptie k-d treedatastructurespedup by meansf hashtechniques.
This researchs motivatedby a compellingneedin patternrecognitiontheoryandprac-
tice for classi cationmethoddrainablein reasonabléime on large datasets(say mary
millions of samples)while allowing extremelyfastclassi cation (ideally, at I/O rates).
Experimentsverecarriedouton dataarisingin digital libraries:imagesof page<f books
containingseveral typesof content(machine-printext, handwriting,photographsetc).
The particularproblemwasto classify every pixel in theseimagesinto one of the con-
tenttypes. Our choosingto classifypixels (ratherthanregions)gave us readyaccesgo
ground-truthedlatasetsof dauntinglylarge size. The non-adaptre k-d treewe usedonly
approximatesrue KNN but it allows, in principle, high speedsearch.The growth of the
k-d treedatastructureon thesedatawasnot exponentialin the sizeof thetrainingset,as
canhappenin the worstcase but wasa low-orderpolynomial (approximatelycubic)in
practicallyimportantoperatingregimes. Inevitably, tradeofs of accurayg for speedare
drasticat the extremes:the coarsestlatastructuregun at brute-force(exhaustve search
speeds)whereasner-graineddatastructuresallow speed-up®f severalordersof mag-
nitude.Happily, large speed-upgof factorsof 1000r more)do notalwayssacri ce much
accurag. Theinvestigationincludestestingthesemethodson a variety of datasets,as
well asseveralvariationsof theclassi cationtechnique.
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Chapter 1
Intr oduction

Computewision (CV) systemsanddocumentmageanalysigDIA) systemsn particular
arenotoriouslyeitheroverspecialize@ndfragile, or robustbut ruinouslyexpensve (e.g.
national postalcodereaders)[B/00]. The goal of highly versatiledocumentanalysis
systemscapableof performinguseful functionsacrossthe greatmajority of document
images remainselusive even after decade®f effort [NS96][Nag00]. Certainlyusers—
e.g. in thedigital libraries,websearchandintelligencecommunities—uaidly desiresuch
atechnology

For thisreasorwe have choseraversatility r stresearclstratgy: thatis, we striveto
inventdocumentmageanalysiscapabilitieghatwill, asits highestpriority, work reliably
acrosshe broadespossiblerangeof cases.This diversity embraceslocumentandim-
agedhat: arewrittenin mary languagestypefacestypesizesandwriting styles;possess
a wide rangeof printing andimagingqualities;obey a myriad of geometricandlogical
layoutcornventions;arecarefullypreparedswell ashastilysketchedmaybeacquiredoy
geometricallyaccurateat-bed scannerspr snappedvith hand-heldcamerasinderacci-
dentallighting conditions;are expressedasfull color, grey-level, andblack-and-white;
areof ary sizeor resolution(digitizing spatialsamplingrate);andarepresentedn mary
image le formats(TIFF, JPEGPNG,etc),bothlosslessandlossy

We focus attentionon basic DIA capabilitiesthat are, arguably the most broadly
usefulin thatthey needto be appliedearlyin the document-processingpeline. These
arethe documenimage contentextractiontools, ableto locateandcharacterizeegions
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1.1. OURCLASSIFICATION PROBLEM

containinghandwriting,machine-printext, graphicsJine-art,logos,photographsnoise,
andother“contenttypes. By “locate” we meandescribeheregionsin theimagewhere
eachcontenttype dominates By “characterizewe meanreportestimatef a few basic
propertiesof theregions: e.g. for machine-printreportskew angle,numberof lines of
text, numberof words,andperhapgype sizeandtypefamily. Althoughhighaccurag is
alwaysappreciatedfor toolsasbroadlyapplicableasthesewill be,alowerthresholdof
competeng mayoftenbesufcient.

We intendto classifydocumentstthepixel level, consistentith theversatilitygoals
of the project. This meansthat training andtestingsamplescanrapidly reachmillions
with only afew documentsin our casethisis abene t, sinceit minimizesthenumberof
documentsieededo simulatealargeclassi cationsystem Althoughwe won't constrain
our systemdo a smallnumberof classesopur initial experimentswill classifyeachpixel
asbeinghandwrittentext, machineprint, photographyor “unknown”.

1.1 Our Classi cation Problem

A little formality at the outsetwill helpto make our technicalchoicesclearlateron. We
de ne our problemasfollows, in termsthat are widely understoodwithin the pattern
recognitionandmachindearningR&D communitiesFor agivensetof testingdocument
imageswe wish to classifyeachpixel; thusour basicdata(bothfor trainingandtesting)
consistf setsof pixel sampleseachrepresentetly a x ednumberof numericfeatures
computedoy image-processingethodsoperatingon asmallregion containingthe pixel.
The featuresandtheir number—we call it d, the dimensionalityof the featurespace—
wasdeterminedoy an engineeringexercise,outsidethe scopeof this thesis,reportedin
[BMN*06].

Classi cation problem:

Given T, andapreviously unseersamplex,
nd themostprobableclassc for x.



1.1. OURCLASSIFICATION PROBLEM

Adopting a Bayesianapproachwe choosecyax = argmaxgcfP(gjx;T)g where
P (g jx; T) denoteghe posteriorprobability of classc; giventhe newv obserationx and
the prior knowledgeexpressedn thetrainingdataT. The k-neaestneighbos(kNN) al-
gorithmis:

K NearestNeighborsalgorithm

INPUT: T,k 2 N, andx
OUTPUT. c2C
Stepl. within T, nd k nearesheighbor=of x
thatis, nd asetY T,jYj = k,s.t.
8y2Y 82T Y kx yk kx zk
Step2. within Y, usethe ground-truthclassesssignedo samplesn T nd
the mostfrequentlyoccurringclass breakingtiesatrandom.

For ary particularsetof features,assuminghat the training datais representate, the
kNN algorithmfamouslyenjoys a valuabletheoreticalproperty: asthe size of a repre-
sentatve training setincreasesthe errorrateof KNN approacheso no worsethantwice
the Bayeserror[DHSO01, which is the minimum achiezable by ary classi er given the
sameinformation. This remarkabldimiting performanceds due, fundamentallyto its
notcommittingto any approximategarametrianodelof the perclassdistributions. This
algorithmalso generalizeslirectly to morethantwo classequnlike several competing
methodssuchasneuralnetsandclassi cationtrees).Finally, it hashasoftenbeencom-
petitivein accurag (if rarelyin speedwith morerecentlydevelopedclassi ersincluding
support-ectormachines.For thesereasonsye considerkNN would be a nearlyideal
classi er for our problem,wereit werenot for the high costin both time and spaceof
nave implementationg@ndthe dif culty of craftingalgorithmsthatcloselyapproximate
its performancen high dimensionafeaturesspaces.

We have implementedbNN (kNN for k = 5) and,in small scaleexperimentshave
seenit achieve pixel classi cation rateson the contentextraction problemgreaterthan
98% correct. Interestingly evenwhenthe perpixel classi cationerrorrateis ashigh as
25%, the principal regions and their dominantcontenttypesare evidentto the eye and
(we expect)couldbe extractedrobustly by simpleimagepost-processing[BMNO06].
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1.2. APPROXIMATIONS TO KNN

1.2 Approximationsto kNN

Therearemary waysto approximatethe performanceof kNN, including reformulation
asthe

Radius Search problem

Given T,r 2 R, andx,
nd all pointsof T within radiusr of x: thatis, the setY, fy?2
T sttkx yk rg

If r S, we canexpectthat nding Y, will be easierthan nding Ys. (Of course,
generallyjY;j < jYgj also,in which casereportingthe result of the searchwill take
longer. But we chooseto neglect runtimesthat dependon the size of the output, for
reasonshatwill becomeclearlater) If jY;] = k, thenradiussearchs equivalentto KNN.
IfjY;) Kk, thenwewill saythatradiussearchapproximatekNN. (Of coursethisnotion
of approximatiordoesnot addresshe key issue which is how muchlessaccurateadius
searclctlassi cationis thankNN classi cation.)

It might be evencheapeto computeapproximationgo radiussearch.

NestedRadius Search problem

Given T,frigiz1...s 2 R,ry <rp< :::<rg andx,

nd sets T within radiir; of x: thatis,
Y, fy2T sttkx yk rig

NotethatY,, Y, ::: Y. Ifrg < ry, thenit maybepossiblethroughjudicious
choiceof datastructuresandalgorithms to computeY,, fasterthany,, .

Approximate Radius Search problem

Given T,r 2 R, 2 R andx,
nd setsYl andY' T suchthat
Y, ' Y, YUY Y+

Thatis, Y- andYY approximateY, within . As ! 0, YL ! Y, (from below) and
YY1 Y, (from above),andso ApproximateRadiusSearchcornvergesto RadiusSearch.

4



1.3. APPROXIMATE RADIUS SEARCHUNDER THE INFINITY NORM

When is large, it shouldbe easierto solve ApproximateRadiusSearchthanto solve
RadiusSearch.

How canApproximateRadiusSearchbe usedfor classi cation? Well, if it happens
thatjY'j = jYVYj, thenY' = YUY =Y, and,exactly asin kNN, we canchoosethe most
frequentlyoccurringclassin thatset. Lets call the frequeng of occurrencef eachclass
g in Yt “f -7 andsimilarly, in YV, “f V", Let the mostfrequentlyoccurringclassesn
thesesetsbe maxct andmaxcV; if thesehapperto bethe sameclasswe will of course
choosehatclass.Butif they differ, thenwe have severalpolicy choices:

we cancomputeaveragefrequenciedor eachc;, eg. f2¢  (f jL + f J-U):Z, and
thenchooseéhe classwith the highestaveragefrequeng;

we canusethe valuek from kNN to assistin the decision for example,if jY 1j is
closerto k thanY Y, we choosehe mostfrequentlyoccurringclassin Y (andvice
versa).

Thus ApproximateRadiusSearchcanbe usedasa basisfor classi cationandoffers a
rangeof engineeringradeofs betweeraccurag andspeed.

1.3 Approximate Radius Search under the In nity Norm

With the In nity Norm asour metric, then RadiusSearchbecomesa multidimensional
rangesearch(or “region query”) in which the searchregions are hypercubef radius
r centeredon the querysamplex. Multidimensionalrangesearchings an intensvely

exploredtopic[Sam9{|[Ben75d by researchers the computationageometry machine
learning,patternrecognition,and graphicsresearclcommunities. However, specialre-

quirementf patternclassi cationmayleadusin freshdirections. For example,in the
literature,rangesearchings commonlydiscussedsa generalizatiorof point seaching,

whichin turnis characterizedsageneralizatiorf dictionariego multidimensionatiata.
Dictionariesareclassicallydesignedo supporthreebasicoperationsinsertasingledata
item, nd anitem (returningits associatednetadataor returning notfound'), anddelete
anitem. Datastructuresand algorithmsfor dictionariesare thusdynamic designedo

processanarbitrarysequencef thesethreeoperationsef ciently
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1.4. ADAPTIVE K-D TREES

By contrast,in classi cation,insertionsare performedall atoncein anof ine batch
operation(the “training stage”)in which all the data(training samples)are simultane-
ously available. Deletion never occurs(althoughwe may chooseto prune(“edit) them
or summarizesetsof datapoints statisticallyratherthan storingall of themexplicitly).
Thusthe datastructureis static. Findingis the only operationwhich is online andmust
run fast;andit mayalsobe possibleto batchalarge setof nd operationsandsoexploit
the similarity of sequencesf queriesfor pointsthat areisogenous.Thus much of the
literatureon dynamicmultidimensionalsearchis not directly relevantto classi cation,
andmaybene t from afreshperspectie.

Let usreview techniquegor multidimensionakearchthatmayassistusin choosing,
adaptingor craftingnew datastructuresandalgorithmssuitablefor classi cation.

1.4 Adaptivek-d Trees

Onemultidimensionatearchechniquewith broadapplicabilityis Bentley' sk-d trees[Ben75b].
The variant of k-d treesmost relevant to classi cation seemsto be the adaptivek-d
tree[FBF7T. Brie y, thesepartitionthe setof pointsrecursvely in stages:at eachstage

one of the partitionsis divided into two subpartitionswe will assumehatit is possi-

ble to choosecutsthat achieve balance thatis, to divide into subpartitionscontaining
roughly the samenumberof points. Divisionis by cutting alongoneof the dimensions

pointsx to subpartition(a) or (b) accordingto whetherits x; componenvalueis (a) less
than,or (b) greaterthanor equalto the threshold.(In someimplementationsthethresh-
old correspondso a componentaluefor oneof the points,which is thenstoredin the
interior nodeof the searchree;but will we assumeherethatall pointsarestoredin leaf
nodes).Generallyat eachstagea differentdimensionis cut: onesimplestratey is to cy-
cle (andif necessaryegycle) throughthedimensionsn a x edorder;anotherstratgy is
to cutthe currentlymostpopulouspartition. Cutting proceedsuntil all partitionscontain
few enoughpointsto invite a nal fastsequentiatearchThe nal partitionsaregenerally
hyperrectanglegotalwayshypercubesyvith orthogonakides(parallelto thecoordinate



1.5. MULTIDIMENSIONAL TRIES

axesof RY).

Balancingeachcutensureghat nd operationsxecutein (log n) timein theworst
case.Consistentith a guarante®f suchlogarithmic-time nds, Bentley's k-d treecon-
structionachievesanasymptoticallyminimumnumberof cutsandthusa minimumnum-
ber of partitions(closeto n=p, wherep is the numberof pointsin the nal partitions;
notethat, in our context wherep = 10thisis still huge, 10°). Thethresholdvalue
chosenfor eachcut dependon the distribution of pointswithin the partitionto be cut,
sothe thresholdsare not independentlyredictable thatis, none(afterthe rst) canbe
computedwithout knowledgeof the cutthresholdsn someearlierstagesFurther given
a previously unseerx it is not possibleto computethe d upperandlower boundsof its
k-d hyperrectangléwithin whichit lies) withouttraversingthek-d tree. Thuslocatingx's
k-d hyperrectangleequires ( logn) time.

The pruning power of k-d treesspeedsup rangesearches.Given a query point x
andaradiusr, de ning a searchhypercubejt is straightforvard to generalize¢he nd
algorithmto exploreall k-d treenodeswvhosesubtree®verlapthe searchhypercubeThe
asymptoticuntimeof suchvariantshasbeenstudied:[LW77] reportsthattheworst-case
numberof treenodesexploredis ( d n' 7). In our context, this may (or may not)
promisemuchimprovementover brute-forcesearchsince(neglectingthe multiplicative
constant)d nt 1= 100(10)%%° = 100(1¢°) = 1009 16 n. Of
coursethis maybea pessimistidooundfor severalreasonsWhetheror notk-d treerange
searchesreefcient for classi cationmay ultimately bedecidableonly by experiment.

1.5 Multidimensional Tries

An alternatve datastructurethatassistanultidimensionakearchs arecursve partition-

andupperboundd.; andU; onthevaluesof thecomponents; areknown. Thenonemay
chooseéo placecutsat midpointsof theserangesij.e. at(L; + U;)=2, andlater, whencut-
ting thosepartitions,recursvely cutatthemidpointof the (now smaller)ranges A search
trie canbe constructedn a mannerexactly analogouso k-d treeswith the exceptionthat



1.5. MULTIDIMENSIONAL TRIES

the distribution of the datais ignoredin choosingcut thresholds.It will no longerbe
possibleto guarantedoalanceccutsandthusmostof thetime andspaceoptimality prop-
ertiesof k-d treesarelost. However, therearegains: for example,the valuesof the cut
consequencéd, thetotal numberof cutsr is known, the hyperrectanglevithin which ary
guery(test)samplex lies canbecomputedn ( r) time, andin somerealisticmodelsof
computationn (1) time—in eithercase gextremelyfast,fasterthancomputingasingle
point-to-pointdistanceusing the metric. We will call theserecursve midpoint-cuttrie
hyperrectanglepartitions (they areoftencalled bins' or "cells' in thekNN literature).



Chapter 2

Bit-Interleaving Addr essingin k-d Trees

2.1 Motivation

Sincesamplexcanbe mappedo partitionsin ( r), we hopeto usethis mappingin order
to restrictthe numberof distancecomputationghat needto be performed. The goalis
to nd apartitionsizethatwill notdegradeaccurag severely, but will gaina signi cant
decreasén searchime.

2.2 Bit-Interleaved Addressing

Partitionsresultingfrom tries asabove canbe addressedsing bit-interleavingSam9Q.
to becutandmy is themidpointof the partitionchoserfor thatcut. Amongthe partitions
of featurespaceahatresult,atestsamplex will fall in a partitionthatcanbe describedy
asequencef decisiondy, = (Xg, > my) takingonthevalueFalse('0") or True('1')
asx lies belown or above the cut respectrely. Equivalently, any bit-sequence b >, =

asanaddresgor it. This processs illustratedin Figure2.1.
To summarize:given a testsamplex anda sequencef r cuts,we cancomputein
( r) timethebit-interleavredaddres®f the partitionwithin whichx lies.



2.2. BIT-INTERLEAVED ADDRESSING
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Figure2.1: A two dimensionakxampleof progressie bit-interleaving. The rst dimen-
sionis split onits mostsigni cant bit, grantingall pointsa bit-interleavedaddres®f 0 or
1. Next, the samesplit is performedon the seconddimensionappendinganotherbit to
theaddressThentheres anothersplit onthe rst, continuinguntil the desiredhumberof
splits (bit-interleaved addressize)hasbeenattained

We expectthattrainingandtestdatahave a skewed (nonuniform)distributionin fea-
turespaceandspeci cally whenr is largethatonly asmallfractionof theresultingsmall
partitionswill beoccupiedby anytrainingdata.lf thisassumptiorholdstruein practice,
only a few distinctbit-interleaved addressewill occurin evena very large training set,
andsoit maybefeasibleto usethe bit-interleavedaddresssa key to a very sparsehash
table. Thiswould allow anO(1) lookup oncethe addressvasknown, anda 5NN search
would thenbe performeadusingthe pointsin the partition.
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Chapter 3
Experiments

Experimentson our documentimageswhered = 15, usingn = 10,000 000training
samplesyarying the numberof bitsr < 75 suggesthatthe numberof occupiedparti-
tions,asafunctionof thelengthof their bit-interleavedaddressis asymptoticallyroughly
cubic. Forr = 50theabsolutenumberobseredwasabout2,100,000whichis of course
easilymanageabléy single-stagdashingwherethe hashtableis containedwithin main
memory

Also, we have systematicallytestedthe accurag and speedup®f hashedkD trees,
whered = 15(again),n = 1; 565 695trainingsamplesand254 181testsamplesWhen
a brute-force5-NN programis run, it achiezesa perpixel correctclassi cation rate of
78% (and the resultslook very goodto the eye); of course,it runs slowly, requiring
about400 billion distancecalculations. By using bit-interleavred addressof length 40
bits, hashingspeedsup the calculationby a factorof 99.7 for a slight dropin perpixel
accuray, to 68%. The rangeof tradeofs betweenspeed-upand accurag is shavn in
Figure3.1.

Accurag remainshigh (above 60%) until somavherebetweemO bits (5 bytes)and
48 bits; thereafteit falls rapidly. The speed-ugactorimprovesexponentiallyacrosghe
range.

In the above data,errorsareof two types.In the rst type,we hashinto a cell which
containssometraining samplesput 5NN doesnot do aswell asexpected:this means
of coursethat not all of the ve nearestneighborslie within this hashcell. Errors of

11



Figure 3.1: Tradeofs betweenaccurag (percentof pixels correctly classi ed, labeled
ontheleft scale)andspeed-ugfactorof decreasén the numberof distancesomputed,
comparedo brute-forcejabeledontheright scale usingalog-scale) asafunctionof the
sizeof thebit-interleavredaddresgin bytes).
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Figure3.2: Contrikutionsto the errorrate causedy hashinginto anemptybucket (Un-
classi ableErrors)and nding thewrongclasswithin acell (Classi ableErrors)for vary-
ing sizesof bit-interleavedaddressn bytes.

the secondype occurwhenthe cell containsno data thatis, no training pointshashed
into thatcell. Errorsof thesecondypearein the minority aslong asthe bit-interleaved

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

errorcount(seeFigure3.2). Clearlytheseerrorswill bereducedoy theadditionof more

training data. It is interestingto notethat, if we do not countthe secondype of errors,

thenaccurag remainshigh (above 60%) until morethan64 bits areused for a speed-up
of 3401.

Theriseandrapiddominanceof errorsof bothtypesareto be expectedvhenthevol-
umeof ahashcell falls below acertainthreshold We canroughly estimatethis threshold
asfollows. We have obsened that the distancefrom a probepoint to the farthestof its

ve nearesheighborgs lessthan15 for about95% of the points. Whenwe useat least
45 bits of bit-interleaved addresswe have in effect guaranteedhat eachof the 15 di-
mensionshave beencut threetimes, which giveshashcellsthatare256=2°> = 32ona
side. This is at the boundaryof the unpleasantasewhenthe farthestof the ve nearest
neighborgs likely to fall outsidethe cell. This roughanalysisseemdo explain the rapid

13



3.1. EXPANDED TRAINING

fall-off of accurag above 48 bits. In orderto betterunderstandow this fall-off would
behae with differenttypesof data,we setoutto performthe sameexperimentwith even
moredata.

3.1 ExpandedTraining

By addinga few moredocumentswe increasedhe size of our training setby a factor
of eight. As shown in Figure 3.3, we obsened a consistentossin accurag alongwith
anincreasen speedup.Thelossin accurag canmostlikely be attributedto the new
trainingdocumentsaving lessin commonwith thetestingdocumenthantheold training
documents.

In orderto betterunderstandhe increasen speedupijt is importantto understand
thatthe speedugdactoris computedasthe numberof distancecomputationgperformed
in “brute-force” KNN divided by the numberof distancecomputationgperformedoby the
hashingclassi er. Thus, Figure 3.3 shavs that the numberof computationgperformed
by the hashingclassi ed doesnot grow asquickly asthatof KNN. We believe thatthe
larger datasetexperiencedh greaterspeedupecausehe dataaddedwaslessrelevantto
thetestingdatathantheoriginal trainingset. Thus,mostof the new datahashednto cells
thatnever camein contactwith testingdata. This wouldn't matterwith traditionalkNN,
but with our hashingmethod theclassi cationcanbe performedmuchmorequickly.

We alsoplottedthenumberof cellsusedfor varyingBIA sizes(Figure3.4). Although
we'd needto performthis analysison awider variety of datasetsin orderto make strong
claimsaboutthebehaior, it is encouraginghatthemethochasnotyieldedanexponential
blowup in the numberof cells used. Previous analysishad shavn the expansionto be
approximatelycubicin theareabetweerBIA sizes2 and6.

As we gatherednoredata,the decisionwasmadeto increasehe sizeof thetraining
datasetwhile keepingthe testingdatasetlimited to one document. 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
adwantage.On the otherhand,the size of the datagot to the point wherethe systemwas

14



3.1. EXPANDED TRAINING

Figure3.3: Speedupactorandpercentorrectfor ourinitial, smalley test(solid line with
diamonds)yandour second|arger, test(dashedine with squares).

Figure3.4: The numberof cells usedfor varying BIA, with an exponentialscale. This
cunve is sub-eponential whichis promising.
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3.2. NEW TRAINING AND TESTING

Figure3.5: Tradeofs betweeraccurag andspeed-upasa functionof thesizeof thebit-
interleavred addresgin bytes)usingthe new dataset. This new datayieldedfar smaller
speedupshantheolderdata.

thrashingandthe processvasno longerlO-bound.

3.2 NewTraining and Testing

Oneof the mostimportantproblemswe hadwith the larger datasetwasthatthe docu-
mentsaddedwerefrom a differentsourcethanthe original set,thuscalling into question
ary inferencegyainedfrom thoseexperiments.With this in mind, we setout to createa
similarly sizedsetof documentghatcould be usedfor testingthatwould avoid duplicat-
ing this problem. Sinceclassi cationat pixel granularityexpandsvery quickly, we only
neededa few documentsthusthey werecreatedby hand. A smallsetof typefaceswere
used,mixedwith a few photographsndsomehandwriting. We againchoseto useone
documenfor testingandthe othersfor training. This datasetwasusedfor theremainder
of theexperiments.

The resultsfrom the subsequenéxperimentswere less promising, though equally
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3.2. NEW TRAINING AND TESTING

interesting.As Figure 3.5 shaws, accurag droppedoff in almostexactly the sameway
asasit did with the older data(seeFigure 3.1), but speedupid not increaseasquickly
aswe had hoped. We believe this behaior to be causedby the similarity amongthe
documentaised. Sincethe training andtestingsethave somuchin common(they were
generatedn the sameprogram,scannedy the samescanneretc.), mary of the points
arelikely to hashinto mary of thesamecells,evenasthesizeof theBIA increasesThus,
sincethe pointsarestill hashingnto occupiedcells,speedups minimizedbecausenore
distancecomputationgnust be done. The lack of an exponentialincreasein speedup
betweerb and8 bytesis especiallysigni cant, andagainmostlik ely symptomaticof the
characteristicef the dataset. This sortof resultsuggestshatthis methodis bestsuited
to datasetsthat have a wide variety of documentqualities. Whenthis is the case,it is
morelik ely thateachcell will have a smallernumberof trainingpointscomparedo data
setswith homogeneoudata. Furthertestingon differenttypesof datasetsmustbe done
in orderto betterunderstandhis phenomenon.
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Chapter 4
Filter ed Training

Performingclassi cationwith the larger datasetswasproblematichecaus¢he memory
usageof the classi er becamesxcessve. This causedhe systemto thrash,signi cantly
slowing classi cation. In orderto combatthis behaior, we proposea methodof Iter ed
trainingthatclassi esdatawithout keepingthetrainingsetin memory With this method,
we rst look at the (relatvely small) testingdata. Eachtestingpoint is storedin the
appropriateocationin the hashtable (just asthe training datahad beenstoredin Bit-
Interleaved Classi cation). Whenthe training datais thenloaded,pointsthat hashinto
emptycellscansafelybeignoredsincetheres notestingdatanearthem. Trainingpoints
that hashinto cells that alreadycontaintesting points mustthen annotatethosetesting
pointswith their classanddistancerom thattestingpoint (if they're amongthe closesk
trainingpoints). Thisannotatiormeanghatthestorageequirementarenow independent
of thesizeof thetrainingdata(O(m) wherem is thesizeof thetestingdata,whend is held
constant)sinceonly onetraining point mustbe storedin memoryat atime. Meanwhile,
theamountof hashingoperationanddistancecomputationsemainexactly thesame.
We foundthis techniqueto be very useful,asit ensuredhatclassi cationwith large
training setswasonceagainCPU-bound.While preciseperformancecharacterizatiors
notthegoalof thisthesiswe do believe thatthis Itering methodhasthe potentialto de-
liver a signi cant performancéoostin mary casesWe tested ltering onthetwo large
datasetsusedin previous experiments.As expected wereableto completeour experi-
mentsmorequickly thanbefore,and mostimportantlythe amountof memoryusedwas
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Figure4.1: Thepercentagef trainingpointsdiscardedluring Itered trainingfor varying
bytesof BIA. As expectedtheolderdatawasableto morequickly sheda large portion
of its data,resultingin alargerspeedup.

vastly reduced. Additionally, the outputwasidentical exceptfor sometie-breakingin-
stancesThisdifferences notsigni cant becausé¢hetie-breakingoroceduras unde ned
in bothmethodsandshouldnot biasthe performance.

Filteredtraining allowed useto take a differentperspectie on the dataandexamine
how mary training pointswere never used. Although this sort of analysiswas already
possiblewith olderclassi ers, ltered traininglendsitself to this datacollectionbecause
anunusedraining sampleis onethathashesnto anemptycell andis subsequentlygis-
carded.Figure4.1 shavs the percentag®f training pointsdiscardedusingthe two most
recentdatasets. Not surprisingly the datasetthat enjoyed hugespeedupsery quickly
(old data)wasableto discarda large numberof training pointsvery quickly, while the
new datasetdid not discardasmary points. This supportsour intuition thatthe homo-
geneityof thenew datasetis whatcausedherelatively poorperformancethoughfurther
experimentatiorshouldbe donein orderto re ne this claim.
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Chapter 5

Conclusion

5.1 Discussion

We have investigatedalgorithmsfor fastapproximatenearest-neighbordassi cation of
dataarisingin a digital librariescontext whereeachpixel in animageof a documents
to beclassi edaccordingo thedominantcontentype—machine-printext, handwriting,
photographsetc—presenin the smallregion aroundthe pixel. Our principal resultsare
empirical performancesvaluationandanalysisof a family of non-adaptie k-d treedata
structurespedup by meansf hashtechniquesThenon-adaptie k-d treewe usedonly
approximatesrue KNN but it allows, in principle,high speedsearch We investigatedit-
interleaved addressindor k-D treebins, to allow fastaccesssia hashing.We obsered
thatthe growth of the k-d treedatastructureon thesedatawasnot exponentialin thesize
of thetrainingset,asis possiblen theworstcase put wasalow-orderpolynomialandas
aresulthash-tabledatstructuresizesweretractablein practice thoughwe expectthatfor
largerexperimentssomeform of pagingof hash-tableandtrainingdatawill berequired
to avoid seriousthrashing.We alsoinvestigated ltering” methodswheretestdataare
hashedn rst, thentrainingdatais readandcomparedo it (this reverseghetraditional
order): this led to vastly reducedmain-memorydemandswith resultingspeed-upsand
with nolossin accurag. For thesemethodsve measureérangeof tradeofs of accurag
for speedwhile they aredrasticattheextremeswe foundthatlarge speed-upgof factors
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5.2. FUTUREWORK

of 1000r more)do not alwayssacri ce muchaccurag.

5.2 FutureWork

As we examinedthe resultsof our work, speci cally the sourcesof errors,mary ideas
aroseregardingothermethodghatmay helpto alleviatetheseerrors.We hopethatthese
directionsmay be exploredin thefuture.

5.2.1 Fallback Hashing

As partition sizedecreasegjnclassi ableerrors(whenatestpointis in anempty parti-
tion) rapidly dominatethe error rate (seeFigure 3.2). In thesecasesjt may be adwan-
tageoudo have somesort of fallback procedureinsteadof giving up. Speci cally, we
wouldlike to “zoom out” andsearcha cell thathasmoretraining points. This will sacri-
ce someof the speedumffordedby the small partition size,but we hopethatthe price
paidin speednaybeworthwhileif it buysasigni cant increasen accurag.

Oneof the rst dravbackswe discoreredwhen designingthis methodwas that it
couldnotbeusedeffectively with Itered training. For example,if we allowed8 levelsof
“zooming”, eachtestingpointwould have to belisted 8 times. Additionally, eachtraining
point would have to annotatethe pointsin all 8 of the cellsthatit hashesn to (sincean
arbitrarytestingpoint may meetanarbitrarytrainingpointatany zoomlevel). Thisleads
to somevery seriousproblemsf atestingpointandtraining point meetat multiple zoom
levels,notto mentionthatit sacri cesalot of thespeedyainedby hashing.

For fallbackhashingwe againchoseto discretizethe numberof bitsin the BIA used
(r) into bytes,thoughthereisn't a technicalreasona more granularapproachcouldnt
be used. As with the original hashingschemewe choosea valuefor r to representhe
maximumsize of the BIA usedwhenhashing.Insteadof placingeachtraining pointin
the correspondingell from hashingonr bits, we placeit in cellsfrom hashingon 8, 16,
24...r bits. Whentesting,thetestpointis hashedo a cell usingr bits of its BIA. If no
pointsarein thatcell, the classi er, “zoomsout” tor 8 bits andattemptsto classify
there,repeatinghezoomingoperationasneeded.
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5.2. FUTUREWORK

Thereis plenty of roomfor variationwith this method,suchasproviding fewer dis-
cretelevelsof fallbackin orderto consere memory While we wereunableto complete
the implementatiorof 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 keepingspacecompleity linear on the
sizeof thetestingset.In this method we wish to classifythek nearesheighborsandput
eachtestingpointinto a cell containingatleast] trainingpoints(asupportbaseline).

For this explanation,we will considerBIA sizesto be in bytes,thoughthereis no
technicalreasorwhy othergranularitiescouldnt be used. We startby hashingeachof
the testingpointsinto cellsusingBIA sizel. Eachtestingpoint containsk votes(with
distance& class,the sameaswith Filtered Training) andj promotions(which specify
destinationBIA levels,to beexplainedlater).

Onceall of thetestingpointshave beeninsertednto thehashtable,thetrainingpoints
areareadin, oneat a time. Eachtrainingpointis rst hashednto a cell usingBIA size
1. The point thenfollows the sameprocedureusedin Filtered Training to annotatethe
testingpointsin that cell with votes. In additionto this annotation the training point
offers promotionsto the testingpoints whereappropriate. A promotionto BIA sizeb
meanghatthe correspondingestingpointandtrainingpointhave identicalvaluesfor the
rst bbytesof theirBIA (andnomore).A promotionis addedo atestingpoint'slist only
if the promotionis greaterthanthe minimumon thelist. This meanghata testingpoint
canmove to the cell with BIA sizeM I N (promotions) andstill have atleastj training
pointsin the samecell (thoughnot physicallystoredthere).

For example,if a testingpointis moved to a cell with BIA size 3, it needsto do
somethingn orderto ensurethatsubsequentraining pointsmalke it down there. Thisis
donewith a“breadcrumbs”bit. This bit is setin any cell whereatestingpointhasbeen
moved to anotherBIA level. Whentraining points seethis bit setin their currentcell,
they rst classifythe pointsin the currentcell (asdescribedabore), andthenincrement

22



5.2. FUTUREWORK

their BIA sizeandcontinuethe operation. A cell that hasbeenemptiedby promotions
will still exist asa hashentrybecaus®f this breadcrumbsbit.

This methodhassomeuniquecharacteristicsTheclassi erwill performmoreslowly
on the earlier points, and will continueto speedup as classi cation continues. It also
doesmore manipulationwith the BIA values(for determiningpromotions)whichis an
increaseadomputationatost. Differentorderingof thetrainingpointsmayalsoaffectthe
results,sincea pair of pointson oppositesidesof a BIA split bordermight meetif the
testingpoint hasnot yet beenpromoted,but would mostlikely not meetif the training
point arriveslatein the process.Thoughslightly unpredictablethis behaior shoulddo
no worsethanFallbackHashing.

5.2.3 Cross-Listing

Another perhapdessimportant,sourceof errorsin ourapproachs borderissues Thebit-
interlearedclassi er only searcheghelist of pointsin the samepartitionasthetestpoint
(x), butit doesnt searchpointsin adjacenpartitions.Someof thepointsin theseadjacent
partitionsmaybecloserto x thanthepointsin its own partition. Thus,if wecan nd away
to considerpointsin the samepartitionasx aswell aspointson the bordersof adjacent
partitions,it may be possibleto improve accurag of the bit-interleavedclassi er. There
is someconcernthatary attemptto solve suchborderissueswill resultin a signi cant
increasein the time and spacerequirementdor classi cation, but we believe it to be
worthy of investigation.
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