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ABSTRACT

Phylogeniegthatis, tree-of-liferelationshipsyerivedfrom geneorderdatamay prove crucialin answeringsomefundamental
openquestionsin biomolecularevolution. Real-world interestis strongin determiningtheserelationships. For example,
pharmaceuticatompaniesnayusephylogery reconstructiorin drugdiscoveryfor nding plantswith similargeneproduction.
Health organizationsstudy the evolution and spreadof virusessuchasHIV to gain understandingf future outbreaks.And

governmentareinterestedn aidingthe productionof foodstufs like rice, wheat,andcorn,by understandinghe geneticcode.
Yet very few techniquesare availablefor suchphylogenetiaeconstructions Appropriatetools for analyzingsuchdatamay

helpresolhe somedif cult phylogenetiaeconstructiorproblems;jndeed this new sourceof datahasbeenembracedy mary

biologistsin their phylogenetiavork.

With therapidaccumulatiorof wholegenomesequencefor awide diversity of taxa,phylogenetiaeconstructiorbasecbn
changesn geneorderandgenecontentis shaving promise particularlyfor resolvingdeep(i.e., old) branchesHowever, re-
constructiorfrom gene-ordedatais evenmorecomputationallyintensive thanreconstructioffrom sequenceélata,particularly
in groupswith large numberof genesandhighly rearrangedienomesWe have developeda softwaresuite, GRAPR, thatex-
tendsthe breakpointanalysigBPAnalysis)methodof Sanloff andBlanchettevhile runningmuchfaster:in arecentanalysisof
acollectionof chloroplastatafor specieof Campanulaceagna512-processdrinux superclustewith Myrinet, we achieved
a one-million-fold speedupmver BPAnalysis. GRAPRA currently canuseeitherbreakpointor inversiondistance(computed
exactly) for its computatiorandrunson single-processanachinesaswell asparallelandhigh-performanceomputers.

Keywords: high-performanceomputing,computationajenomicsphylogery reconstructionbreakpointanalysisgenerear
rangementdrugdiscovery

1. INTRODUCTION

Curiosityabouttheoriginsof speciesndtheirevolutionaryhistoryhasmotivatedmary biologistsandnaturalhistoriango study
phylogeneticsPhylogeneticattemptgo reconstructfrom dataabouta collectionof modernspeciesa plausibleevolutionary
history for the group, a history thatis mostoftenrepresentedy a bifurcating (binary) tree, calleda phylogery. Today such
phylogeniesarereconstructedrom molecularandgeneticdatawith the help of computersaandareproving to beessentiatools
in the pharmaceuticahdustry

In this paperwe brie y introducephylogeniessurey someof themainreconstructioomethodsandthedatathey use then
list someof the mostprominentindustrialusesof phylogetry reconstructionmostof which necessitatedigni cant computing
efforts. We thenpresentsomeof our own work in reconstructingphylogeniefrom gene-ordedata,work thatresultedin the
widely usedsoftwaresuite GRAPR, discussinghe high-performancaspect®f our designandourimplementation.

The organizationof this paperis asfollows. Section2 introducesphylogenieswhile Section3 sureys existing commer
cial applicationsof phylogery reconstructionand Section4 brie y reviews the principal computationamethodsusedin the
reconstructiorof phylogenies.Section5 givesan overview of algorithmengineeringan emeging disciplinethat addresses
methodologie®y which modernalgorithmdesignscanbetransformednto ef cient androbustcode.Section6 illustratesthis
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Figure 1. Two phylogeniessomeplantsof the Campanulaceatamily (left) andsomeHerpesvirusesaffectinghumangright)

approachaswasappliedby memberf our groupto anexisting stratey for phylogery reconstructiorirom gene-ordedata—
startingwith the methodof breakpointanalysisof Sanloff andBlanchetté andproducingthe softwaresuitecalledGRAPRA
(seege.g.?), whichrunsatleastthreeordersof magnitudefasterandparallelizesxtremelywell.® Section7 concludeswith our
personatake onthecurrentimpactof high-performanceomputingappliedto discreteoptimizationproblemsn computational
biology

2. PHYLOGENIES

A phylogely is areconstructiorof the evolutionaryhistory of a collectionof organismsjt usuallytakesthe form of anevolu-
tionarytree,in which modernorganismsareplacedattheleavesandancestrabrganismsoccuyy internalnodeswith theedges
of thetreedenotingevolutionaryrelationshipsFigure 1 showvs two proposedhylogeniespnefor several speciesf the Cam-
panulaceadbluebell o wer) family andthe otherfor Herpesvirusesthatareknown to affecthumans.In the left-hand gure,
estimatef evolutionarydistanceare usedto label eachedge;in the right-hand gure, the lengthof eachedgeis scaledto
representhatdistance Neitherphylogery shavsthepossiblecharacteristicef ancestraspeciesattheinternalnodesalthough
somephylogery reconstructiongaswe shallsee)infer suchcharacteristics.

Reconstructingghylogeniess a majorcomponenbdbf modernresearctprogramsn mary areaof biology andmedicine(as
well aslinguistics). Scientistsare of courseinterestedn phylogeniedor the usualreason®f scienti ¢ curiosity. An under
standingof evolutionarymechanismandrelationshipss atthe heartof modernpharmaceuticalesearcHor drugdiscovery, is
helpingresearcherdevelop defensesgainstrapidly mutatingvirusessuchasHIV, is at the basisof the designof genetically
enhancearganismsetc. In developingsuchanunderstandinghe reconstructiorof phylogenieds a crucialtool, asit allows
oneto testnew modelsof evolution.

3. COMMERCIAL ASPECTSOF PHYLOGENY RECONSTRUCTION

Simpleidenti cation of organismsvia phylogery has,to date,yieldedmorepatent lings thanary otheruseof phylogery in
industry Justasa public healthentomologisimight keepa referencecollectionof mosquitoesr ticks to aid in identi cation,
so do mary industry bioinformaticianskeep collectionsof genesequences.When a microomganismof unknavn origin is
discovered,the nal identi cation is generallydonevia sequencinglf the genesequencdrom the organismof interestdoes
not matcha sequencalreadyin the collection,inferenceof closerelativesto thatorganismis donevia phylogery. Sequence
motifs uniqueto thatorganismor to a speci ¢ phylogenetiggroupareoftenthenpatentecasa meansf identi cation for that
organismor group. Examplesncludesequencenotifs usedfor identi cation of closerelativesof Mycobacteriuntuberculosis
in sputumcultureandfor differentiatingamongtuberculosistrains(GenProbel 991,1992)4°

A moreunusuabpplicationof phylogeneti@analysigto a practicalproblemis its usein studyingthe dynamicsof microbial
communities. Engelenet al. (1998f sequencedjenesto identify and quantify microbesin soil before and after pesticide
exposure.Becausenary microbesn mary suchpopulationstudiesarenovel, theirgenesequencearestudiedphylogenetically
in orderto understandhe compositionof the communitythroughouthe experiment.

Phylogeneti@nalysishasheenusedin vaccinedevelopmentWhenavaccines developedit is oftenspeci c to aparticular
variantof acell wall or proteincoatcomponentHalbur etal. (1994) usedphylogenetianalysigo infer thatporcinereproduc-
tive andrespiratorysyndromevirus isolatesrom the US andEuropewerefrom separat@opulationsandthusengineeredheir
vaccineto conferimmunity againsbothpopulationsin the continuingeffort to developHIV vaccinesthepopulationdynamics



of HIV arestudiedby examiningDNA markerswhich originatefrom disparatepopulations;nitial populationboundariesre
thenestablisheavith phylogenetianalysis(GenProbe]1993)8

Thephylogenetidistribution of biochemicapathways(Overbeeketal., 2000) is studiedin the developmenbf antibacte-
rialsandherbicides Glyphosatgbetterknown asRoundupRodecandPondmastenyvasthe rst herbicidespeci cally targeted
atapathway, theshikimatepathway, becaus¢hatpathwayis not presentn mammalgGrossbardéndAtkins, 1985)1° Because
plantsandsomemicrobesrely on this pathway, they arekilled by glyphosate Antimicrobialstargetingthe shikimatepathway
arealsobeingdeveloped(Robertsetal., 1998)1! In thepharmaceuticahdustry the phylogenetiaistribution of a pathway is
oftenstudiedbeforea drugis developedn orderto understandhe effective rangeof anantimicrobialtargetedat thatpathway'?
(Brown andWarren,1998). Themevalonatepathway wasidenti ed by Wilding etal. (2000)® asatargetfor drugdevelopment
for gram positive cocci-speci c antimicrobials. Thesebacteriacontaingenesfrom the eukaryoticmevalonatepathway that
were capturedby the ancestorgo this groupof bacteriamillions of yearsago. The microbial geneshave divergedto suchan
extentthatthis pathway canbetargetedseparatelyn thesemicrobesfrom our own mevalonatepathway.

Finally, phylogeneticanalysisis usedin the pharmaceuticaindustry for predictingthe naturalligandsfor cell surface
receptoravhich are potentialdrug targets. Justasthe speciationprocesgproduceshierarchicalineagedrom a singlespecies,
socanaproces®f duplicationanddivergenceproducehierarchicallyrelatedgenefamiliesfrom asingleancestrafjene.Several
large genefamiliescontaindrug receptors.In fact, a singlefamily, the G proteincoupledreceptord GPCRs)containsmore
than40% of the targetsof mostpharmaceuticatompanies NeuromedinU, a potentneuropeptidehat causesontractionof
smoothmuscle,was(correctly) predictedphylogeneticallyto be a possibleligand for FM3 an orphanGPCR(Szelereset al.,
2000)14 Chamberstal. (2000)"° usedphylogeniedo infer a classof modi ed nucleotidesasligandsfor a small group of
GPCRs.UDP-glucoseandrelatedmoleculesjnvolvedin carbohydratdiosynthesiswereshavn to beligandsfor KIAAOOO1.
Zhuetal. (2001)'6 predictedandcon rmed not only the ligand but alsothe pharmacologyf a novel GPCRfor histaminevia
phylogery.

Thusphylogery reconstructioris asigni cant taskwithin theresearchlepartmentsf pharmaceuticadompanies.

4. COMPUTATIONAL PHYLOGENETICS

Phylogeniesave beenreconstructedby hand”for over a centuryby taxonomistsusingmorphologicalcharacterandbasic
principlesof geneticinheritance With theadwentof moleculardata,however, it hasbecomenecessaryo developalgorithmsto
reconstrucphylogeniedrom the very large amountof datamadeavailablethroughDNA sequencingamino-acidandprotein
characterizatiorgeneexpressiordata,andwhole-genomelescriptions.

Until recently mostof the researcHfocusedon the developmentof methodsfor phylogery reconstructiorfrom DNA se-
guencegwhich canberegardedasstringson a 4-charactealphabet) usinga modelof evolution basedmostly on nucleotide
substitution.Becauseamino-acidsthe building blocksof life, arecodedby substringsof four nucleotidesknown ascodons,
the samemethodswere naturally extendedto sequencesf codons(which canbe regardedas stringson an alphabetof 22
characters—irspite of the 64 possiblecodes,only 22 amino-acidsare encoded,with mary codesrepresentinghe same
amino-acid). Proteins,which are built from amino-acidsarethe naturalnext level, but are proving dif cult to characterize
in evolutionaryterms. Recently anothertype of datahasbeenmadeavailablethroughthe characterizatiomf entiregenomes:
genecontentandgeneorderdata. For someorganisms suchashuman,mouse fruit y , andseveral plantsandlower-order
organismsaswell asfor alarge collectionof organellegmitochondriathe animalcells' “enemgy factories”,andchloroplasts,
theplantcells' “photosynthesi$actories”),we have afairly completedescriptionof the entiregenomegeneby gene.Because
plausiblemechanismef evolution includegenerearrangementuplication,andloss,andbecausevolution at this level (the
“genomelevel”) is muchslower thanevolution drivenby mutationsin the nucleotidebasepairs(the “genelevel”) andsomay
enableusto recover deepevolutionaryrelationshipstherehasbeenconsiderablénterestin the phylogery communityin the
developmentof algorithmsfor reconstructingphylogenieshasedon geneorderor genecontent. Appropriatetools for analyz-
ing suchdatamay help resohe somedif cult phylogenetiaeconstructiorproblems particularlythosedealingwith so-called
“deep” evolutionaryquestions—i.e.ancienteventsin evolutionaryhistory—becaussuchchangesn the genomeare consid-
erablyrarerthanalterationgn the DNA sequencesThis new sourceof datahasthereforebeenembracedy mary biologists
in their phylogenetiovork,1~19 in spiteof the factthatits analysisis considerablymoredif cult thanthe analysisof DNA
sequencelata. Thereis no doubtthat, asour understandingf evolution improves,yet newer (and probablymore comple)
typesof datawill becollectedandwell needto beanalyzedn phylogery reconstruction.

To date,almostevery modelof evolution proposedor modellingphylogeniegjivesriseto NP-hardoptimizationproblems.
Threemain lines of work have evolved: more or lessad hoc heuristics(a naturalconsequencef the NP-hardnes®f the
problems)thatrun quickly, but offer no quality guaranteesandmay not even have a well de ned optimizationcriterion, such



asthe popularneighbokjoining heuristi®; optimizationproblemsbasedn a parsimonycriterion,which seekshe phylogery
with the leasttotal amountof changeneededo explain moderndata(a modernversionof Occams razor); and optimization
problemsbasedon a maximumlikelihood criterion, which seeksthe phylogery thatis the mostlikely (undersomesuitable
statisticalmodel)to have givenrise to the moderndata. Ad hoc heuristicsare fastand often rival the optimizationmethods
in termsof accurag; parsimoly-basedmethodsmay take exponentialtime, but, at leastfor DNA data,can often be run to
completionon datasetof moderatesize; while methodsbasedon maximum-likelihoodare very slow (the point estimation
problemaloneappearsntractable)andsorestrictedto very smallinstancesbut appearcapableof outperformingthe othersin
termsof the quality of solutions.In the caseof gene-ordedata,however, only parsimoly criteria have beenproposedsofar:
we do notyet have detailedenoughmodels(or waysto estimatetheir parametersfor usinga maximum-likelihoodapproach.

5. HIGH-PERFORMANCE APPROACHES IN DISCRETE ALGORITHMS

The term “algorithm engineering’was rst usedwith speci city in 1997, with the organizationof the rst Workshopon Al-
gorithm Engineering(WAE 97). Sincethen,this workshophastaken placeevery summerin Europeanda parallelonestarted
in the US in 1999,the Workshopon Algorithm Engineeringand ExperimentfALENEX99) which hastaken placeevery win-
ter, colocatedwith the ACM/SIAM Symposiunon Discrete Algorithms(SODA). Algorithm engineeringefersto the process
requiredto transforma pencil-and-papealgorithminto arobust, ef cient, well tested andeasilyusableimplementationThus
it encompassea numberof topics, from modelling cachebehaior to the principlesof good software engineeringits main
focus,however, is experimentationin thatsenseit maybeviewedasarecentoutgrovth of Experimentallgorithmics which
is speci cally devotedto the developmentof methodstools, andpracticesfor assessingndre ning algorithmsthroughex-
perimentation.The online ACM Journal of ExperimentalAlgorithmics(JEA), at URL www.jea.acm.org , is devotedto this
area.

High-performancealgorithmengineerindocusesononeof themary facetsof algorithmengineeringThehigh-performance
aspectdoesnotimmediatelyimply parallelism;in fact,in ary highly paralleltask,mostof theimpactof high-performanceal-
gorithm engineeringendsto comefrom re ning the serialpart of the code. For instancejn the examplewe will usein the
next section the million-fold speed-upvasachievzedthrougha combinationof a 512-fold speeduplueto parallelism(onethat
will scaleto any numberof processorsanda 2,000-foldspeedugn the serial executionof the code. (For more detailson
high-performancalgorithmengineeringsit appliesto computationabiology, see?!)

All of thetoolsandtechniqueslevelopedoverthelast veyeardsfor algorithmengineeringreapplicablgo high-performance
algorithmengineering.However, mary of thesetools needfurther re nement. For example,cache-aare programmings a
key to performancéparticularlywith high-performancenachineswhich have deepmemaoryhierarchies)yetit is notyetwell
understoodin partthroughlack of suitabletools (few processochipshave built-in hardwareto gatherstatisticsonthebehaior
of cachingwhile simulatordeave muchto bedesired)andin partbecaus®f complex machine-dependergsuegrecentefforts
at cache-independemigorithmdesigrf?2 may offer somenew solutions).As anotherexample,pro ling a runningprogram
offers seriouschallengesn a serialenvironment(ary pro ling tool affectsthe behaior of whatis beingobsened), but these
challengegpalein comparisorwith thosearisingin a parallelor distributedenvironment(for instancemeasuringgcommunica-
tion bottlenecksmayrequirehardwareassistancérom the network switchesor at leastreprogramminghem,whichis sureto
affecttheir behaior).

6. AN ILLUSTRA TION: A HIGH-PERFORMANCE SOFTWARE SUITE FOR RECONSTRUCTING
PHYLOGENIES FROM GENE-ORDER DATA

6.1. Gene-OrderData

Reconstructiorirom gene-ordedatais arelatively new ende&or, asit is only recentlythata signi cant numberof genomes
have beenfully mappedat the genelevel. Most suchdatacomefrom mitochondrialand chloroplastgenomes.Chloroplasts
andmitochondriaaresingle-chromosomerganelleghatlive within plantandanimalcellsandproducethe enegy requiredby
thecell. They have relatively smallgenomegtypically 37 genesfor mitochondriaandaround120 genesfor chloroplastjand
tendto have the samecollectionof genesn mostorganismdan which they appear Thus,for instance humansmice, andfruit
ies have mitochondriawith exactly the same37 genesput the threemitochondriadiffer in geneorder(one small difference
betweerhumansand mice, a muchmore complex rearrangemerttetweerhumansandfruit ies). Note thatgenesare most
oftendirectional: thatis, they canonly be transcribedrom onespeci ¢ endto the other; but they may not appeamwith the
samepolarity alongthe chromosomeso biologistsrepresentheir polarity with a signandthus canrepresent chromosome
asanorderingof signedintegers,with eachintegerassociatedavith a speci ¢ gene.The evolutionaryprocesgshatoperate®n
thechromosomavithout changingts genecontentandnumberincludesinversionstranspositionsandinvertedtranspositions,



eachof which correspondgo a breakagdan the DNA (in two or threeplaces)thatis repairedwith a placementerror—for
instanceijf the strandbreaksin two placesthefragmentbetweerthe breakscanbereattachedvith the endsswitched creating
aninversion.

6.2. Approachego PhylogenyReconstructionfrom GeneOrders

A naturaloptimizationproblemfor phylogery reconstructiorfrom this type of datais to reconstructhe mostparsimonious
tree,the evolutionarytreewith the minimumnumberof permittedevolutionaryevents(from amonginversionstranspositions,
andinvertedtranspositions)For ary choiceof permittedevents,sucha problemis computationallywery intensize (known or
conjecturedo be NP-hard);worse,to date,no good algorithms(ef cient or not) exist for solving suchproblems. Another
approachs rst to estimatdeaf-to-leafdistancegbaseduponsomemetric) betweerall genomesandthento usea standard
distance-basedeuristicsuchasneighborjoining2° to constructhetree. Suchapproachearequitefastandmayprovevaluable
in reconstructingheunderlyingtree,but cannotrecovertheancestrafjeneorders.A third approachs to encodehegene-order
dataassequencesf characterandusestandarcparsimory methodso reconstruct treefrom thesesequences?°

Blanchetteet al.?® developeda direct approachwhich they called breakpointphylogeny, for the specialcasein which
the genomesall have the samesetof genesand eachgeneappearsonce. This specialcaseis of interestto biologists,who
hypothesizehat inversions(which can affect geneorder, but not genecontent)are the main evolutionary mechanisnfor a
rangeof genome®r chromosomeschloroplastmitochondriahumanX chromosomegtc.) Simulationstudieswve conducted
suggestedhatthis approachworkswell for certaindatasetgi.e., it obtainstreesthatarecloseto the modeltree),but thatthe
implementatiordevelopedby Sanloff andBlanchette the BPAnalysis ~ software} is too slow to be usedon arything other
thansmalldatasetsvith afew genes?*2°

6.3. Breakpoint Analysis

Wheneachgenomehasthe samesetof genesandeachgeneappearsxactly once,agenomecanbe describedy anordering
(circularor linear) of thesegenesgachgenegivenwith anorientationthatis eitherpositive (g;) or negative ( g;). Giventwo
genomess andGPon the samesetof genesa breakpointin G is de ned asan orderedpair of genes(g;; 0j), suchthatg; and
g; appearconsecutiely in thatorderin G, but neither(gi;g;) nor( g;; 0i) appearsonsecutiely in thatorderin G% The
breakpoindistancebetweertwo genomess the numberof breakpointdetweerthatpair of genomesThebreakpointscoreof
atreein which eachnodeis labelledby a signedorderingof geneds thenthe sumof the breakpointdistanceslongthe edges
of thetree.

Giventhreegenomesye de ne their medianto be a fourth genomethat minimizesthe sum of the breakpointdistances
betweerit andthe otherthree. The Median Problemfor Breakpointg MPB) is to constructsucha medianandis NP-hard?’
Sanloff andBlanchettedevelopeda reductionfrom MPB to the Travelling SalesmarProblem(TSP),perhapghe moststudied
of all optimizationproblems?® Theirreductionproducesanundirectednstanceof the TSPfrom the directedinstanceof MPB
by the standardechniqueof representingegachgeneby a pair of cities connectedoy an edgethat mustbe includedin ary
solution.

BPAnalysis (seeFigure?2) is the methoddevelopedby Blanchetteand Sanloff to solve the breakpointphylogery. Within

For all tree topologies do
Initially label all internal nodes with gene orders
Repeat
For each internal node Vv, with neighbors A, B, and C, do

Solve the MPB on A; B;C to yield label m
If relabelling v with mimproves the score of T, then do it

until no internal node can be relabelled

Return the best tree found

Figure 2. BPAnalysis

a framawvork thatenumeratesll trees,it usesaniterative heuristicto label the internalnodeswith signedgeneorders. This
procedureis computationallyvery intensve. The outerloop enumeratesll (2n  5)!! leaf-labelledtreeson n leaves, an



exponentiallylarge value. The inner loop runs an unknovn numberof iterations(until corvergence),with eachiteration
solving an instanceof the TSP (with a numberof cities equalto twice the numberof genes)at eachinternal node. The
computationatomplexity of the entire algorithmis thus exponentialin eac of the numberof genomesandthe numberof
geneswith signi cant coefcients. The procedureneverthelesgemainsa heuristic: eventhoughall treesare examinedand
eachMPB problemsolved exactly, thetree-labelingphasedoesnot ensureoptimality unlesghetreehasonly threeleaves.

6.4. Re-EngineeringBPAnalysisfor Speed

Pro ling Algorithmic engineeringuggestsre nementcycle in whichthebehaior of thecurrentimplementatioris studied
in orderto identify problemareaswhich can include excessve resourceconsumptionor poor results. We usedextensve
pro ling andtestingthroughoubur developmentycle, which allowedusto identify andeliminatea numberof suchproblems.
For instance corverting the MPB into a TSP instancedominatesthe runningtime wheneer the TSP instancesare not too
hardto solve. Thuswe lavishedmuchattentionon that routine,down to the level of hand-unrollingloopsto avoid modulo
computationsandallowing reuseof intermediateexpressionswe cut the runningtime of thatroutinedown by a factorof at
leastsix—andtherebynearlytripled the speedf theoverall code.We lavishedequalattentionon distancecomputationgndon
thecomputatiorof thelower bound,with similarresults.Constanpro ling is thekey to suchanapproachbecaus¢heidentity
of the principal “culprits” in time consumptiorchangesfter eachimprovement so thatattentionmustshift to differentparts
of the codeduring the process—includingevisiting alreadyimprovedcodefor furtherimprovements.Thesestepsprovideda
speed-uppy oneorderof magnitudeon the Campanulaceadataset.

Cache Awareness Theoriginal BPAnalysis is writtenin C++ andusesa space-intense full distancematrix, aswell as
mary otherdatastructures.It hasa signi cant memoryfootprint (over 60MB whenrunningon the Campanulaceadataset)
andpoorlocality (a working setsizeof about12MB). Our implementatiorhasa tiny memoryfootprint (1.8MB on the Cam-

panulaceaelatasetpndgoodlocality (all of our storages in arrayspreallocatedn the mainroutineandretainedandreused
throughoutthe computation) which enabledt to run almostcompletelyin cache(the working setsizeis lessthan 600KB).

Cachdocality canbeimprovedby returningto a FORTRAN-style of programmingin which storages static,in whichrecords
(structures/classegye avoidedin favor of separatearrays,in which simpleiterative loopsthattraversean arraylinearly are
preferredover pointerdereferencingin which codeis replicatedto processacharrayseparatelyetc. While we cannotmea-
sureexactly how muchwe gainfrom this approachstudiesof cache-warealgorithmg®-34indicatethatthe gainis likely to be
substantial—dictorsof anywherefrom 2 to 40 have beenreported New memoryhierarchieshaw differencesn speedetween
cacheandmainmemorythatexceedtwo ordersof magnitude.

Low-Level Algorithmic Changes Unlesstheoriginalimplementations poor(whichwasnotthe casewith BPAnalysis ),

pro ling andcache-avare programmingwill rarely provide morethantwo ordersof magnitudein speed-up.Furthergains
canoften be obtainedby low-level improvementin the algorithmicdetails. In our phylogeneticsoftware, we madetwo such
improvements.The basicalgorithm scoresevery singletree,which is clearly very wasteful;we useda simplelower bound,
computablen lineartime, to enableusto eliminatea treewithout scoringit. On the Campanulaceadatasetthis bounding
eliminatesover 95% of thetreeswithout scoringthem,resultingin a ve-fold speed-up.The TSP solver we wroteis at heart
the samebasicinclude/excludesearchasin BPAnalysis , but we took advantageof the natureof the instancesreatedby the
reductionto make the solver muchmoreef cient, resultingin a speed-upy a factorof 5-10. Theseimprovementsall spring
from a careful examinationof exactly whatinformationis readily available or easily computableat eachstageand from a
deliberatesffort to make useof all suchinformation.

6.5. A High-Performance Implementation

Our resultingimplementationGRAPR, T incorporatesall of the re nementsmentionedabove, plus othersspeci cally made
to enablethe codeto run ef ciently in parallel(se€ for details). Becausehe basicalgorithmenumeratesndindependently
scoresevery tree, it presentohbvious parallelism: we canhave eachprocessohandlea subsebf the trees. In orderto do so
ef ciently , we needto imposealinearorderingonthesetof all possiblereesanddeviseageneratothatcanstartatanarbitrary
point alongthis ordering. Because¢he numberof treesis solarge, an arbitrarytreeindex would requireunbounded-precision
integers,considerablyslowing down treegeneration.Our solutionwasto designa tree generatothat startswith treeindex k
andgeneratesreeswith indicesf k+ cnj n2 N g, wherek andc areregularintegers,all without usingunbounded-precision

Thedoublefactorialis afactorialwith astepof 2, sowehave(2n 5)!'=(2n 5) (2n 7) ::: 3
TGenomeRearrangemernalysisthroughParsimory andotherPhylogenetidAlgorithms



arithmetic.Sucha generatoallows usto sampletreespacega very usefulfeaturein researchand,moreimportantly allows us
to useaclusterof ¢ processorsyhereprocessor,0 i ¢ 1,generateandscoregreeswith indicesfi+ cnjn2 Ng.

The University of New Mexico's AlbuquerqueHigh PerformanceComputingCenteroperateghe Alliance 512-processor
superclustercalled LosLobos(shavn in Figure 3). This platformis a clusterof 256 IBM Net nity 4500Rnodes,eachwith

Figure 3. Universityof New Mexico's LosLobosSuperCluster

dual 733 MHz Intel Pentiumlll processorand1 GB RAM, interconnectedby Myrinet 2000 switches. LosLobosrunsthe
Linux operatingsystem,andour experimentsusethe GNU C compilerversionegcs-2.91.66@ptimizedfor PentiumPro (-03
-mpentiumpro ), andMPICH v. 1.1.13librariesfor messag@assingoverthe Myrinet with Myricom GM v. 1.3.0drivers.

We ranGRAPR on LosLobosandobtaineda 512-fold speed-ugflinear speedupvith respecto thenumberof processors):
acompletebreakpointanalysigwith inversiondistancesjor the 13 genomesn the Campanulaceagatasetranin lessthan1.5
hours. Whencombinedwith the 2000-fold speedupbtainedthroughalgorithmengineeringpur run on the Campanulaceae
datasetlemonstrated million-fold speed-upverthe originalimplementatior?

In addition,we madesurethatgainsheldacrossawide variety of platformsandcompilers:we testedour codeunderLinux,
FreeBSD Solaris,andWindows, usingcompilersfrom GNU, the Portlandgroup,Intel (betarelease)Microsoft,andSun,and
runningthe resultingcodeon Pentium-and Sparc-basethachines.While thegcc compilerproducedmaminally fastercode
thantheothers the performanceve measureavascompletelyconsistenfrom oneplatformto the other

7. IMPACT IN COMPUTATIONAL BIOLOGY

Computationabiology presentsiaumerouscomplex optimizationproblems,suchas multiple sequencealignment,phylogery
reconstructiongcharacterizationf geneexpressionstructureprediction,etc. In addition,the very large databasegsedin com-
putationalbiology give riseto seriousalgorithmicengineeringproblemswhendesigninggueryalgorithmson thesedatabases.
While several programsin usein the area(suchasBLAST, seewww.ncbi.nim.nih.gov /BL AST/) have alreadybeenengi-
neeredor performancemostsuchefforts have beenmoreor lessad hoc. Theemegenceof adisciplineof algorithmengineer
ing®® is bringingusa collectionof toolsandpracticeghatcanbe appliedto almostary existing algorithmor softwarepackage
to speedup its execution,oftenby very signi cant factors.Whenthesetoolsandpracticesarejoinedto high-performancém-
plementationglesignedor modernparallelplatforms,enormougains(our exampleshavs six ordersof magnitude)mayresult.
While we illustratedthe approachandits potentialresultswith a speci ¢ programin phylogery reconstructiorbasedon gene
orderdata,we arenow in the procesof applyingthe sameto a collectionof fundamentamethodgsuchasbranch-and-bound
parsimoly or maximum-likelihoodestimation)aswell asnew algorithms.

Of course,even large speed-upsave only limited bene ts in theoreticaltermswhen appliedto NP-hardoptimization
problems: even our million-fold speed-upwnith GRAPRA only enablesus to move from about10 taxato 14 taxa. Yet the
very procesof algorithm engineeringoften uncoverssalientcharacteristicef the algorithmthat were overlooked in a less
carefulanalysisand may thus enableus to develop much betteralgorithms. In our case,while we were implementingthe



rathercomplex algorithmof BermanandHannenhallifor computingthe inversiondistancebetweertwo signedpermutations,
an algorithm that had not beenimplementedbefore, we cameto realizethat the algorithm could be simpli ed aswell as

acceleratedgeriving in the processhe rst true lineartime algorithmfor computingthesedistances®® We would not have

beentemptedo implementhis algorithmin the context of the original program which wasalreadymuchtoo slow whenusing

thesimplerbreakpoindistance Thusfasterexperimentatools,evenwhenthey proveincapableof scalingto “industrial-sized”

problemsneverthelesprovide crucial opportunitiedor exploringandunderstandinghe problemandits solutions.

Thuswe seetwo potentialmajorimpactsin computationabiology. First, the muchfasterimplementationswhenmature
enoughcanalterthe practiceof researchin biology andmedicine.For instancgpharmaceuticadompaniespendargebudgets
on computingequipmentandresearclpersonneto reconstrucphylogeniessa vital tool in drugdiscovery, yet maystill have
to wait a yearor morefor the resultsof certaincomputationsyeducingthe runningtime of suchanalysedrom a coupleof
yearsdown to a day would make a signi cant differencein the costand paceof drug discovery anddevelopment.Secondly
biologistsin researctaboratoriesroundtheworld usesoftwarefor dataanalysismuchof it rife with undocumentetieuristics
for speedingup the codeat the expenseof optimality, yet still slow for their purposes. Software that producessolutions
with known qualities(suchas approximationguaranteesand runs several ordersof magnitudefaster even whenit remains
impracticalfor real-world problemswould neverthelesenabletheseresearchero testsimplerscenarioscomparemodels,
developintuition on smallinstancesandperhapsvenform seriousconjecturegboutbiologicalmechanisms.
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