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Abstract

Phylogenetic trees play a major role in representing the evolutionary relationships among
groups of organisms. Their accurate reconstruction very often involves solving hard optimiza-
tion problems, particularly the maximum parsimony (MP) and maximum likelihood (ML)
problems. Various heuristics have been devised for solving these two problems; yet, they
obtain good results within reasonable time limits only on small datasets. This has been a
major limitation for large scale phylogeny reconstruction, and particularly efforts for assem-
bling the Tree of Life—the evolutionary relationship of all organisms on earth. Roshan et al.
have recently introduced Rec-I-DCM3, an efficient and accurate meta-method for solving
the MP problem on large datasets of up to 14,000 taxa. Nonetheless, a drastic improvement in
Rec-I-DCM3’s performance is still needed in order to achieve similar (or better) accuracy on
datasets at the scale of the Tree of Life. In this paper we address this issue in two ways. We in-
vestigate, through experiments on biological datasets, the optimal choice of parameters whose
values affect the performance of Rec-I-DCM3. Further, we improve the performance of
Rec-I-DCM3 via parallelization. Experimental results demonstrate that our parallel method,
PRec-I-DCM3, achieves significant improvements, both in speed and accuracy, over its se-
quential counterpart.

1 Intr oduction

Phylogeniesplayamajorrole in representingtheevolutionaryrelationshipsamonggroupsof taxa.
Their pervasivenesshasled biologists,mathematicians,andcomputerscientiststo developa wide
arrayof methodsfor their reconstruction.Oneof theoutstandingproblemsfacingbiology todayis
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thereconstructionof theTreeof Life—the evolutionaryhistoryof all organismson earth.Funda-
mentalto this reconstructionis theability to produce,within reasonabletimeconstraints,accurate
phylogeniesfor largedatasets(tensto hundredsof thousandsof taxa),sincetheTreeof Life itself is
estimatedto containtensto hundredsof millions of taxa.Themostcommonlyusedapproachesto
phylogeny reconstructionareheuristicsfor two hardoptimizationproblems,maximumparsimony
(MP) andmaximumlikelihood(ML). However, despitedecadesof researchandalgorithmdevel-
opment,acceptablyaccurateanalysesthatrun within a few daysof computationon oneprocessor
arenot currentlypossiblemuchbeyond a few thousandtaxafor MP anda few hundredtaxafor
ML—nor is it clearthatincreasingthecomputingpowerwill enabletheanalysisof largerdatasets,
astheaccuracy of theheuristicssteadilydecreaseswith increasingsizeof datasets.Polynomial-
time algorithmsdo exist (Neighbor-Joining[18] andUPGMA [11] arethebestknown examples),
but many experimentalstudieshaveshown thatsuchtreesarenotasaccurateasthoseproducedby
MP or ML analyses.As aresultof theimprovedaccuracy of MP approachesoverpolynomial-time
methodsandof thesigni®cantlylowercostof MP analysesascomparedto ML analyses,whichare
sometimesmoreaccurate,themajority of publishedphylogeniesto datehave beenderivedusing
MP-basedheuristics[19].

Whereas90–95%accuracy is often consideredexcellent in heuristicsfor hard optimization
problems,heuristicsusedin phylogeneticreconstructionmustbemuchmoreaccurate:Williams
andMoret foundthatsolutionsto MP thathadanerror ratelarger than0:01%(i.e., whoselength
exceededtheoptimallengthby morethan0:01%) producedtopologicallypoorestimatesof thetrue
tree[22]. Thus,heuristicsfor MP needat least99:99%accuracy (andprobablysigni®cantlymore
on very large datasets)in order to producetopologicallyaccuratetrees. Obtainingthis level of
accuracy while runningwithin areasonabletimepresentsastiff challengeto algorithmdevelopers.

In [17], Roshanet al. presenteda new techniquethatmakesit possibleto reachthat level of
accuracy on datasetsof large size—indeed,of sizesat leastoneorderof magnitudelarger than
could be analyzedbefore. Their technique,called Recursive-Iterative DCM3 (Rec-I-DCM3),
employsadivide-and-conquerstrategy thatcombinesrecursionanditerationwith anew variantof
theDisk-CoveringMethod(DCM) to ®nd highly accuratetreesquickly. Rec-I-DCM3 usesiter-
ationfor escapinglocal optima,thedivide-and-conquerapproachof theDCMs to reduceproblem
size,andrecursionto enablefurtherlocalizationandreductionin problemsize.A Rec-I-DCM3
searchnot only dramaticallyreducesthe sizeof the explored treespace,but also®nds a larger
fraction of MP treeswith betterscoresthan other methods. Roshanet al. demonstratedthe
power of Rec-I-DCM3 on ten largebiomolecularsequencedatasets,eachcontainingmorethan
1,000sequences(half containover 6,000sequencesand the largestcontainsalmost14,000se-
quences).Their studyshowedthatRec-I-DCM3 convincingly outperformedTNT [6]—the best
implementedMP heuristic—oftenby ordersof magnitude,on all datasetsandat all timesduring
thetimeperiod(usually24hours)allottedfor computation.

In order to be able to handlelarge datasetsat the scaleof the Tree of Life within reason-
abletime limits andwith high accuracy, the performanceof Rec-I-DCM3 hasto be improved
by ordersof magnitude. In this paper, we addressthe problemof large scalephylogenetictree
reconstructionby building on thesuccessof Rec-I-DCM3. Wehave investigated,throughexper-
imentson biologicaldatasets,thebestchoiceof parameterswhosevaluesaffect theperformance
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of Rec-I-DCM3. Further, we have designedandimplementeda parallelversionof themethod,
calledPRec-I-DCM3. We have testedPRec-I-DCM3 on the biologicaldatasetsusedin [17].
The resultswe obtainedshow a drasticimprovementin the performanceof the method.For ex-
ample,on thelargestdatasetusedby Roshanetal., Rec-I-DCM3 tookabout13hoursto ®nd the
MP treefoundby PRec-I-DCM3 within lessthanthreehours.Further, theparsimony scoresof
treescomputedby PRec-I-DCM3 areconsistentlybetterthanthosecomputedby Rec-I-DCM3
within thesameamountof time.

2 Maximum Parsimony

Theparsimony criterionis but are�ection of Occam'srazor:thetreewith theminimumnumberof
mutationsalongits branchesbestexplainsthedata.In thissection,wereview theformalde®nition
of themaximumparsimony problemandthelatestheuristicsfor solvingit.

Let S be a setof sequences,eachof lengthn, over a ®xed alphabet§ . Let T be a treeleaf-
labelledby thesetS andwith internalnodeslabelledby sequencesof lengthn over§ . Thelength
(or parsimonyscore) of T with this labelling is the sum, over all the edges,of the Hamming
distancesbetweenthe labelsat the endpointsof the edge. (The Hammingdistancebetweentwo
stringsof equallengthis thenumberof positionsin which thetwo stringsdiffer.) Thusthelength
of a treeis alsothe total numberof point mutationsalongthe edgesof the tree. The Maximum
Parsimony(MP) problemseeksthetreeT leaf-labelledby S with theminimumlength.While MP
is NP-hard[5], constructingtheoptimallabelingof theinternalnodesof a®xedtreeT canbedone
in polynomialtime [4].

2.1 Iterati ve Impr ovementMethods

Iterative improvementmethodsaresomeof themostpopularheuristicsin phylogeny reconstruc-
tion. A fast techniqueis usedto ®nd an initial tree, then a local searchmechanismis applied
repeatedlyin orderto ®nd treeswith abetterscore.Themostcommonlyusedlocalmove is called
Tree-Bisectionand Reconnection(TBR)[9]. In TBR, an edgeis removed from the given treeT
andeachpairof edgestouchingeachendpointmerged,therebycreatingtwo subtrees,t andT ¡ t;
thetwo subtreesarethenreconnectedby subdividing two edges(onein eachsubtree)andadding
anedgebetweenthenewly introducednodes.

The ParsimonyRatchet [13] is an iterative techniquethat combinesTBR with an interesting
approachto move out of local optima. Whena local optimumhasbeenreached,i.e., whenno
further improvementcanbemadethrougha TBR move, theinput dataaremodi®edby randomly
doublingp% of thesitesto producenew sequencesthatare1:p timeslongerthantheoriginal input
sequences.(Typically, p is 0.25.) Iterative improvementwith TBR is thenattemptedon thenew
data.Whenthisnew searchreachesa localoptimum,theadditionalsitesareremoved(revertingto
theoriginal sequencelength)anditerative improvementis resumedfrom this new con®guration.
Theparsimony ratchetis implementedin two softwarepackages,TNT [6] andPAUP* [20]. TNT
providesa fasterimplementation,but unlike PAUP*, it is not publicly available;neitherpackage
is open-source.
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2.2 Disk-Covering Methods

Disk-Covering Methods(DCMs) [7, 8, 12, 16, 21] area family of divide-and-conquermethods
designedto “boost” theperformanceof existing phylogeneticreconstructionmethods.All DCMs
proceedin four majorphases:(i) decomposingthedataset,(ii) solvingthesubproblems,(iii) merg-
ing the subproblems,and(iv) re®ningthe resultingtree. Variantsof DCMs comefrom different
decompositionmethods—thelast threephasesare unaffected. The ®rst DCM [7], also called
DCM1, wasdesignedfor usewith distance-basedmethodsandhasprovabletheoreticalguarantees
aboutthesequencelengthrequiredto reconstructthetruetreewith highprobabilityunderMarkov
modelsof evolution [21]. The secondDCM [8], alsocalledDCM2, wasdesignedto speedup
heuristicsearchesfor MP trees.

3 Rec-I-DCM3

DCM1 canbe viewed, in roughterms,asattemptingto produceoverlappingclustersof taxato
minimizethe intraclusterdiameter;it producesgoodsubproblems(smallenoughin size),but the
structureinducedby thedecompositionis oftenpoor. DCM2 computesa ®xedstructure(a graph
separator)to overcomethatdrawback,but theresultingsubproblemstendto be too large. More-
over, bothDCM1 andDCM2 operatesolely from the thematrix of estimatedpairwisedistances,
so that they canproduceonly one(up to tiebreaking)decomposition.In contrast,DCM3 usesa
dynamicallyupdatedguidetree(in practice,the currentestimateof the phylogeny) to direct the
decomposition—sothat DCM3 will producedifferent decompositionsfor different guide trees.
This featureallows to focusthesearchon thebestpartsof thesearchspaceandis at theheartof
the iterative useof thedecomposition:roughlyspeaking,the iterationin Rec-I-DCM3 consists
of successivere®nementsof theguidetree.Thanksto theguidetree,DCM3 alsoproducessmaller
subproblemsthanDCM2: the guidetreeprovidesthe decompositionstructure,but doesso in a
mannerresponsive to the phylogeneticestimationprocess.Finally, DCM3 was designedto be
muchfasterthaneitherDCM1 or DCM2 in producingthedecompositions(mostlyby not insisting
on their optimality), sincepreviousexperimentshadshown thatdatasetdecompositionusedmost
of therunningtimewith DCM2.

Roshanet al. designedDCM3 in part to avoid producinglargesubsets,asDCM2 is proneto
do [17]. Yet, of course,thesubproblemsproducedfrom a very largedatasetremaintoo large for
immediatesolutionby abasemethod(aphylogenetictreereconstructionmethodof choice).Hence
they usedDCM3 recursively, producingsmallerandsmallersubproblemsuntil every subproblem
was small enoughto be solved directly. In [17], Roshanet al. showed that DCM3 produced
subproblemsof sizesboundedby abouthalf the initial subproblemsizeandmuchsmallerthan
thoseproducedby DCM2. (Rec-I-DCM3 in thatseriesof testswassetup to recurseuntil each
subproblemwasof sizeatmostonequarterof theoriginal size.)

Oncethedatasetis decomposedinto overlappingsubsetsA1; A2; : : : ; Am (m · 4 is typical),
subtreesareconstructedfor eachsubset,A i , usingthe chosenbasemethod,andthencombined
usingtheStrictConsensusMerger[7, 8] to producea treeon thecombineddataset.

TheRec-I-DCM3method[17] takesasinputthesetS = f s1; : : : ; sng of n alignedbiomolec-
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ularsequences,thechosenbasemethod,andastartingtreeT. In [17], theauthorsusedTNT (with
default settings)asthebasemethod,sinceit is thehardestto improve (in comparison,thePAUP*
implementationof the parsimony ratchet[2] is easierto improve). The Rec-I-DCM3 method
producessmallersubproblemsby recursively applyingthecentroid-edgedecompositionuntil each
subproblemis of sizeat mostk. Thesubtreesarethencomputed,merged,andresolved(from the
bottom-up,usingrandomresolution)to obtaina binary treeon the full dataset.Thesestepsare
repeatedfor a speci®ednumberof iterations.Figure1 demonstratesthesigni®cantimprovement
overTNT gainedby employing theRec-I-DCM3 boosterto themethod.
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(a)TheEuropeanRNA dataset (b) TheRDPII dataset

Figure1: (a)AverageMP scoresof TNT andRec-I-DCM3(TNT) on theEuropeanRNA dataset,
given as the percentageabove the bestscore. Shown are the datapointsof all ®ve runsof both
methodsindicatedby small symbols.After the fourth hour thereis no overlapof pointsandthe
variancesof both the methodsare low. Note: the vertical rangevariesacrossthe datasets.(b)
AverageMP scoresof TNT andRec-I-DCM3(TNT) ontheRDPII dataset,givenasthepercentage
above thebestscore.Also shown arethedatapointsof all ®ve runsof bothmethodsindicatedby
smallsymbols.Notethatthevariancesarevery low andafterthethird hourthereis no overlapof
points.

4 Parallel Rec-I-DCM3

As describedin section3, Rec-I-DCM3 is a divide-and-conqueralgorithm,which makes it a
naturalcandidatefor parallelization.For thedatasetsweexperimentedwith (upto 14000taxa),the
problem®ts into memory, which simpli®esthe implementation.In Figure2 we presenta typical
problemdecompositioninducedbyRec-I-DCM3; thedecompositioncontainsthemainproblem,
compositesubproblems(C1, C2) andleaf subproblems(L1-L5).
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Figure2: TheRec-I-DCM3 decomposition.

Allen andKennedy [1] discusskey requirementsfor high performanceof parallelprograms,
suchasloadbalancingandef®cientcommunication.Thenaturalimplementationfor PRec-I-DCM3
is to usetask-parallelismwith amaster-slavemodel.Themasternodemaintainsadatabaseof sub-
problems:subproblemsavailablefor solving(“available”),alreadysolvedsubproblems(“solved”),
andsubproblemscurrentlybeingsolvedby a worker (“active”). During its lifetime, a subproblem
changesstatesfrom “available” to “active” to “solved”. The mastercoordinatesthe distributed
computationandensuresthatthesystemis in aconsistentstatethroughoutthecomputation.

At thebeginningof aPRec-I-DCM3 iteration,themasterperformsaone-level decomposition
of the main problem,usingthe currentguidetree(seeSection3 for detailsregardingthe useof
a guide tree). Among the resultantsubproblems,thereare usually both leaf subproblemsand
compositeones.Next, it dispatchesavailablesubproblems,in decreasingorderof their sizes,to
the idle workers; the rationaleis that the largestsubproblemswould take longer time to solve.
Onceaproblemis dispatched,its stateis changedfrom “available” to “active”.

The worker processeswait for subproblemsfrom the master. If the problemreceived is a
leaf subproblem,thenthe worker invokesa standalonesolver, suchasTNT or PAUP*, andthen
returnstheresultingsubtreeto themaster. Thesolver runswithout a time limit, becausethe leaf
subproblemsaresmall (usuallynot exceeding2000taxa). If theproblemreceived is a composite
subproblem,theworker decomposesit furtherinto subproblems.It selectsthelargestsubproblem
amongthese,performsadditionalwork on it, andthenreturnsthe remainingsubproblemsto the
master.

Whenthemasterreceivesthesolutionfor aleafsubproblem,it changesits statefrom“active” to
“solved”. It checksif all thechildrensubproblemswith thesameparentasthecurrentsubproblem
aresolved;if this is thecase,thenit sendsall thechildrensubproblemsto aworker for merging.

Whenthemasterreceivesthedecompositionof acompositesubproblem,it addsall thechildren
subproblemsto theproblemdatabase,with thestate“available”, andmarksthesubproblemkept
by theworkeras“active”.

Whenaworkerreceivesacommandto mergeacompositesubproblem,it receivesthesolutions
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for the children subproblemsfrom the masterand appliesthe strict consensusmerging [7, 8],
followedby a randomre®nementof theresultingtree.Finally, thesolutionis sentto themaster.

Whenall subproblemsof the main problemaresolved, the mastermergesthe their solution
trees,thensignalstheworkersto performtherandomre®ningfollowedby theglobalsearchphase.
Theserandomre®nementsaredoneindependentlyandusuallyresultin differenttreessinceeach
workerprocesshasanindependentrandomnumbergenerator. After there®nementphase,workers
invoke the standalonesolver to computethe parsimony scoreof the entiretree. The time of the
searchis limited to a ®xedvalue(referredto astheGlobal Search TimeLimit, or GSTL), which is
providedat theprogramlaunch.Thelimit is necessarybecausethefull-size problemis large(up
to 14000taxa).After ®nishingtheglobalsearchphase,eachworkersendstheresultantparsimony
scoresto themaster, which,in turn,selectstheminimumscoreandretrievesthecorrespondingtree
from theworker. This treeis usedastheguidetreefor thefollowing iteration.

A signi®cantadvantageof PRec-I-DCM3 overRec-I-DCM3 is thattheformeris ableto run
several instancesof theglobalsearchphasein parallel.Theseinstancesstartfrom differentpoints
in thetreespace,potentiallyleadingto a wider coverageof thetreesearchspaceandanalternate
optionfor escapinglocaloptima.

Thecurrentmaster-slaveschemeimplementationisaprototype.Forverylargedatasets(20000+
taxa), the mastercanbecomea bottleneck�ooded with incomingandoutgoingcommunication
traf®c. A distributedmasterschemewill solvethisproblem.An emergingfamily of globaladdress
languages,suchasCo-ArrayFortran[14] or Uni®edParallelC [3], might prove ef®cient for such
animplementationbecausethey provideone-sidedcommunicationon thelanguagelevel perfectly
suitedfor thedistributedmasterscheme.

5 Experimental Settingsand Results

Theplatformweusedfor experimentswasaclusterof 92HPzx6000workstationsinterconnected
with Myrinet 2000.Eachworkstationnodecontainstwo 900MHzIntel Itanium2 processorswith
32KB/256KB/1.5MBof L1/L2/L3 cache,4GB of RAM, andthe HP zx1 chipset. Eachnodeis
running the Linux operatingsystem(kernel version2.4.18-eplus patches). We usedthe Intel
C/C++compilerversion8.1for Itanium.

WeranbothRec-I-DCM3 andPRec-I-DCM3 on thetwo largestdatasetsusedin [17]:

² EuropeanRNA: a datasetof 11,361aligned small subunit ribosomalBacteriaRNA se-
quences(1,360sites)[23].

² RDPII: a datasetof 13,921aligned16s ribosomalProteobacteriaRNA sequences(1,359
sites)[10].

Wereporttheaverageresultsof themethodsover®ve runson thetwo datasets.
SinceRec-I-DCM3 usesstrict consensusmerging with randomre®nement,a goodrandom

numbergeneratoris essentialto obtaincredibleresults.EachnodeusedtheUNIX random ran-
dom numbergeneratorinitialized with a seedreadfrom /dev/random at the beginning of a
run.

We investigatedtwo mainquestions:
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1. What is the optimal choiceof GSTL and subproblemsize that yields the bestresultsof
Rec-I-DCM3?

2. Using the optimal choiceof parameters,how doesPRec-I-DCM3 performcomparedto
Rec-I-DCM3?

To answerthe®rst question,we ranRec-I-DCM3 on theEuropeanRNA andRDPII datasets
for 13hours,andrecordedtheaveragebestscoresobtainedby themethodfor varioussubproblem
sizesandGSTLvalues. Tables1and2show theaveragebestscoresobtainedbyRec-I-DCM3 on

Table 1: Averagebestscoresobtainedby Rec-I-DCM3 on the EuropeanRNA dataset,with
differentGSTLvaluesandsubproblemsizes.

Max. SubproblemSizen GSTL 4 min 8 min 16min 32min 60min
500 273688 272326 272209 272160 272163
1000 272865 272194 272158 272163 272145
2000 272133 272127 272155 272133 272138
4000 272151 272146 272209 272154 272155

Table 2: Averagebestscoresobtainedby Rec-I-DCM3 on the RDPII dataset,with different
GSTLvaluesandsubproblemsizes.

Max. SubproblemSizen GSTL 4 min 8 min 16min 32min 60min
500 243545 242005 241131 241093 241088
1000 242529 241275 241140 241069 241042
2000 241054 241044 241062 241017 241068
4000 241135 241154 241118 241131 241097

theEuropeanRNA andRDPII datasets,respectively. Thetablesshow thatmaximumsubproblem
sizeof 2000taxayieldsthebestresultson bothdatasets,undertheconditionsof our experiments.
However, a GSTLof 8 minutesgave thebestresultson theEuropeanRNA dataset,while a GSTL
of 32minutesgave thebestresultson theRDPII dataset.

Further, we focusedon maximumsubproblemsizeof 2000taxa,andinvestigatedtheperfor-
manceof Rec-I-DCM3 for differentvaluesof GSTL for the durationof 13-hourruns. Figures
3 and4 show theresults.These®guresshow thata GSTL of 8 minutesbecomesconsistentlythe
optimalchoiceontheEuropeanRNA datasetafterabout8 hoursand40minutes,whereasaGSTL
of 32 minutesbecomesconsistentlytheoptimal choiceon theRDPII datasetafterabout6 hours
and30minutes.

Theseresultsdemonstratethat differentdatasetsmay requiredifferentparametersettingsof
Rec-I-DCM3 in orderto achieve the bestperformance.We expectthat the choiceof thesepa-
rametersdependson thequality (in termsof parsimony scoreandtopology)of thetreeusedasthe
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Figure3: Resultsobtainedby Rec-I-DCM3 on theEuropeanRNA dataset,with maximumsub-
problemsizeof 2000taxaanddifferentGSTLvaluesfor globalsearch.

startpoint in eachiteration,aswell astheevolutionarydiameter1 of thedataset.Wewill investigate
this in our futurework.

After determiningtheoptimalchoiceof maximalsubproblemsizeandGSTL values,we used
thesevaluesfor PRec-I-DCM3 andcomparedits performanceto that of Rec-I-DCM3 under
thesamesettings.Theresultsareshown in Figures5—8.

To comparetheperformanceof PRec-I-DCM3 andRec-I-DCM3, we ranbothmethodson
thetwo datasetsfor 13hours,usingamaximalsubproblemsizeof 2000taxa,andGSTLvaluesof
8 and32 minutesfor theEuropeanRNA andRDPII datasets,respectively. We plottedtheaverage
parsimony scoreobtainedby thetwo methodasa functionof time,andthetopologicaldifference
betweenthebesttreescomputedby the two methodsascomputedby theRobinson-Foulds(RF)
metric[15] of topologicaltreedifference.Wenow brie�y review theRFmetric.

Let T beanunrootedtreeleaf-labeledby a setS of taxa. An edgee = (u; v) in T de®nesa
bipartitionof S (thesetof all leaveson onesideof theedge,andthesetof all otherleaves). Let
C(T) bethesetof bipartitionsde®nedby all edgesin treeT. TheRF measurebetweentwo trees
T andT ′ is de®nedas

RF (T; T ′) =
|C(T )−C(T ′)|

|C(T )|
+ |C(T ′)−C(T )|

|C(T ′)|

2 :

Figure5 shows that,on theEuropeanRNA dataset,PRec-I-DCM3 consistentlyoutperforms

1Theevolutionarydiameterof adatasetis de®nedasthemaximumnumberof changesbetweenany two taxain the
dataset.
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Figure4: Resultsobtainedby Rec-I-DCM3 on the RDPII dataset,with maximumsubproblem
sizeof 2000taxaanddifferentGSTLvaluesfor globalsearch.

Rec-I-DCM3, with theexceptionof the2-CPUcase.The®gureshows that thebestparsimony
scorecomputedby Rec-I-DCM3 after6 anda half hoursis computedby PRec-I-DCM3 after
two anda half hoursonly using8 or 16 workers. Further, the bestparsimony scorecomputed
by Rec-I-DCM3 aftera completerun of 13 hoursis computedby PRec-I-DCM3 (using8 and
16 workers)after only 7 anda half hours. Finally, despitea seeminglysmall differencein the
parsimony scorescomputedby the two methodsafter 13 hours,Figure6 shows that the actual
treescomputedby the methodsdiffer in about25% of their internaledges,accordingto the RF
metric.This resultsshowsasigni®cantdifferencebetweenthetreescomputedby thetwo methods
on theEuropeanRNA dataset.

More dramaticimprovementswereobservedon theRDPII dataset,asFigure7 demonstrates.
Onthisdataset,theperformanceof PRec-I-DCM3 is consistentlybetterthanthatof Rec-I-DCM3,
regardlessof thenumberof workersusedin thePRec-I-DCM3 implementation.Thebestperfor-
manceof PRec-I-DCM3 on this datasetis achievedusing8 and16 worker CPUs,with a slight
edgefor the 8-CPUimplementationafter 11 hours. Notice that the bestparsimony scorecom-
putedbyRec-I-DCM3 afterthecompleterunof 13hoursis obtainedbyPRec-I-DCM3 using8
CPUsafteronly 4 hours.Figure8 demonstratesthatthedifferencebetweentheparsimony scores
obtainedby the two methodsafter 13 hourstranslatesinto a 40% differencein the topologies
(speci®cally, numbersof internaledges)of the treescomputedby the two methods,accordingto
theRFmeasure.
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Figure5: Resultsobtainedby Rec-I-DCM3 andPRec-I-DCM3 on theEuropeanRNA dataset,
with maximumsubproblemsizeof 2000taxaandGSTLof 8 minutesfor globalsearch.The1-CPU
curve correspondsto theRec-I-DCM3, whereastheothercurvescorrespondto PRec-I-DCM3
usingdifferentnumbersof CPUs.

6 Conclusionsand Futur eWork

The Rec-I-DCM3 methodof Roshanet al. was the ®rst techniquethat allowed a successful
applicationof parsimony heuristicswith highaccuracy within reasonabletimelimits. Nonetheless,
in orderto reconstruct,with highaccuracy, phylogenetictreesatamuchlargerscale,furtherspeed-
up and improvementsare imperative. In this paperwe introducedthe ®rst suchimprovement
throughPRec-I-DCM3, a parallelversionof theRec-I-DCM3 method.We implementedand
ranPRec-I-DCM3 on two large datasets.The resultsdemonstrateda signi®cantimprovement
overRec-I-DCM3.

Directionsfor futurework include:

² Exploringadistributedmasterscheme.

² Investigatingthedifferencein optimalparameterchoiceacrossdifferentdatasets.

² Experimentaltestingof PRec-I-DCM3 onsimulateddatasets.Usingsimulationsallowsfor
investigatingtheperformanceof themethodwith respectto the“true” tree,which is known
in suchstudies(asopposedto realdatasets,in which thetruetreeis notknown).

² Existingimplementationsof TNT andPAUP* arelimited to handleupto 16,000-taxontrees.
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Figure6: RF valuesbetweenthebesttreesobtainedby Rec-I-DCM3 andPRec-I-DCM3 (on 8
CPUs)on theEuropeanRNA dataset.

We intendto studytheperformanceof PRec-I-DCM3 on datasetslargerthantheoneswe
used,oncetoolsthathandlemorethan16,000taxaareavailable.

² Applicationof Rec-I-DCM3 andPRec-I-DCM3 to likelihoodheuristics.
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