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Due to everincreasingdatasizesandthe high computationacompleity of mary algo-
rithms, thereis a naturaldrive towards applying parallel and distributed computingto
bioinformaticsproblems. Grid computingtechniquescan provide e xible, portableand
scalablesoftware solutionsfor parallelbioinformatics. Herewe describethe TaskSpaces
softwareframework for grid computing. TaskSpaces characterizethy two majordesign
choices: decentralizationprovided by an underlyingtuple spaceconcept,and platform
independencegrovided by implementatiorin Java. We discussadvantagesinddisadwan-
tageof thisapproachanddemonstratseamlesperformancenanad-hoagrid composed
of awide variety of hardwarefor a real-life parallelbioinformaticsproblem. Speci cally,
we performedvirtual experimentsin RNA folding on computationalgrids composedf
fastsupercomputerdn orderto estimatethe smallestipool of randomRNA moleculeghat
would containenoughcatalyticmotifs for startinga primitive metabolism.Theseexperi-
mentsmay establistoneof themissinglinks in the chainof eventsthatled to theorigin of
life.

Note: To appearasa Chapterin the textbook Parallel Computingin Bioinformatics

and ComputationaBiology, A. Zomayaeditor, JohnWiley andSons,2005.
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32.1 INTRODUCTION

In recentyears,parallel and distributed computingtechniqueshave steadilybeen
gainingpopularityfor tacklingdif cult bioinformaticsproblems.Two importantrea-
sonsfor the useof paralleltechniqguesanbeidenti ed easily First, bioinformatics
problemsinvolve increasinglylarge datasetsFor example,the 2003releaseof Gen-
bankcontained36.6 billion basepairand118,689differentspeciesandin routine
proteomicsxperimentsexaminationof asinglesamplemayeasilyproducemillions
of peptidespectrao beprocessedSecondthealgorithmsusedn mary bioinformat-
ics applicationscanbe computationallyprohibitive. For example,the computational
compl«ity of algorithmsfor phylogeneticstypically scalescubically to exponen-
tially in the numberof speciesandin proteomicsdataprocessingapplicationsthe
algorithmsusedto identify proteinsandgenesrom peptidespectranvolve searches
with high complity. For mary bioinformaticsproblemsit is thereforeclearthat
computationdimited to a singleCPU cannotdeliver the requiredcomputingpower,
andthat parallelanddistributed computingapproachesre thereforenecessary A
large classof bioinformaticsproblemscanbe parallelizedeasily with minimal or no
interprocessommunication. Thesetypesof problemsare calledloosely coupled,
andthey are especiallysuitablefor distributed processing. More tightly coupled
problemsrequireintensive interprocess-communicatiorif cient parallelanddis-
tributed computingis typically more challengingfor this type of problems. In the
presenChaptemwe discusshothtypesof problems.

Considey for example, the caseof a university researchewho is confronted
with a comple bioinformaticsproblem. The researchetypically hasaccesdo a
wide rangeof computationatesource®n differentscales.Theseresourcesnclude
desktopmachineghat may be availablein the researches own lab (of the orderof
10 CPUsor so),PCclusterghatmaybeavailableatthe departmentevel (order100
CPUs),parallelcomputerghatmaybe availablein the university's computercenter
(order100-1000CPUs),andlarge parallelsupercomputer@up to several thousand
CPUs)thatcanbeaccessedtnationalsupercomputezentersuchastheUSNational
Centerfor Supercomputing\pplications(NCSA) andthe SanDiego Supercomputer
Center(SDSC).In this Chapterwe proposean approactto parallelbioinformatics
that,ideally, allows theresearcheto developthe bioinformaticssoftwarelocally on
a single PC. Then, dependingon the size of the problemat hand,the taskcanbe
distributedseamleslyover ary or all of thewide variety of machinesvailable.

This universalcomputingdream'is hardto realizefor severalreasonsThehard-
ware, operatingsystemgand versionsof operatingsystems) supportingsoftware,
andqueueingsystemanay all vary amongavailablemachines.The researchewill
wonderhow to install and maintaincodeon all thesemachineshow to distribute
tasksanddata,how theresultswill becollectedandcentralizedandsoforth. Scripts
thatautomatesomeof thesetaskswill be brittle whensoftwareis upgradedpr ma-
chinesareaddedor removed. In thelight of theseobstaclesthe universalcomputing
dream'seemdittle morethananeverrecedingmirage.



However, in this Chapterwe describeTaskSpacesa systemwe developedthat
demonstrateshat mary componentsof the “universal computingdream' can be
realizedontoday'sinfrastructurausinggrid computing.Thegrid computingconcept
canbeeasilyunderstoodby consideringheanalogywith apowergrid. A powergrid
useraccessethegrid in orderto obtainelectricalpower, whichis aninterchangeable
commodity Indeed,the users machinesdo not carewhereor how the power they
useis produced(the usermay have ethical concernghat affect the desirability of
particularpower sourcesbut, to the hardware,all electricityis equialent).

Two crucial propertiesmake the power grid work:

1. Thegrid canbeaccessethrougha standardnterface.
In the caseof a power grid, the standardnterfaceis simply theelectricalplug,
which givesaccesdo the power grid that operatesat standardvoltagesand
frequencies.

2. Thegridis scalable.
This scalability works both from the users side (the usercan accessmore
power asneeded)andfrom the power producers side (the grid operatorcan
switchin additionalpower generatorasdemandises).
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Fig. 32.1 Analogybetweerapowergrid (left) andacomputationagrid (right). Both exhibit
scalabilityfromtheusersandtheproducerssides andneedo beaccessibléhroughastandard
interface.

Ideally; grid computingwould work in exactly the sameway: a useraccessethe
geographicallydistributedgrid in orderto obtainCPU cycles,which areconsidered
aninterchangeableommodity(the userdoesnot carewherethe computingcycles
areproduced)Fig. 32.1). Unfortunately accessibilitythrougha standardnterface
(the rst of the two essentiapropertiesof a grid) canbe dif cult to achiere with
computers. In TaskSpacesthe standardnterfaceis provided by the Java virtual
machine which is almostuniversallyavailable. Java behaesalmostexactly in the
sameway on all thosemachinesand Java's “executablebyte-code'is, in theory
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fully interchangeabl®etweenmachines.In TaskSpacegshe secondessentiabrid
property scalability is realizedthroughthe conceptsof “bag-of-tasks'computing
andtuple spaces Consequentlyeachusercansubmitmary tasksconcurrentlyand
thegrid operatorcanswitchin additionalcomputefarmswhendemands high.

The analogybetweencomputationabnd power grids is not perfect: computing
cyclesanddataare morecomplex thanelectricalpower units. We canidentify the
following additionalrequirementdor computinggrids, someessentialand others
pragmatic.

3. Informationis notinterchangeablegndmustoftenbekeptcon dential (unlike
electricalpower). Thegrid mustallow secureresourcesharing.

4. Informationis not easilyreplaceabl€unlike electricalpower). The grid must
provide fault-tolerancanechanismsuchastransactions.

5. Parallelcomputersisemary differentqueueingystemsThegrid mustprovide
resourcallocationandscheduling.

6. Largeproblemsmayrequiredeploymenton heterogeneousardwareandsoft-
ware. Thegrid mustprovide amechanisnfor distributingtheapplicationcode
transparentlyo themachineon which calculationsareultimately performed.

7. Marny problemsrequire interprocesscommunication. The grid must allow
efcient communicatiorbetweerprocesses.

8. Computingresourcesre expensve. The grid mustallow usersto be billed
accordingo cycle usage.

9. Someproblemgequirespeci cturnaroundime,datatransfetbandwidthfault-
tolerancegtc. Thegrid mayneedto provide quality-of-serviceguarantees.

10. Problemamustbe connectedvith computingresources Eitherthe grid must
allow the userto discover resourcespr the grid mustbeableto discover tasks
asthey arepresentedTaskSpacessesthe latterapproachresemblinga real
power grid).

Many efforts to realizethe conceptf grid computingarenow undervay. Some
projects,suchas Glohus, try to de ne standardgor what eventually may become
a worldwide, uni ed, computationalgrid (The Grid'), very muchalongthe lines
of "The Internet' and "The World Wide Web'. However, mary of the dif culties
summarize@bove arestill farfrom beingresolhedin ageneralsatisactoryway, and
it isnotclearthatgenerallyusablestandard$or grid computingwill becomeavailable
andacceptedoon. Thereforewe have developedTaskSpaces softwareframenork
for a smallerscalecomputationafrid. TaskSpacess basedon the designcriteria
of decentralizationprovided by an underlyingtuple spaceconcept,and platform
independenceprovided by implementationin Java. Our goal was to producea
lightweightgrid environmentthatis easyto install andoperate andto demonstrate
thatit canbeusedef ciently for real-world parallelbioinformaticsproblems.In this



effort, we have attemptedo dealwith some put notall, of thechallengedistedabore.
Besidegproviding anenvironmentfor solvingrealbioinformaticsproblemsonsmall,
“privately operated'grids, we hopethat our experiencesnay reveal somemethods
of overcomingthe challengesnentionedcabore, andthatthesemethodsnaybecome
more generallyuseful in guiding standardsadoptedfor larger grids. At present,
mary differentapproachearebeingtestedon small-scaleprivately operatedyrids,
bothin researchand commercialsettings. The successfubpproachesvill survive,
and,drivenby demandandcostsavingsthroughef ciency gains,theseprivatelyrun
gridsmayeventuallybecomeconnectedo form a World Wide Grid, very muchlike
nationalpower grids are presentlyconnectedo neighboringgrids throughoutmost
of theworld.

The restof this Chapteris organizedas follows. The next Sectiondescribes
TaskSpacesyur prototypesoftwareframevork for grid computing which we based
on tuple spaceconceptsandimplementedn Java. Section32.3describes loosely
coupledparallelbioinformaticsapplicationthatwe investigatedon a computational
grid, namelythe problemof nding correctlyfoldedRNA motifsin sequencespace.
Section32.4 describesur experiencewith operatingthe software framewvork on a
computationalgrid composedf local workstationsand parallel clustersat super
computercenters.Brief resultsfor the RNA motif problemarepresentedn Section
32.5. TheChapterconcludesith a Sectionon futurework, anda Chaptersummary

32.2 THE TASKSPACES FRAMEW ORK

TaskSpaces aprototypelightweightgrid computingframework for scienti ¢ com-
puting characterizedby two majordesignchoices:decentralizationprovided by an
underlyingtuple spaceconcept,and object-orientatiorand platform-independence,
providedby implementatiorin Java. The TaskSpacefamevork hasbeendescribed
in full detailin [9]; in this Sectionwe summarizets mainproperties.

Tuplespacesverepioneeredn thelate1970s.andwere rst realizedin theLinda
systemandlanguagg?2]. In atuple spacedistributedcomputingenvironment,pro-
cessesommunicatesolely by addingtuplesto andtakingthemfrom a tuple space,
a form of independentissociatie memory A tupleis a sequencef elds, each
of which hasa type and containsa value. Fig. 32.2 shavs conceptuallyhow dis-
tributed computatiorworks in a tuple spaceervironment. An applicationprogram
placessubtasksesultingfrom the partitioning of a large computationalproblem
into a tuple space(which in the Bag-of-Tasksparadigmis calleda “taskbag' [1]),
in which eachsubtaskis representeésa tuple. "Worker processestake the task
objectsfrom the taskbag, executethe tasks,andplacetheresultin a ‘resultbag' as
anothetuple. Thetuplespaceconceptllowstasksto bedecoupledothin spaceand
time. The distributed computingprocesss decoupledn space asthe application,
taskandresultsbags,andthe variousworker processesnay resideon a heteroge-
neouscollectionof machineghatareconnectedy a network but thatareotherwise
widely geographicaliydistributed. This decouplingallows e xible topologyfor the
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Fig. 32.2 Thetuplespaceparadignfor distributedcomputing.

computationpermittingautomaticcon guration basedn the availability of worker
processesThedistributedcomputingprocesss alsodecoupledn time: sincespaces
are persistenttuplesare persistentwhile residentin the space,and processegsan
accessupleslong afterthe depositingorocesshascompletedexecution.

Fig. 32.3shawvs a conceptuatleploymentdiagramof the TaskSpacefamewvork.
TaskSpacegsesanevent-drivenmodel. On startup worker processesegisterwith a
taskbag. Theapplicationprocessendssubtaslkobjectsto thetaskbag,andthetask
bagsendshosetaskobjectso availableworkers. Thetaskbagactsasa superqueue’,
andthusalleviatesthe problemof schedulingwhen multiple supercomputersith
differentunsynchronizediueueingystemsareused.Scalabilityis inherentbecause
usersmay put several applicationsin the task bag at the sametime, andthe grid
operatorcanadd worker farms'whenneeded After ataskis processedheworker
putsa resultobjectin the resultbag,from which the resultobjectsare collectedfor

nal assemblyby the application. TaskSpacess implementedn Java, providing
a standardplatform-independerinterfaceto the grid systemandexploiting Java's
built-in networking andsecurityfeatures.

TheTaskSpacesodeconsist®f severalclassesAll classesgxceptfortheRunner
class,aresenedto participantmachinessia HTTP seners. Con gurable properties
les which containsysteminformationandparametersjescribedurtherbelow, are
alsosenedby HTTP seners.

TheRunnerclassis thedriver of thesystemijt is a2KB Java bytecode=xecutable
which containsa main() method,andit is executedirom the commandine (or from
aqueuescript). Thisistheonly le whichA mustbeinstalledon amachineto enable
the machineto participatein the grid systemin ary of the possiblefunctionssuch
asrunningan application,runninga bag,or runninga computenode. The Runner
acceptasacommandine agumentheURL identi er of aJavapropertiesle which



containsary numberof resourcaJRLS. TheseresourcdJRLs containcompiledJava
classe®r JAR formatarchie les, with methodshatcanbe usedduringoperation.
Thebuilt-in securityfeaturesof Java, suchasdigitally signedJAR les andtoolsfor
creatinga con gurable sandbox for the JVM interpreterwhich canrestrictaccess
to local andremoteresourcedor the downloadedcode,canbe incorporatecat this
level. The nal argumentpassedo a Runnerprocesss the nameof the classto run.
Thisis typically eitherNode (for acomputenode),Spaceg(for atuple spacebag),or
the nameof a TaskSpaceapplication. The Runnerdownloadsthe appropriateclass
fromtheinputargumentsetof URL resources;astst to aninstanceof theJavaclass
Runnableandbegins executionby calling its run() method. Any additionalclasses
requiredfor executionare automaticallydownloaded,provided they are presentin
thesetof URL resources.

The Nodeclassrepresents.computenodewhich participatesn the system.The
propertiesle, alsoidenti ed by commandine agumentcontainsapropertynamed
"spacesWhichidenti esthelP addressindportnumberof ary existingSpaceseners.
TheNoderegisterswith theseSpacesenerobjectsonstartup.Otherpropertiesle ne
themaximumruntimefor theNode,afterwhichit automaticallyterminatesadefault
port numberon which to begin to run the Node,andthe maximumnumberof Task
objectsto procesdeforetermination.Uponstartup the Nodecreatesaninstanceof
the Sener classandan instanceof the Worker class. The Sener registerswith the
remotetask Spaceobjectthatis identi ed in the propertiesle, andthenwaits for

worker host 1 (parallel) worker host 2 worker host 3
worker worker worker . worker worker
EARSS [ [ 1] [

\ \ \ il |

application
host

application

configuration and class
server

task/result host

task bag esult bag

T \conflguratlon file v

Fig. 32.3 TaskSpacefameavork deploymentdiagram.
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incomingrequests.Incomingrequestsnay be of threepossibleobjecttypes, Task,
Agent, and Message. Task objectsare applicationsor applicationcomponentgo
be executed. Theseobjectsare passedo a TaskStoreobjectwhich wascreatedby
the Nodeon startup,andis monitoredby the Worker thread. The Worker executes
the Task, which may, for applicationswith interprocessocommunicationgcontain
codeto monitorthelocal MessageStorebject,alsoinitiatedin a separat& hreadby
the Nodeat startup. Whenreceved, Messagebjectsare placedby the Sener into
the MessageStoreThe MessageStores monitoredby the Task, andthe Message
objectsarepulledinto the Taskandthedatais extractedandusedby the Taskduring
execution. Agentsareexecutedmmediatelyby the Sener uponarrival, andmaybe
usedfor avarietyof systenfunctions,includingshuttingdonvntheNodeor extracting
dataheld in a Nodedatastructurewhich is availableto the applicationfor storing
data,or systemor stateinformation.

TheSpaceclasscontainssereraldatastructuregmainly synchronizedirrayLists)
andmethoddor acceptingandstoringthe addressesf registeringNodes,and Task
Objects. IP addressesnd port numbersof registeredNodesare storedin two
structurespnewhichis permanentandonefrom which addressandportidenti ers
aredeletedasindividual Tasksare sentto the registeredNodesin FIFO order The
permanentiddressesan be usedby Agentsto identify all Nodeswhich may be
participatingin the system. This informationcanbe usedby Agentsto shutdown
runningNodesor performotherapplication-dependeffiinctions. Spaceobjectsare
createdn the samemannerasstartinga Node. The systemproperty le mentioned
above speci es the IP addressand port numberof Spacesn the systemthat act
astaskor resultbags. On startup,a Spacecreatesa sener on a port speci ed in
the propertiesle. It is expectedthatthe Spaceswill typically be startedonceand
thenleft runningaslong asworker nodesmay be active, similarly to HTTP seners.
Spacesaremulti-threadedandcreatea new threadfor eachincomingrequest.Each
new threadis aninstanceof the SpaceConnectiodlass,within which the natureof
the requests identi ed andinternalprocessings performed. Whena Taskobject
arrives, it is sentto aworker nodeif ary Nodesarecurrentlyregisteredasavailable
Nodes. If not, the Taskis temporarilystoreduntil worker Nodesregisterwith the
taskSpaceo indicatetheir availability. Spacesanalsotransmitmessageto Nodes
runningapplicationsandcanbe usedasanintermediarymessagingtore,or asthe
mediumfor Nodesto exchangeaddressingnformationin caseapplicationsrequire
directTaskto Taskcommunicatiorn(see[9]).

An additionaloptimizationcanbemadefor applicationgor whichthesubtaskslo
nothavealargeinputdataset,andhave alimited numberof inputparameterthatvary
in asystematiavay. In this case,t is bene cial to generatehe (potentiallymary)
Taskobjectswithin thetaskSpaceratherthanhave the Applicationprocesgenerate
all the separat@faskobjects,andthensendthemto thetaskSpaceoneby one. The
Application procesande ne anobjectof classTaskAgent.The TaskAgenis sent
to thethetaskSpaceandtherea methodis calledon the TaskAgento createa new
applicationtask. The Spaceadwancesthe databy calling the next() methodof the
TaskAgentvhich callstheinternallyheldapplicationTaskobjectto advanceits state



(whateverthis maymeanin thecontext of theapplication)o createanew application
Task. The new Taskis returnedto the Spaceandthe Spacesendsthis Taskto an
availableNode.

Applicationprocessesanchooseo have Nodessendresultdatato aresultSpace,
or directly backto the application. In the rst case,the Application registerswith
theresultSpacein orderto receve ary arriving resultswhich aresub-classesf the
Resultclass. The applicationcanthenstorethe datalocally onthe le systemsend
it to adatabasegr processhedataanddisplayoutputon aconnectedlisplaydevice.

The nal classof the TaskSpacesystemis the Communicatar The Communi-
catorcontainsmethodsanda protocolde nition for all of the othercomponentso
communicatevith eachother All thecomponentsub-clas€ommunicatoto enable
remotecommunicatiorwith theothercomponentsf thesystem.TheCommunicator
classcentralizeccommunicationin a singleobjectfor simpli ed errortrackingand
modi cation which arecomplex problemsin suchwidely distributedsystems.The
communicatiors performedusingintegeridenti ers andserialized)ava objectsover
soclets.

Application codeneednot be installedand maintainedon workers,becausét is
downloadedrom a centralsener whentaskobjectsarrive at eachworker. Installing
andexecutinga Java bytecodeexecutableof size< 2kB allows arny worker hostto
participatan thegrid. Thus,installationandmaintenancef TaskSpaceis extremely
lightweightandeasy In fact,the completeTaskSpacesodebasés extremelysmall
andcompactdueto thesimplicity of thedesignandtheavailability of Java's built-in
networking andobjectmanipulationcapabilities.

Blue Horizon,SDSC,SanDiego, CA (4 workers/processor) 64 128 240

P4Linux, CU Boulder CO (2 workers/processor) 4 4 4
ItaniumLinux, CU Boulder CO (2 workers/processor) 4 4 4
forsetil,NCSA, Urbana,L (1 worker/processor) 16 16 16
hermod NCSA, Urbana,lL (1 worker/processor) 16 16 16

Totalnumberof workers 104 168 280

Total executiontime 105s 103s 101s

Table 32.1 High-thr oughput grid experiment for a tightly coupled numerical linear
algebrascienti ¢ computing problemwith 5007 grid points per worker. The number of
worker processeand the total executiontimes are shovn. The problem sizeis constant
per worker processsothe nearly constanttotal executiontimes indicate almost perfect
scalability.

TaskSpacesan be usedin taskfarming modefor problemsthat do not require
interprocessommunicationsuchasindependentolding of mary RNA sequences
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(seebelow). It canalsobe usedfor otherapplicationsthatdo requireinterprocess
communicationhandlingsuchcommunicatiorin a scalablenvay by transmittingse-
rialized Java objectsover soclets. Table 32.1 demonstratethat TaskSpacescales
well on large grids composedf supercomputerat NCSA, SDSC,andothersuper
computercentersconnectedver the internet,for a parallelcomputingproblemin
numericallinearalgebra[9]. This problemrequiresneighbofneighborinterprocess
communicationandit is thussurprisingthat the scalabilityfor this problemin the
heterogeneougrid ervironmentis sogood.

Looking backat the prerequisitesve setoutin the previous Sectionfor the “uni-
versalcomputingdream'we pursue,it is instructive to considerhow our prototype
grid implementationperformswith respectto our aspirations. Someof the func-
tionality is only presenin a rudimentaryway in our prototypeimplementationput
more sophisticatedrersionsbasedon the generalconceptgresentedtan easilybe
imagined.

1. Standardnterface: YES.
Throughimplementatiorin Java. In thestrict sensehis limits theapplications
to codewritten in Java, but, with limited sacri cesin generality application
codein otherlanguagegsanbeusedaswell (seebelow).

2. Scalable:YES.
Throughthe tuple spaceconcept. Scalability from the producersideis cur-
rently performed by hand', but automatedtratgiescaneasilybe imagined.
Also, bagscanin principle be replicatedwhenaccesdoadsbecomehigh and
bottlenecksarise,and automaticstratgjies to this end can be consideredas
well.

3. Secureresourcesharing:notimplemented/etin TaskSpaces.
But de nitely feasibleusingJava's built-in mechanism®f digital signatures
andpublic-privatekey cryptography.

4. Fault-tolerancenotimplemented/etin TaskSpaces.
But, for instanceautomatiauplicationof bagsfor backupreasongouldeasily
beachiezedvia simplecloning of Java objects.

5. Resourcallocationandscheduling:YES.
Thetaskbagactsasa ‘superqueue'.

6. Automaticdistribution of applicationcodeto worker machines.YES.
By downloadingJava objectsfrom thetaskbags.The objectscontainboththe
dataandreference$o theapplicationcode whichis dovnloadedautomatically
from theclasssenerupon rst useby aworker.

7. Scalableénterproces€ommunication:YES.
Throughdirectexchangeof serialized)ava objectsover socletsbetweernwork-
ers,seealso[9]. Ef cient collectve communicationsvould requireadditional
featuressuchasmulti-level communicatiorschemegseebelaw).
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8. Userchagingalgorithms:notimplementedyetin TaskSpaces.
Simplechaging strat@iesarestraightforvardto implement.

9. Quality-of-service:notimplementedsetin TaskSpaces.
This may requirethoroughstudy of the particulargrid ervironmentsconsid-
ered,andinstrumentatiorof objectsandworker machineswith performance
measuregandpriority mechanisms.

10. Resourcaliscovery: YES.
Computingresourcedliscover tasksby making themseles available to the
task bags,ratherthan the otherway around. Computefarmsare presently
assignedo taskbagsby hand but automaticmulti-level assignmenstratgies
arefeasible.

The overview above shawvs that the TaskSpaceslesign, despiteits simplicity,
is quite effective in realizingmary of the conceptuahspirationsof the “universal
computingdream'. In thefollowing Sectionswe illustratehow the framework, with
minimaleffort, canbeusedor apractical real-life parallelbioinformaticsapplication
on ad-hoccomputationafrids composedf a variety of widely available hardware

types.

32.3 APPLICATION: FINDING CORRECTLY FOLDED RNA MOTIFS IN
SEQUENCE SPACE

We have appliedthe TaskSpacedramenork to the following problem, which is
relevantbothto naturalevolutionandto aproces®f arti cial evolutioncalledSELEX
thathasbeenwidely usedto selectnew molecularfunctionsfrom randompools of
RNA. Givenapoolof randomRNA moleculeof aspeci edlength(typically 50-200
bases)whatis the probabilitythatthe randompool containamoleculeghathave the
right sequencandarefoldedinto theright structureneededor aparticularchemical
function? This questionis critical for the RNA world hypothesis: if molecules
that cancatalyzea particularreactionare especiallycommon,the ideathatthe tiny
amountsof RNA thatwould be producedby prebiotic synthesiscould producean
RNA metabolismbecomesnoreplausible(Fig. 32.4)[5]. Chemicallyactive RNA
moleculesare alsoroutinely synthesizedin SELEX laboratoryexperiments from
intially randompools of RNA molecules[6]. Speci cally, we have focussedon
determiningthe abundanceof isoleucineandhammerheadRNA motifs in random
moleculeg6]. Theisoleucinemotif is the shortestRNA motif capableof binding
speci cally to the amino acid isoleucine,while the hammerheadnotif cuts RNA
at speci ¢ locationsand hasbeenfound both in cells and throughSELEX. It has
beendeterminedexperimentallythat chemicalfunction of a certaintype appears
whenthe randomRNA moleculecontainsa prescribedmotif, which is composed
of several moduleswith partially speci ed sequenceand hasa prescribedolding
structure(seeFig. 32.5). The probability thata randommoleculematcheshoththe
prescribedsequenceand the structure,P (seq str uct), is calculatedin two steps
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Fig. 32.4 The RNA world hypothesis:if a smallnumberof randomRNA moleculessay
apool of 10° to 10° sequenceshasa reasonablgrobability of containingmoleculeswith
variouschemicafunctions thenprimitive metabolismsvouldbeexpectedo havearisermary
timesontheearlyEarth.

asP(segstruct) = P(seg P(structjseq. The sequenceprobability P(seg
canbe approximatedaccuratelyby combinatorialformulas[5, 6]. The conditional
probabilityof obtainingtheright folding structuregivenapartiallyrandommolecule
that containsthe right sequencegcannotbe approximatedanalytically In stead,
we approximatehis probability by computationafolding of large samplesf RNA
moleculegasamplesizeof 10,000is typically used):theprobabilityis approximated
by the numberof partially randommoleculesthat fold into the correctstructure,
divided by the total numberof moleculesin the sample.Oneimportantquestionof
interestis the variation of the probability P (seq str uct) asthe compositionof the
randompoolchangessincethecompositiorof RNA poolsmayhavevariedwidely on
the primitive earthandsincemoderngenomewary widely in composition possibly
affectingtheevolutionof speci c functions.Wesetoutto investicgatewhetherspeci ¢
kindsof chemicalfunctionarisemoreoftenin poolswith overall compositiorbiases
in particulardirections. This requiredthe computationafolding of mary samples
in fA; C; G; Ug compositionspace. We used5% intenals in compositionspace,
leadingto 969differentcompositiongo betested.Varyingthelengthof therandom
molecules(we have consideredengthsof 50, 100, and 150 nucleotides) further
increasedhe numberof foldings required. For the resultsto be discussedrie y
belov (see[6] for amoredetaileddiscussion)ywe performedabouthundredmillion
computationaffoldings. This constitutesa computationalproblem of moderately
large size,which would requireweeksto monthson a single fastworkstation. We
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decidedto usea grid computingapproach,mainly for e xibility, portability and
scalabilityreasons.

(a) Sequences

make random
sequences that
contain sites:

unpaired 1 {U,C,AG} predict
paired T {UA, AU, CG, structures
GC, GU, UG} @
— S xm

(d) P(seq) (e) P(struct |seq) (f) P(struct ,seq)

identi fy
sites

(b) Isoleucine
YN

5'NN NN

3 ' ‘NND
2

(c) Hammerhead
5NNNN | UNNNNN
3 NN ‘NNNN"\W :)

required
U paired re gion

Fig. 32.5 Procedurefor determiningthe effects of folding and sequenceeompositionon
motif abundance(a)themotifsareidenti ed by comparingsequencewith thesamefunction.
Theisoleucineaptamer(b) andthe hammerheadibozyme(c) both consistof modulesthat
musthave anexactsequenceand anking helicesthatmustbasepair but needmeetno other
constraints Thesaliagramshaow theexactsequencandstructureequirementthatwereused
in thecalculationsbasepairsareindicatedby connectindines. We calculatePr(sequence})
from thesequenceequirementsandPr(structurgsequencee) by constructingargesamples
of randomsequencethat containthe motif and computationallypredictingtheir structures.
The overall probability of nding a correctlyfolded sequencéf) is obtainedby multiplying
the probabilitiesfrom (d) and(e).

We usedthe ViennaRNA folding packagd3], whichis writtenin C, for folding
individual sequencesThe RNAfold executablds calledby the Java applicationon
eachworker nodeas needed. Non-Jaa executablesmustbe compiledin adwvance
for eachworker architectureand canbe downloadedfrom the codesener by the
workersupon rst use. Thus,althoughrelianceon codewritten in otherlanguages
increasesheeffort requiredfor cross-platformoperationit is still feasible.
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32.4 CASE STUDY: OPERATING THE FRAMEW ORK ON A
COMPUTATIONAL GRID

We simulatedthe RNA function probability problemon a grid composedof the
NCSAIA32 Linux PlatinumSuperclusteandvariousP4 Linux workstationsat CU
Bouldet Colorado. The Platinum machinefeatures968 P3 computeprocessors
(1GHz). For codedevelopmentandexecutionof somesmallersubproblemsonly the
local workstationsvereused while for largerproblemsthe local workstationsvere
combinedwith up to 200 Platinumprocessorgoncurrently The total computing
time usedfor this projectso far, including extensve initial runsfor exploring the
problemanddeterminingtheright approactandquestiondo be answeredamounts
to approximatelyl0,000Platinumprocessohours.

The framewnork waseasyto install on candidatevorker machines.Eventhough
Javais normally not thoughtof very muchasa languagefor supercomputingit is
actually available on all machineswe obtainedaccesdo, even the largestparallel
supercomputers.In fact, Java is catchingup fastin execution speedwith other
languagesandthe advantagesn easeof useand portability may actuallygive it a
goodfuturein scienti c computing.Locatingthe Java executablgwhichis typically
notincludedin the standardpath),copying the Java worker bytecodeto the worker
machine andstartingthe workers,wastypically very fast: for mostmachinest did
not take more than 15 minutesto make them participatein the grid. On parallel
computes,the standardqueueingsystemswere used. Varying queuedelayson
concurrentlyparticipatingmachinesdid not causea problem,becausedhe taskbag
(typically locatedon a workstationin Boulder)actsasa superqueueandthe RNA
folding tasksarelooselycoupledanddo notrequireary interprocessommunication
andsynchronizationThe Internetwasusedasnetwork connectiorbetweerthegrid
machinesandnetwork performancevasadequatatall times.

A major obstaclein constructingad-hocgrids like this is security which will
becomencreasinglyimportantasresearcmetworksandinstitutionsareincreasingly
tagetedby maliciousintruders. Under pressuréfrom maliciousattacks,potential
worker machineswill often be protectedby re walls. Participationin a grid then
requiresadditional re wall con guration,asourframenorkrequiresatpresentorker
nodeswith externally accessibléP addressesSecurityis anotherreasonwhy we
expect, as argued before, that grids will develop as “islands' for the foreseeable
future,furtherdelayingthe concepiof a "World Wide Grid'. Anotherinconvenience
in operatingagrid is thevarietyof queueingystem®peratingon parallelcomputers
andclusters. If machineswere available where TaskSpacesvorkerswould be the
only, continuouslyrunningprocesseshenmuchof thequeueingonsiderationsould
be dealtwith in moreef cient waysthatdecreaséurnaroundimes,for instanceby
extendingthe useandfunctionality of taskbagsassuperqueues.

We can summarizeour experienceswith operatingthe grid framework for a
real problemon a real moderatelysizedgrid, by sayingthat the framevork mostly
deliveredthe promised e xibility, portability andscalability
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32.5 RESULTS FOR THE RNA MOTIF PROBLEM

We estimatedthe abundanceof two motifs, the hammerheadibozyme and the
isoleucineaptamer in random-sequencpools of mary compositionsand several
lengths. Thesetwo well-studied motifs provide test casesfor our code on the
TaskSpaceamenork, with whichwe planto analyzedozendo hundredof motifs.
Knowing whereparticularkindsof RNA sequencearemostlikely to befoundin the
spaceof possiblecompositionsandwherethesesequenceare mostlikely to fold
into the correctstructureif they arefound,will provide striking new insightinto the
conditionsunderwhich particularRNA activities canevolve.

To testthe effects of nucleotidecompositionon the probability of meetingthe
sequenceequirementandthe probability of correctfolding, we generated.0,000
randomsequenceat eachof the 969 possibles% intervals of sequenceomposition.
Thesequencesereof totallength50,100,and150nuclectidesmeetinghesequence
requirementgor eachof the hammerheadndisoleucinemotifs. We repeatedhe
analysisfor sequencdength50 allowing G-U basepairs (a wealer type of pairing
thanthe morefamiliar "Watson-Crick'G-C andA-U basepairs,which arefound at
a smallbut not negligible frequeng in biological RNA structures).Thuswe folded
atotal of 77,520,00Gequencefor this experiment.

Wefoundthatthecompositiorof therandomizedequencesadastrikingeffecton
boththeprobabilityof nding eachmotif andtheprobabilityof correctfolding. Figure
32.6 shavs the probability of meetingthe sequenceequirementsthe probability
of correctfolding given that the sequenceequirementavere met, and the overall
probabilityof nding themaotif, for eachof the 9695% compositionghatincludeat
leastsomeof eachof thefour nucleotidedJ, C, A, andG. Thepatternsn thedifferent
diagramsarestrikingly different,indicatingthatfolding andsequencalundancean
actually have antagonisticeffects on the overall probability of nding a correctly
foldedmotif.

The probability of correctfolding rangedover mary ordersof magnitude Figure
32.6shaws, for all 5% intervals of nucleotidecompositionin the spaceof possible
compositionsthe probability of meetingthe sequenceequirementsn a completely
randomsequencdor the hammerheadndisoleucinemotifs (left andright respec-
tively; Figure32.6aand32.6b),the probability of correctfolding in partiallyrandom
sequencethatalreadymeetthesequenceequirementgFigure32.6cand32.6d),and
thecombinedprobabilityof nding thecorrectlyfoldedmotif. In sequencesf total
length100, he probabilityof nding theisoleucinemotif rangedrom 1:44 10 2!
to 5:71 10 1° with ameanof 3:62 10 !, reachingavalueof 1:71 10 1°
at unbiasechucleotidefrequengy anda maximumat the coordinatesl5%A, 25%C,
35%G,and25%U. the probability of nding the hammerheadnotif rangedfrom 0
to 4:58 10 10 with a meanof 7:37 10 '?, reachinga valueof 3:38 10 !
at unbiasechucleotidefrequeng anda maximumat the coordinate35%A, 10%C,
25%G,and30%U.

Sequencéengthalsohada substantiakffect onthe probabilityof correctfolding.
As expected[8, 10, 5], longersequenceblada large combinatorialadvantageover
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Fig. 32.6 Foldingresultsfor thehammerheagleft) andisoleucingright) motifs. Probability
of nding the requiredsequenceslementsa andb), probability of folding correctly given

thattherequiredsequencelementsverepresenic andd), andoverall probability of having

the requiredsequenceslementsand folding correctly (e andf). Volume of eachsphereis

proportionatto the probabilityateachof the 969internal5% intervalsin the spaceof possible
compositions.Radii are scaledsuchthatthe maximumradiusin eachdiagramis setto 0.01
compositionunit. Theseresultsarefor sequencéength100.
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Fig. 32.7 Fine-grainedanalysisof regions betweenthe two most probable points for
isoleucineaptamerfolding, which were ACGU = [10,30,35,25jand ACGU = [10,30,40,20]
with atotal sequencéengthof 50 nucleotides We madetenindependensamplegdots),each
of 100,000sequencesat eachof ten equalintervals betweenthe two mostprobablepoints
(smootheidine shavs the mean),and madetwenty- v e independensamplegdots), eachof
10,000sequencesiteachof forty equalintervalsbetweerthesesamewo points(morewiggly
line shavsthemean).Bothseriesareshovn atthesamescalein termsof absolutecomposition.
Thelinesfor the meansaresmoothin both casesalthough(asexpected)the scatteris lower
for thepointsatthelargersamplesize.

shortsequence meetingthe sequenceequirementgmaximum probabilitiesof
174 108, 1:42 10 % and7:87 10 © for 50, 100, and 150 nucleotides
for the hammerheadnotif, and3:46 10 °, 3:20 10 & and8:94 10 8 for
isoleucine:theprobabilityfor theisoleucineaptamechangesnoreslonly becausé
hastwo modulesinsteadof threefor the hammerhead)However, this combinatorial
adwantagewas offset somavhat by substantiallyworsefolding at greatersequence
lengths(maximumprobabilitiesof 5:64 10 2,2:49 10 ?,and1:08 10 2 for 50,
100,and150nucleotidegor thehammerheathotif, and3:17 10 !,1:78 10 'and
1:29 10 !forisoleucine).Themaximumoverallprobabilitiesfor thetwo siteswere
4:27 10 '?2,4:57 10 °,and8:61 10 °for50,100,and150nucleotidegor the
hammerheadotif, and1:88 10 °,5:71 10 '°and1:06 10 ° forisoleucine
(notethatthesearenot the productsof the bestprobabilitiesfor nding thesequence
requirementandfor folding, becauséheoptimaoccurredatdifferentcompositions).
These ndings aredif cult to reconcilewith experimentsthat shov that motifs are
muchmoredif cult to nd in longerrandomregions[4, 7]. Onepossibilityis that
the computationafolding systematicallyoverestimateshe probability of a correct
fold in longersequencesanotheris that other effects of sequencdength, notably
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ampli cation ef ciency, outweighthe effects of function at the RNA level. We

planto testtheseeffectsdirectly by synthesizingsequencethatarecomputationally
predictedo fold into onemotif or theother Wewill thenusechemicalandenzymatic
probingto testthe structuralpredictionsaroundeachmotif, and assaythe relevant

catalyticand binding parameterdo determinewhetherthe moleculesperformthe

predictedfunction.

To testwhetherthecompositionafrid wassufciently ne to locatetheregion of
maximumprobability, we performedamoredetailedanalysisof thetransecbetween
thetwo best-foldingpointsfor the isoleucineaptametusinga larger samplesize of
100,000sequenceperpointto reducetheeffectsof samplingerror Fig. 32.7showvs
thefolding probabilitiesat10intervalsbetweerthetwo bestpointsatsequencéength
50: 10%A, 30%C, 35%G, 25%U and 10%A, 30%C,40%G,20%U. Interestingly
the region of maximum probability was insensitve to the length of the sequence,
although(asseenabore) thelengthof the sequencehangedhe probability at each
point by ordersof magnitude.

Theseresultsdemonstratstriking relationshipdetweemucleotidecomposition
andtheprobabilityof nding speci ¢ sequencegndsuggesthatwe maybeableto
predictwhich kinds of random-sequengeools(for SELEX or in organisms)might
be mostableto evolve particularfunctions. The probability of nding the specic
functionswe searchedor (10 8 to 10 '?) areratherlower thanwe had predicted
from previous work, demonstratinghat the effects of folding are importantand
cannotbeignored. These gures areconsistentvith the obserationthatnev RNA
actiities are routinely isolatedin the laboratoryfrom random-sequencpools of
10'? to 10* molecules althoughthey do not provide supportfor the ideathat an
RNA metabolisntouldhave arisenfrom only afew hundredhousandandomRNA
moleculesas might have beenpresenton the prebioticEarth. Due to the chemical
problemsin synthesizindarge amountsof RNA without enzymesit hasoftenbeen
suggestedhat a simpler self-reproducingRNA systemprecededhe RNA World.
However, onceRNA was rst synthesizeqperhapgor anentirelydifferentreason),
our resultsshow that catalytic activity would soonbe likely to emege: 10*° 100-
nucleotideRNA moleculeds about50 microgramsf RNA, lessthanthe amountof
RNA foundin asinglegramof moderntissue.

32.6 FUTURE WORK

As demonstratedbove, our prototypegrid framewnork deliverspromising e xibility,
portability andscalabilityfor real-life applicationson ad-hocgrids. However, there
aremary interestingwaysin which the framavork canbe extended.

First of all, we are planningto build full Pythonlanguag&unctionality into the
framawvork to allow researcherfamiliarwith thatlanguagéo scaletheir single-CPU
taskseasilyto the grid. Pythonis becomingincreasinglypopularasa languageor
bioinformaticsmirroringits succes$or otherscienti c computingtasks.Secondas
indicatedin theenumeratiomn Section32.2,theframeavorkimplementatiomeedgo
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beextendedwith regardsto scalability fault-tolerancesecurity chagingalgorithms,
andquality-of-service.For example fault-tolerancanay be enhancedy cloning of
objectsandbags,andtransaction-typeommunication.Third, we planto addmore
extensve functionality in termsof supportfor comple parallelwork o ws (seeFig.
32.8),connectiorwith databasefor datafurnishingandresultcollection,andmulti-
level tree-basedollective communicatiorfor tightly-coupledparallelapplications.

configuration/controller host

data store host
-data item
-data item
-data item
-data item

controller
application

data producing
application

configuration bag
-node registrations|

comFarisor
result
A

process 1 process 2 process 3
task bag ﬁw‘g task bag

—=
e workerj—

Fig. 32.8 Proposedagent-mediatesvork ow diagram. In the rst phase,a con guration
agentsetsup awork ow topologyfor awork ow, consistingof two parallelprocesseanda
serialprocessn this example.In the secondphasethe dataarecarriedthroughthework o w
by executionagents For fault-tolerancgurposesthework o w couldbemadeself-migrating.

Onthe parallelbioinformaticsapplicationside,additionallooselycoupledparal-
lel bioinformaticsapplicationswill be studied,including variantsof the previously
consideredRNA folding statisticsproblem(for instance jnvestigation of the effect
of the length of the moleculeson correctfolding), and an examinationof whether
certaincompositionafeaturesof ribosomalRNA areuniversalacrossorganismsor
acrossRNA molecules.We arealsoconsideringmorechallengingapplicationsjn-
cluding proteomicswork o ws andtightly coupledproblemssuchashbuilding large

phylogenies.

32.7 SUMMARY AND CONCLUSION

We have describeda softwareframework for scienti c computingon computational
gridsthatis basedon tuple-spaceprinciplesandimplementedn Java, andwe have
demonstratethatseamlessimulationonanad-hocgrid composeaf awide variety
of hardwareis feasiblefor real-life parallelbioinformaticsproblems.The language
andgeneralapproachwe usedis mostappropriatein casesn which e xibility and
easeof con guration outweighconcernsaboutextractingmaximalperformanceon
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agivenarchitecturdor agiven, x ed,applicationwith x ed,large problemsizethat
mustbe executedrepeatedly In this latter situation,it is oftena goodinvestmento

developspeci ¢ optimizedsoftwaresolutionsof “high-performanceomputing'type.
In mary situationshowever, researchs dynamic,andresearctgoalsanddirections
changecontinuously In sucha rapid-prototypingervironmentwith wide variations
in problemsizes,with complex changingwork ows, and with fast variationsin

applicationcode a platform-independenhigh-throughputomputing'grid solution
of thetype proposedn this Chaptemay be mostappropriatepecaus®f the gains
in e xibility, portability andcross-platfornscalability
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