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Abstract

Computationally complex and data intensive atomic
scalebiomolecularsimulationis enabledvia Processingn
NetworkStorage (PINS): a novel distributedsystenframe-
work to overcomebandwidth,compute storage, and secu-
rity challengesinherentto the wide area computationand
storage grid. High throughputdata geneation require-
mentsfor our scienti ¢ target are overcomethrough novel
aggregate bandwidth capabilities. Biomolecularsimula-
tion methodsare correlated with the client tools, hybrid
database/ le server (GEMS), computationengine (Con-
dor), virtual le sysem adapter (Parrot), and local le
serves (Chirp). PINSperformancds reportedfor the path
samplingof a solvatedproteindomainrequiring over 1000
simulationswith total output data genemation on the order
of 1TB.

1 Intr oduction

Computationallycomplex andhighly parallé biomolec-
ular sampling methodssuch as Folding@home[8] have
beensuccessfullynappedo grid resource orderto over-
comecomputationatesouce limitations of individual sim-
ulation sciertists. However grid characteristis such as
heterogeneousesources(compute,storage network), au-
tonomousowners,and segmentedorganizationalauthenti-
cationpresenspeciakhallengegor theef ¢ ientproduction
and managemenbf large datases. Our study of molecu-
lar transitionpaths requiringthe gererationof nearly 1000
trajectorieswill be enabledby the useof grid computation
onlywhencoupledwith anef cient grid storagdramenork.
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We rst introduce our target scienti ¢ application of
atomic scale biomolecular simulation, speci cally, path
samplingof the WW proteindomain. We thenpresenthe
Processingn Network Storage(PINS) modelwhich ef -
ciently mapsmolecularpath samplingto the grid, allow-
ing high throuchput datacreation. Our implementatiorof
theframeawork is describedfollowedby a discusson of the
improved simulationscalabilitythroughreductionof band-
width consumption. Current pah samplingstatisticsare
presentecand we concludewith a shortdiscussionof the
novel PINS capabilitiesin a brief review of relatedwork.

2 Protein Domain Simulation

Atomic scalebiomolecula simulationbasedon molecu-
lar dynamicdgs theprimaryscienti ¢ applicationfor thecur-
rent phaseof PINS development. This simulationmethod
hasalreadyprovento be a crucial tod in the revelation of
fundamentaprotein,nucleicacid, andcell boundaryprop-
erties. A promisingfuture holdshopefor longertime scale
analysisenabledhroughcomputationabdvancesn archi-
tectureandalgorithmg[12, 17,10]. Two areasof intensere-
searchn the eld arebiomolecularsamplingandpathiden-
ti cation [24, 6, 2,15, 4, 7]. Botharecomputatioranddata
intensie sincethey involve longtrajectorieswith expensve
inter-atomic force compuation per step. In this work we
presentrid distributedpathidenti cation simulationsof a
proteindomain.

Theproten underanalysisis the WW proteindomainof
the PIN1 enzyme. The PIN1 enzymebindsto a subsetof
proteins,playing a role in the regulation of their function.
Most notablythe up-regulationof PIN1 maybeinvolvedin
certaincancersandthedown-regulationmaybeinvolvedin
Alzheimer's diseasd14]. Similar WW domainsare found
as conponentsof mary larger proteinsand participatein
binding reactionsaffecting protein regulation of a variety



Figure 1. WW Domain with ARG12 shown.
PDB ID 1I6C. Six residues have been trun-
cated off the e xible linker end. [1, 25, 11]

of functions[19]. We are studyingthe motion andratesof

the domains recognitionloop (Figure 1). Thetestsystem
for simulationconsistsof an explicitly solvated551 atom
domainwith 1469TIP3Pwatermoleculedor atotal sizeof

4958atoms.

2.1 Path Sampling

The target of thesebiomolecularsimulationsis to iden-
tify a highly probablepath of mation along a given setof
reactioncoordinates,and egimate the respectie rates of
this motion. To de ne a path, we focus on the motion of
the Arg12 residue(aminaacid cf. Figure 1) from its po-
sition in the WW domains unboundcon guration to that
of the bound. The pathis sampledusing the Transition
Path Sampling(TPS) method[4] which involvesthe iter-
ative trial of numerougaths(moleculardynamicstrajecto-
ries) to obtaina representatie ensembleof possiblepaths.
The methodtargetsrare event(rapid but infrequent)transi-
tion pathswhich may be sampledvia numerousshortsim-
ulationsasopposedo fewer long simulations.Depending
onthespecic pathandlengthof trial trajectoriess0to 90
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Figure 2. Abstract Simulation Contr ol.

percentof thetrajectaiesmayfail. To generag a setof 100
acceptedrajectorieswe expectto run approximatéy 1000
trials. Postprocessings performedontheacceptegathen-
sembleto determinegthe mostprobablepath,estimaterates,
anddetermindransitionpoints.

3 PINS Framework

The PINS framework is built upon the close integra-
tion of multipleindepenlentsoftwarecomponentsiesigned
to provide client interface, le managementcomputation
managementstorageresourceaccess,computeresource
accessand secureauthenticationover the heterogeneous
wide areacompuationalgrid. A scientst candirectly har
nessthesecomponets, accordingto their respectie APIs,
throughtheir scriptinglanguageof choice. The simulation
executionis controlledvia an interactive client side script
andan in network' PINS script. A simple abstractionof
the control scriptis shavn in Figure2. Fully detailedex-
amplescriptsspeci ¢ to the molecula simulationreported
hereareavailableonline?.

Figure 3 provides a high level overvien of the com-
ponentsandfunctionality A datagenerationcomputation
(moleculardynamics)is matchedwith a computationre-
sourcefollowed by the storageof the dat in the grid.
A subsguentdataanalysiscomputationlocatesthe stored
les andautomaticallysdectstheavailablecomputatiorre-
sourcewithin the closestproximity. Bandwdth utilization
to theremoteclientis reducedo communicatiorwith Con-
dor daemonsandthe small output les from postprocess-
ing thelarge'in grid' datasets. To make this abstractrep-
resentatiormore concretewe describethe following core
componentsitilized in our PINSimplementationNotethat
the sdentist's interface with eachof thesecomponentds
throughhis or herchoserscriptinglanguageandthe major
ity of undelying functionality behindthe componentnter-
facesis abstractedo allow focusonimplementatiorof the

Ihttp://gipse.cse.nd.edu/GEMS
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Figure 3. PINS enabled simulation on heterogeneous resour ces in the wide area

simulationalgorithm.

File Management

File managementis enabled via the Grid En-
abledMolecular Simulation (GEMS) hybrid le sys-
tem/databasg¢26]. GEMS provides client tools to
store,query andretrieve dataover heterogeneouand
autonomoustorageresource. The GEMS sener ef-
ciently manageseplicated les andtheir associated
metadatao provide fault-tolerantlarge-capacitystor
age[28]. The GEMS client tools can be run on the
scientists hostmachineor, asin the PINS framework,
calledaspartof theremotecomputdion thushandling
le movementand accesswithin the grid distributed
resources.

StorageAccess

The heterogeneouandautonomoustorageresources
aremadeavailableby the Chirp le sener[22] which
providessecureauthenticatd accesso les residingin
spaceallocatedby the storageowner throughthe user
level installationof a Chirp sener. Remoteaccesdo
the distributed les is enabledby the Parrot personal
le systemadapter{23] which allows applicationsto
utilize theremote les diredly withoutmodi cation.

Work ow ManagemenandMatchmaking

Grid distributed computeresourcesare matchedand
authenticatedo our simulationprocesseshroughthe
Condor[13] grid engine.PINS scriptswhich manage
the storage and conmputationin a fault tolerant man-
nerareexecutedasCondorjobs. Intermittentjob fail-

uresresultingfrom inherentresourcefaults are over-
comethroughautomatiaestartfrom the lastregularly
saved simulation progresspoint, aidedby a transac-
tional record-lkeepingmodel.

SecureAuthentication

Authenticationand securityare enableduniformly by

eachcomponentAt the highestievel GEMS enforces
storageand accesspermissionon all les over mul-

tiple domains,while Condorand Chirp provide au-

thenticatiormethodssuchasGlobuscredentialshost-
nameandUnix/AFS permissbns[27].

High ThroughputDataGeneraibn

Data intensive grid distributed simulation must ac-
knowledge practical bandwidthand centralizedstor
agelimitations. The GEMS framewvork automatically
utilizes storageand computationlocality information
minimizing both total and peakbandwidthconsump-
tion. Computation prodwcing new datais correlated
with distributedstorageon or nearbythe computation
host, allowing high throughputcomputationto pro-
ducehigh throughputdatawithout concernfor over
loading centraized storage. This uniquecapabilityis
thekey highlightin this phaseof our PINS mappingto
biomolecularsimulation.

CooperatiorandDynamism

As resourceén large scde computirg areoftenowned
or manageddy disparategroups we enableresource
sharingandcooperatiorwhile respectinghe authority
of the machineowner. This authorityallows changes



in theavailableresourceghatare uncontrollableby the
systemasa whole. Operationswithin the systemmay
be representedscombinationsof operationtype, job
type, datasourcesjob location, andreplicalocation.
Thesecombinationsrecreateddynamicallyby thejob
scheduleandreplicalocationsystemgnating the ef-
fective useof uncontrolledrenoteresources.

4 Experimental Results

We rst presenbaselineaggrajatedatageneratiormea-
suresdemonstratinghe requiremento handlebandwidth
andstorageefciently for high throughputcomputationof
variableresolutiontrajectories. Thenwe follow by shaving
how our PINS framework is being successfullyutilized to
studythe PIN1 WW domainARG12 pathwith PINSWW
domainsamplingstatistics.

4.1 Aggregate bandw idth

Our application requires both a transactionalrecord-
keepingmodelandhigh peakoutputdatabandwidthto keep
up with the large degree of paralldism obtainedthrough
the distributedcomputationaresourcesFor example,con-
siderthebandwidthusagerecordedn Tablel for anunsol-
vatedWW domain.Clearly, highresolutionresultsobtained
from multiple concurrentsimulationswill eventuallyover-
whelm a client machineemploying a datastagingmethod,
dueto limits in the available network bandwdth and op-
eratingsystemcapabilities. Sinceour resourcefabric con-
sistsof widely distributed commodityhardware connected
by agenerapurposemultiple usenetwork, theatraditional

le stagingarchitecturewill not sufce. The PINS frame-

work removesbandwidthbottleneckdy harnessinghe ad-
ditional bandwidthparallelism available in the network of
volunteerresourcesand conservesandwidthby emgoy-
ing datalocality whenavailable.

4.2 PINS statisti cs

We areincrementallyexecuting2000moleculardynam-
ics simulationswherehalf of the simulationsrepresenthe
forward and reversecomponent®f a singletrajectoryre-
spectvely. This yields a total of 1000 attenpted trajecto-
ries. Eachsimulationrequiresapproximately 65 hoursof
uninterruptecconputationtime on a Pentiumd system.For
ahomogeneousystemof suchmachineghiswouldyield a
totalcomputatim time estimateof 130,000CPUhours.Uti-
lizing heterogeneouandautonomousesourceyields sig-
ni cant variancein the computatioraverage asjobsrun on
numerousrchitecturesindaresubjectto reurceeviction.
Eachsimulationwas segmentednto automaticallyrestart-

ing seggmerts suchthat the maximumcomputationabver
headfrom a singleeviction was2 hours.

The total storagerequirements estimatedat 1000 MD
trajectories 350MB 3 replicagresultingin a storage
requiremenbf over 1TB. Eachsimulation is comprisedof
7 input les and8 output les. Theoutputwasbrokeninto
100 sggmentsfor restartfunctionality yielding 2000 100
storeddatarecordsfor a total of 2000 100 8 output
les, notcountingthereplicas.

The PINS frameavork emablesthis high throughputdata
generatiorby reducingbandwidthconsumptiorthroughthe
efcient utilization of distributed storage. During simula-
tion the outputdatais storedandreplicatedacrossthe dis-
tributedstoragen alocationawaremanner Storageis rst
attemptedon the computehost, the fall back option looks
for a storagehostin the samedomain, an nally ary avail-
ablestoragehost For theinitial storaye of all simulations
we obsene neagligible bandwidthutilization asopposedo
an over network store of 350GB for all 1.6 million les.
Subsequentlistributed replication can be managedat off
peaktimes[28].

4.3 Wwd Path Sampli ng

Initial trial trajectoriessufferedalow acceptanceatio of
lessthan5% promptinganadjustmenbf thedihedralangle
orderparametespeci cation andthe randominitial veloc-
ity generatar For subseganttrial trajectoreswe areexpe-
riencingimproved acceptanceapproachingl0% and con-
tinueto revisethetrials for moreef cient sampling.Figure
4 is a Ramachandramplot shaving the conformationsrom
a 10ps sggmentof a 1 nstrajectay. During this short sey-
menta transitionwas capuredbetweenstatesA andB as
de ned by the dihedral order paraneters. The trajectory
generatiorphasewill continueuntil a representatie setof
atleast100pathsis collecied.

Upon completionof the path samplingphasethe path
ensemblewill be heavily postprocessedn a secondphase
of distributedcomputatiorto determineaveragethermody-
namic properties transition points, and the calcultion of
transitionrates. Thesecondhaseanalysiswill alsorequire
additionalsimulationgto calculatefree enegy terms.

5 RelatedWork

Therearemultiple grid utilities andmiddlevarecompo-
nentswhich could be selectedto build a PINS framework.
The ef ciency with respecto how PINS enablecomputa-
tion, storageandbandwidthutilizationis highly dependent
on thesecomponentsWe referencehe following research

2GEMS asynchronoushand dynamically obtains storagespaceand
createsle replicasto provide datasurvivability on uncontrolledresources
[26].



[

Numberof concurrensimulatons ||

OutputResolution 64 128 256

1000fs 0.05MB/s | 0.1MB/s | 0.21MB/s
100fs 0.53MB/s | 1.06MB/s | 2.12MB/s
10fs 5.3MB/s | 10.6MB/s | 21.2MB/s

Table 1. Output bandwidth obser vations for WW domain simulation. Output resolut ion represents
regularity of simulation state output with respect to the time step.

Figure 4. Ramachandran plot for a 10 ps seg-
ment of a 1ns trajector y, captur ing the tran-

sition between states A and B

projectswith respecto their PINSrelaive functionandor
applicationfor biomolecula simulation.

The StorageResourceBroker (SRB) [16] allows for the
constructiorof uni ed datagrids, from avariety of storage
systems.SRB provides multiple usercon gurablereplica-
tion technques, with appropriatemetadatamanagedn a
databas§18].

The Globus[9] ReplicalLocationService(RLS) [5] pro-
videsthe ability to maplogical le namesto physical le
locations. Systemsbuilt uponthe RLS must manageuser
metadataexternally. Another Globus project, GASS[3],
exempli es the datastagingmodelof job submissionusing
cachemanagemerstrat@iesto reducenetwork bandwidth
consumption.

The GFARM project[21] addressepossble collocation
opportunitiesto enhancethe 1/0 performanceof a fully
POSIX capalte grid distributed | e system. To meettheir
performanceandscalabilityobjectives,ef cient replication
algorithmsare employed to improve datapreserationand
collocationover thewide (intercontinentalprea.

While thesethesedistributedarchitectuesprovide capa-
bilities suitablefor usein a PINS framework, we choseto
implementPINS on top of the cited componentbasedon
thefollowing novel utilities. Firstis the minimalimpacton
existing client applicationsyesourcesandinstitutional au-
thenticationasenabledoy the Parrot/Chirp[22] sygem. In
addition,the Parrotinterfacedesignallows for a greatdeal
of exibility runningsimulationscriptsbecausef theloca-
tionindependencandvirtual le sysemthatParrotcreates.
SecondGEMSallows for hetebgeneousnd e xible scal-
ability with norequirementgor applicationrecompilations,
root privileges, or kernel modi cations. Further the hybrid
architecturebetweena le databasenda le systemtar
getsthe corescienti ¢ tasksof datacreation, analysis,and
archive browsingallowing for optimizationsnot feasiblein
afull featuredle sygem. Finally, Condorhasarobustin-
terfacefor matchmakingandjob eviction ideally suitedfor
a highly heterogeneousndautonomousetof computere-
sources.

A storagesystemdesignedfor the applicationareaof
moleculardynamicsis BioSimGrid [20]. Built uponthe
provision for a uni ed formattrajectorydatabaseBioSim-



Grid providestools to peiform analysison its libraries of

simulationdata. Thesoftwarearchitecturecombinesastan-
darddatabasavith anunderlyingSRB storagesystem.The

primary differencedetween BioSimGridandPINS arethe

PINSdistributedcomputdion interfaceandresilieng in the
faceof uncontroled, volunteeredresourceswhich subse-
quently drives a divergencein the grid distributed storage
design.
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