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Abstract

Computationally complex and data intensive atomic
scalebiomolecularsimulationis enabledvia Processingin
NetworkStorage (PINS):a novel distributedsystemframe-
work to overcomebandwidth,compute, storage, andsecu-
rity challengesinherent to the wide area computationand
storage grid. High throughputdata generation require-
mentsfor our scienti�c target are overcomethroughnovel
aggregate bandwidthcapabilities. Biomolecularsimula-
tion methodsare correlated with the client tools, hybrid
database/�le server (GEMS), computationengine (Con-
dor), virtual �le system adapter (Parrot), and local �le
servers (Chirp). PINSperformanceis reportedfor thepath
samplingof a solvatedproteindomainrequiringover 1000
simulationswith total output data generation on the order
of 1TB.

1 Intr oduction

Computationallycomplex andhighly parallel biomolec-
ular samplingmethodssuch as Folding@home[8] have
beensuccessfullymappedto grid resourcesin orderto over-
comecomputationalresourcelimitationsof individual sim-
ulation scientists. However grid characteristics such as
heterogeneousresources(compute,storage,network), au-
tonomousowners,andsegmentedorganizationalauthenti-
cationpresentspecialchallengesfor theef�c ientproduction
andmanagementof large datasets. Our studyof molecu-
lar transitionpaths,requiringthegenerationof nearly1000
trajectories,will beenabledby theuseof grid computation
onlywhencoupledwith anef�cient grid storageframework.
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We �rst introduce our target scienti�c application of
atomic scale biomolecular simulation, speci�cally, path
samplingof theWW proteindomain. We thenpresentthe
ProcessingIn Network Storage(PINS) model which ef�-
ciently mapsmolecularpath samplingto the grid, allow-
ing high throughput datacreation. Our implementationof
theframework is described,followedby adiscussionof the
improvedsimulationscalabilitythroughreductionof band-
width consumption. Current path samplingstatisticsare
presentedandwe concludewith a short discussionof the
novel PINScapabilitiesin abrief review of relatedwork.

2 Protein Domain Simulation

Atomic scalebiomolecular simulationbasedonmolecu-
lar dynamicsis theprimaryscienti�c applicationfor thecur-
rent phaseof PINS development.This simulationmethod
hasalreadyproven to be a crucial tool in the revelationof
fundamentalprotein,nucleicacid,andcell boundaryprop-
erties.A promisingfutureholdshopefor longertime scale
analysisenabledthroughcomputationaladvancesin archi-
tectureandalgorithms[12,17,10]. Two areasof intensere-
searchin the�eld arebiomolecularsamplingandpathiden-
ti�cation [24, 6, 2, 15,4, 7]. Botharecomputationanddata
intensivesincethey involvelongtrajectorieswith expensive
inter-atomic force computation per step. In this work we
presentgrid distributedpathidenti�cation simulationsof a
proteindomain.

Theprotein underanalysisis theWW proteindomainof
the PIN1 enzyme.The PIN1 enzymebindsto a subsetof
proteins,playing a role in the regulationof their function.
Mostnotablytheup-regulationof PIN1maybeinvolvedin
certaincancers,andthedown-regulationmaybeinvolvedin
Alzheimer's disease[14]. Similar WW domainsare found
as componentsof many larger proteinsand participatein
binding reactionsaffecting protein regulation of a variety



Figure 1. WW Domain with ARG12 sho wn.
PDB ID 1I6C. Six residues have been trun-
cated off the �e xib le lin ker end. [1, 25, 11]

of functions[19]. We are studyingthemotionandratesof
the domain's recognitionloop (Figure 1). The testsystem
for simulationconsistsof an explicitly solvated551 atom
domainwith 1469TIP3Pwatermoleculesfor a totalsizeof
4958atoms.

2.1 Path Sampl ing

The targetof thesebiomolecularsimulationsis to iden-
tify a highly probablepathof motion alonga given setof
reactioncoordinates,and estimate the respective ratesof
this motion. To de�ne a path,we focuson the motion of
the Arg12 residue(aminoacid cf. Figure 1) from its po-
sition in the WW domain's unboundcon�guration to that
of the bound. The path is sampledusing the Transition
Path Sampling(TPS) method[4] which involves the iter-
ative trial of numerouspaths(moleculardynamicstrajecto-
ries) to obtaina representative ensembleof possiblepaths.
Themethodtargetsrareevent(rapidbut infrequent)transi-
tion pathswhich maybesampledvia numerousshortsim-
ulationsasopposedto fewer long simulations.Depending
on thespeci�c pathandlengthof trial trajectories50 to 90
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Figure 2. Abstract Simulation Contr ol.

percentof thetrajectoriesmayfail. To generateasetof 100
acceptedtrajectorieswe expectto run approximately 1000
trials. Postprocessingis performedontheacceptedpathen-
sembleto determinethemostprobablepath,estimaterates,
anddeterminetransitionpoints.

3 PINS Framework

The PINS framework is built upon the close integra-
tion of multiple independentsoftwarecomponentsdesigned
to provide client interface,�le management,computation
management,storageresourceaccess,computeresource
access,and secureauthenticationover the heterogeneous
wide areacomputationalgrid. A scientist candirectly har-
nessthesecomponents,accordingto their respective APIs,
throughtheir scriptinglanguageof choice.Thesimulation
executionis controlledvia an interactive client side script
andan `in network' PINS script. A simpleabstractionof
the control script is shown in Figure2. Fully detailedex-
amplescriptsspeci�c to themolecular simulationreported
hereareavailableonline1.

Figure 3 provides a high level overview of the com-
ponentsandfunctionality. A datagenerationcomputation
(moleculardynamics)is matchedwith a computationre-
sourcefollowed by the storageof the data in the grid.
A subsequentdataanalysiscomputationlocatesthe stored
�les andautomaticallyselectstheavailablecomputationre-
sourcewithin the closestproximity. Bandwidth utilization
to theremoteclient is reducedto communicationwith Con-
dor daemonsandthe small output�les from postprocess-
ing the large 'in grid' datasets.To make this abstractrep-
resentationmore concretewe describethe following core
componentsutilized in ourPINSimplementation.Notethat
the scientist's interfacewith eachof thesecomponentsis
throughhisor herchosenscriptinglanguageandthemajor-
ity of underlying functionalitybehindthecomponentinter-
facesis abstractedto allow focuson implementationof the

1http://gipse.cse.nd.edu/GEMS
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Figure 3. PINS enabled sim ulation on heter ogeneous resour ces in the wide area

simulationalgorithm.

� File Management

File managementis enabled via the Grid En-
abledMolecularSimulation (GEMS) hybrid �le sys-
tem/database[26]. GEMS provides client tools to
store,query, andretrieve dataover heterogeneousand
autonomousstorageresources. The GEMSserver ef-
�ciently managesreplicated�les andtheir associated
metadatato provide fault-tolerantlarge-capacitystor-
age[28]. The GEMS client tools can be run on the
scientist's hostmachineor, asin thePINSframework,
calledaspartof theremotecomputation thushandling
�le movementand accesswithin the grid distributed
resources.

� StorageAccess

Theheterogeneousandautonomousstorageresources
aremadeavailableby theChirp �le server [22] which
providessecureauthenticated accessto �les residingin
spaceallocatedby thestorageowner throughtheuser
level installationof a Chirp server. Remoteaccessto
the distributed �les is enabledby the Parrot personal
�le systemadapter[23] which allows applicationsto
utilize theremote�les directly withoutmodi�cation.

� Work �o w ManagementandMatchmaking

Grid distributed computeresourcesare matchedand
authenticatedto our simulationprocessesthroughthe
Condor[13] grid engine.PINSscriptswhich manage
the storageand computationin a fault tolerant man-
nerareexecutedasCondorjobs. Intermittentjob fail-

uresresultingfrom inherentresourcefaultsareover-
comethroughautomaticrestartsfrom thelastregularly
saved simulationprogresspoint, aidedby a transac-
tional record-keepingmodel.

� SecureAuthentication

Authenticationandsecurityareenableduniformly by
eachcomponent.At thehighestlevel GEMSenforces
storageandaccesspermissionson all �les over mul-
tiple domains,while Condor and Chirp provide au-
thenticationmethodssuchasGlobuscredentials,host-
name,andUnix/AFSpermissions[27].

� High ThroughputDataGeneration

Data intensive grid distributed simulation must ac-
knowledgepractical bandwidthand centralizedstor-
agelimitations. TheGEMSframework automatically
utilizes storageandcomputationlocality information
minimizing both total andpeakbandwidthconsump-
tion. Computation producing new datais correlated
with distributedstorageon or nearbythecomputation
host, allowing high throughputcomputationto pro-
ducehigh throughputdatawithout concernfor over-
loadingcentralized storage.This uniquecapabilityis
thekey highlight in thisphaseof ourPINSmappingto
biomolecularsimulation.

� CooperationandDynamism

As resourcesin largescale computing areoftenowned
or managedby disparategroups, we enableresource
sharingandcooperationwhile respectingtheauthority
of the machineowner. This authorityallows changes

3



in theavailableresourcesthatareuncontrollableby the
systemasa whole. Operationswithin thesystemmay
berepresentedascombinationsof operationtype, job
type, datasources,job location,andreplica location.
Thesecombinationsarecreateddynamicallyby thejob
schedulerandreplicalocationsystem,enabling theef-
fectiveuseof uncontrolledremoteresources.

4 Experimental Results

We�rst presentbaselineaggregatedatagenerationmea-
suresdemonstratingthe requirementto handlebandwidth
andstorageef�ciently for high throughputcomputationof
variableresolutiontrajectories.Thenwefollow by showing
how our PINS framework is beingsuccessfullyutilized to
studythePIN1 WW domainARG12pathwith PINSWW
domainsamplingstatistics.

4.1 A ggr egate bandw idth

Our application requires both a transactionalrecord-
keepingmodelandhighpeakoutputdatabandwidthto keep
up with the large degreeof parallelism obtainedthrough
thedistributedcomputationalresources. For example,con-
siderthebandwidthusagerecordedin Table1 for anunsol-
vatedWW domain.Clearly, highresolutionresultsobtained
from multiple concurrentsimulationswill eventuallyover-
whelma client machineemploying a datastagingmethod,
due to limits in the available network bandwidth and op-
eratingsystemcapabilities.Sinceour resourcefabric con-
sistsof widely distributed commodityhardwareconnected
by ageneralpurpose,multipleusenetwork, theatraditional
�le stagingarchitecturewill not suf�ce. The PINS frame-
work removesbandwidthbottlenecksby harnessingthead-
ditional bandwidthparallelism availablein the network of
volunteerresources,andconservesbandwidthby employ-
ing datalocality whenavailable.

4.2 PINS st atisti cs

We areincrementallyexecuting2000moleculardynam-
ics simulations,wherehalf of thesimulationsrepresentthe
forward andreversecomponentsof a single trajectoryre-
spectively. This yields a total of 1000attempted trajecto-
ries. Eachsimulationrequiresapproximately 65 hoursof
uninterruptedcomputationtimeonaPentium4 system.For
ahomogeneoussystemof suchmachinesthiswouldyield a
totalcomputation timeestimateof 130,000CPUhours.Uti-
lizing heterogeneousandautonomousresourcesyieldssig-
ni�cant variancein thecomputationaverageasjobsrun on
numerousarchitecturesandaresubjectto resourceeviction.
Eachsimulationwassegmentedinto automaticallyrestart-

ing segments suchthat the maximumcomputationalover-
headfrom asingleeviction was2 hours.

The total storagerequirementis estimatedat 1000 MD
trajectories� 350MB � 3 replicas2resultingin a storage
requirementof over 1TB. Eachsimulation is comprisedof
7 input �les and8 output�les. Theoutputwasbrokeninto
100segmentsfor restartfunctionalityyielding 2000� 100
storeddatarecordsfor a total of 2000 � 100 � 8 output
�les, not countingthereplicas.

The PINS framework enablesthis high throughputdata
generationby reducingbandwidthconsumptionthroughthe
ef�cient utilization of distributedstorage.During simula-
tion theoutputdatais storedandreplicatedacrossthedis-
tributedstoragein a locationawaremanner. Storageis �rst
attemptedon the computehost, the fall backoption looks
for a storagehost in thesamedomain, an�nally any avail-
ablestoragehost. For the initial storage of all simulations
we observe negligible bandwidthutilization asopposedto
an over network storeof 350GB for all 1.6 million �les.
Subsequentdistributed replicationcan be managedat off
peaktimes[28].

4.3 WWd Path Sampli ng

Initial trial trajectoriessuffereda low acceptanceratioof
lessthan5%promptinganadjustmentof thedihedralangle
orderparameterspeci�cation andtherandominitial veloc-
ity generator. For subsequenttrial trajectorieswe areexpe-
riencingimproved acceptancesapproaching10% andcon-
tinueto revisethetrials for moreef�cient sampling.Figure
4 is a Ramachandranplot showing theconformationsfrom
a 10pssegmentof a 1ns trajectory. During this short seg-
menta transitionwascapturedbetweensstatesA andB as
de�ned by the dihedralorder parameters. The trajectory
generationphasewill continueuntil a representative setof
at least100pathsis collected.

Upon completionof the path samplingphasethe path
ensemblewill beheavily postprocessedin a secondphase
of distributedcomputationto determineaveragethermody-
namic properties,transitionpoints, and the calculation of
transitionrates.Thesecondphaseanalysiswill alsorequire
additionalsimulationsto calculatefreeenergy terms.

5 RelatedWork

Therearemultiple grid utilities andmiddlewarecompo-
nentswhich couldbeselectedto build a PINSframework.
Theef�ciency with respectto how PINSenablescomputa-
tion, storage,andbandwidthutilization is highly dependent
on thesecomponents.We referencethefollowing research

2GEMS asynchronouslyand dynamically obtainsstoragespaceand
creates�le replicasto providedatasurvivability onuncontrolledresources
[26].

4



Numberof concurrentsimulations
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 band width obser vations for WW domain sim ulation. Output resolut ion represents
regularity of sim ulation state output with respect to the time step.

Figure 4. Ramachandran plot for a 10 ps seg-
ment of a 1 ns trajector y, captur ing the tran-
sition between states A and B

projectswith respectto their PINSrelative functionandor
applicationfor biomolecular simulation.

TheStorageResourceBroker (SRB)[16] allows for the
constructionof uni�ed datagrids, from a variety of storage
systems.SRBprovidesmultiple user-con�gurablereplica-
tion techniques,with appropriatemetadatamanagedin a
database[18].

TheGlobus[9] ReplicaLocationService(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 thedatastagingmodelof job submission,using
cachemanagementstrategiesto reducenetwork bandwidth
consumption.

TheGFARM project[21] addressespossiblecollocation
opportunitiesto enhancethe I/O performanceof a fully
POSIX capable grid distributed�l e system.To meettheir
performanceandscalabilityobjectives,ef�cient replication
algorithmsareemployed to improve datapreservation and
collocationover thewide (intercontinental)area.

While thesethesedistributedarchitecturesprovidecapa-
bilities suitablefor usein a PINS framework, we choseto
implementPINS on top of the cited componentsbasedon
thefollowing novel utilities. First is theminimal impacton
existing client applications,resources,andinstitutionalau-
thenticationasenabledby theParrot/Chirp[22] system. In
addition,theParrot interfacedesignallows for a greatdeal
of �e xibility runningsimulationscriptsbecauseof theloca-
tion independenceandvirtual �le systemthatParrotcreates.
Second,GEMSallows for heterogeneousand�e xible scal-
ability with norequirementsfor applicationrecompilations,
root privileges,or kernel modi�cations. Further, thehybrid
architecturebetweena �le databaseanda �le systemtar-
getsthecorescienti�c tasksof datacreation,analysis,and
archive browsingallowing for optimizationsnot feasiblein
a full featured�le system. Finally, Condorhasa robust in-
terfacefor matchmakingandjob eviction ideally suitedfor
a highly heterogeneousandautonomoussetof computere-
sources.

A storagesystemdesignedfor the applicationareaof
moleculardynamicsis BioSimGrid [20]. Built upon the
provision for a uni�ed format trajectorydatabase,BioSim-
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Grid provides tools to perform analysison its libraries of
simulationdata.Thesoftwarearchitecturecombinesastan-
darddatabasewith anunderlyingSRBstoragesystem.The
primarydifferencesbetweenBioSimGridandPINSarethe
PINSdistributedcomputation interfaceandresiliency in the
faceof uncontrolled, volunteeredresources,which subse-
quentlydrivesa divergencein the grid distributed storage
design.
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