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Abstract

Modern parallel cosmologicalsimulators are an important component in the study of the

formation of galaxiesand planetary systems. However, existing simulators do not scaleef-

fectively on more recent machines containing hundreds and thousandsof processors.The

parallel programming lab at University of Illinois, in collaboration with the Department

of Astronomy at University of Washington, has developed a new parallel simulator called

ParallelGravit y which is basedon the Charm++ infrastructure. The work on the simulator

hasbeensupported by the National ScienceFoundation. This simulator providesa powerful

runtime systemthat automatically maps computation to physical processors.The simula-

tor scalesto a large number of processorswith astronomicaldatasetscontaining millions of

particles using Charm++ features, in particular its measurement-based load balancers. In

this thesis, we describe someoptimization techniques that have been implemented as part

of the simulator. We implement a new scheme for organizing force computation and new

techniques for particle spacedecomposition. The new force computation schemeusesthe

ideaof an interaction list introducedin [12]. The performancecomparisonof particle decom-

position techniquesis doneand the e�ect of Charm++ featureslike run-time load balancing

is investigatedon di�erent typesof particle decompositions. By the addition of featureslike

the onespresented in this thesis, we aim to completea production versionof the code and

make ParallelGravit y a powerful resourcefor the astronomy community.
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Chapter 1

In tro duction

In the past, the N-body problemin astrophysicsdealt with the evolution of the SolarSystem.

Over the last few decadesmost of the attention and computing resourcesin astrophysicshas

beenfocusedon cosmologicalN-body simulations with hugenumber of particles for studying

the formation and evolution of large scalestructure in the universe.

1.1 Motiv ation

Galaxies are the most distinctive objects in the universe, containing almost all the lumi-

nous material. They are remarkable dynamical systems,formed by non-linear collapseand

a drawn-out seriesof mergersand encounters. Since the formation is a highly non-linear

process,it is, in general, not analytically tractable. Therefore, the only way to compare

the consequencesof a theory with the observed distribution of galaxiesis via a numerical

simulation of structure formation. The widely acceptedtheory of the formation of structure

is the gravitational collapseof initially small 
uctuations in the massdensity. N-body simu-

lations are commonlyusedto follow the dynamicsof this collapse.Theserequire signi�cant

computing resourcesboth in terms of 
oating-p oint operations and memory capacity. This

motivates the development of improved numerical algorithms as well as the useof parallel

computing for performing such simulations.

Thus, parallel cosmologicalsimulators are an important component in the study of the

1



formation of galaxies and planetary systems. Galaxy formation is indeed a challenging

computational problem, requiring high resolutions and dynamic timescales. For example,

to form a stable Milky Way-like galaxy, tens of millions of resolution elements must be

simulated to the current epoch. Locally adaptive timestepsmay reducethe CPU work by

orders of magnitude, but not evenly throughout the computational volume, thus posing a

considerablechallenge for parallel load balancing. No existing N-body/Hydro solver can

handle this regimee�cien tly.

The study of planet formation requiresmodeling the pairwiseaccretionof smallerbodies

into proto-planets. In order to follow this process,it is necessaryto predict collisions(and

near misses), and resolve the consequencesof such collisions, whether they be mergers,

fragmentations, or somethingin between. The computational challengeis to �nd an adaptive

timestep scheme that is stable over millions of dynamical times yet that can handle close

encounters accurately and is suitable for simulations involving millions of planetesimals.

There are algorithms that are present to solve this problem, but implementing them on

existing systemshasalways beena hard problem.

The scienti�c payback from such studiescan be enormous. There are a number of out-

standing fundamental questionsabout the origins of planetary systemswhich thesesimula-

tions would beable to answer. What is the relationship betweenhot Jupiters and terrestrial-

like planets? Do asteroid belts form around other stars (if so, this could be trouble for the

Terrestrial Planet Finder, as dust may overwhelm the planet's signal)? How common are

other small body reservoirs such asKuip er Belts and Oort clouds?How e�ective are plane-

tary systemsat cleansingsmall bodiesand thus mitigating sterilizing impacts on any terres-

trial planets? What is the origin of the spin of the terrestrial planets? Answering questions

like thesewill open the way to a whole new world of knowledgeabout the universe.
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1.2 Overview

To evolve a selfgravitating systemrealizedasa largenumber of particles,we must determine

the gravitational accelerationon a given particle due to the mass of all other particles.

The simple approach of calculating all pairwise interactions betweenthe particles scalesas

O(N 2), as N is increased. There have been two basic approaches to reduce this scaling,

enabling large scalesimulations to take place. One of the approaches rely on the speedof

FFT algorithms and include the particle-meshkind of methods. The secondapproach uses

multip ole expansionsto approximate the gravitational e�ect of distant mass.

One of the most widely used methods in the secondapproach (described above) was

proposedby Barnesand Hut [2]. Their schemeusesa hierarchical representation of the mass

implemented as someform of tree structure. This tree is traversedand the forcesbetween

particles are computed exactly or by approximations, depending on the distance between

the given particles. This approach achievesreduction in the complexity of the problem from

the original O(N 2) to O(N logN ), whereN is the number of particles.

Basedon Barnesand Hut method, variouscosmologicalsimulators have beencreatedre-

cently. PKDGRAV [4], developed at the University of Washington,canbe consideredamong

the state-of-the-art in that area. However, PKDGRAV does not scalee�cien tly on newer

machines with thousandsof processors.In this work, we talk about a new N-body cosmo-

logical simulator that utilizes the Barnes-Hut tree topology to computegravitational forces.

Our new simulator, named ParallelGravit y, is basedon the Charm++ runtime system [5].

We leveragethe object basedvirtualization [6] inherent in the Charm++ runtime systemto

obtain automatic overlapping of communication and computation time, as well as to per-

form automatic runtime measurement-based load balancing. ParallelGravit y advancesthe

state-of-the-art in N-Body simulations by allowing the programmerto achieve higher levels

of resourceutilization with moderate programminge�ort. In addition, the useof Charm++

hasenabledParallelGravit y to e�cien tly scaleon large machine con�gurations.
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1.3 Related Work

There have beennumerousstudieson the N-Body problem, which involves the evolution of

interacting particles that are under the e�ects of Newtonian gravitational forces.Given the

power of hierarchical methods for N-Body simulations, such methods have beenadoptedfor

quite sometime by the astronomy community [7].

One of the most popular codescurrently in the astronomy areais PKDGRAV [4]. PKD-

GRAV is a parallel hierarchical tree-structuredcodeusedto conductcosmologicalsimulations

on shared-memoryand distributed-memory systems.It is portable acrossdi�erent commu-

nication substrates(e.g. MPI, PVM, etc.), and contains support for adaptive decomposition

of work amongthe processors.In its current production version,PKDGRAV hasbeenused

in simulations of systemswith millions of particles, and has been shown to scalewell on

up to hundreds of processors. One restriction in PKDGRAV's current version, however,

arisesfrom its limited load-balancingcapability. This e�ectively prevents scaling the code

e�cien tly on newer machineswith thousandsof processors.

Other cosmologicalsimulators have beenin useas well. Among these,two of the major

codesareGADGET [10], developed in Germany, and falcON [3], developed at the University

of Maryland. However, despiteclaiming a good scalability with the number of particles, fal-

cON is a serialsimulator. Meanwhile, GADGET originally had someof the samelimitations

of PKDGRAV when scaling to a large number of processors.This has beenaddressedin a

more recent versionof their code (GADGET-2), but there are not yet results reported with

more than around onehundred processors[11].

1.4 Thesis Con tribution and Organization

The main contributions of this thesisare:
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� New Schemefor computing forces We describe a new schemefor computing gravita-

tional forcesutilizing the Barnes-Hut tree topology.

� Space Decomposition Methods Di�eren t schemesfor decomposition of the particle space

leading to construction of di�erent types of Barnes-Hut tree have been implemented

and analyzed.

Chapter 2 talks about the major features of ParallelGravit y. It also describes all the

optimizations that we have applied to our simulator. Chapter 3 describes the new scheme

for computing forcesfollowed by the performanceresults. Chapter 4 givesa description of

the three spacedecomposition techniques. Performancecomparisonresults have also been

presented. Chapter 5 outlines the conclusionsand future directions of work.
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Chapter 2

ParallelGra vit y

In this chapter, we describe the N-body cosmologicalsimulator called ParallelGravit y that

we have developed to leveragethe featuresof the Charm++ runtime system. Our goal in

developing this new application is to create a full production cosmologicalsimulator that

scalesto thousandsof processors.

This new simulator is capableof computing gravitational forcesgeneratedby the inter-

action of a very largenumber of particles, integrating thoseforcesover time to calculatethe

movement of each particle. Sincemost of the running time of the application is devoted to

force computation, our focushasbeenin optimizing this aspect of the code.

Sincethe gravitation �eld is a long rangeforce, the total forceapplied to a given particle

hascontributions from all the other particles in the entire space.The algorithm we applied is

basedon a Barnes-Huttree topology[2], which enablesachieving an algorithmic performance

of O(N logN ). The tree generatedby this algorithm is constructed globally over all the

particles, and distributed acrosselements that are named TreePieces. This distribution

dependson the type of decomposition of particle spaceand on the type of tree constructed.

Decomposition of particle spaceand the typesof treesare discussedin detail in chapter 4.

At the leavesof the tree are the particles, which are grouped by spatial proximit y into

bucketsof a user-de�ned size. While walking the tree to compute forces,a single walk is

performed for all the particles contained in a given bucket. The new schemediscussedin

chapter 3 is di�erent from the original ParallelGravit y code in terms of the way in which
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forcesare calculatedwhile walking the tree.

In the following section, we start with a generaldescription of Charm++ featuresand

show how thesefeatureswereapplied to the ParallelGravit y code. All the major featuresim-

plemented in ParallelGravit y are then described in section2.2. This is followed by a detailed

description of all the optimizations that have beenapplied to the original ParallelGravit y

code (section 2.3). The performancegains (as against the original ParallelGravit y version)

achieved by making useof theseoptimizations have alsobeenoutlined.

2.1 Charm++ and Virtualization

Our new ParallelGravit y code is basedon the Charm++ [5] infrastructure. Charm++ is a

parallel C++ library that implements the conceptof processorvirtualization: an application

programmerdecomposeshis problem into a largenumber of components, or objects, and the

interactions amongthoseobjects. The objects, calledchares in Charm++ nomenclature,are

automatically mapped to physical processorsby the Charm++ runtime system. Typically,

the number of charesis much higher than the number of processors.By making the number

of chares independent of the number of existing processors,Charm++ enablesexecution

of the samecode on di�erent machine con�gurations. This separationbetween logical and

physical abstractionsprovideshigher programmerproductivit y, and hasallowed the creation

of parallel applicationsthat scalee�cien tly to thousandsof processors,such asthe molecular

dynamicsNAMD code [8].

The executionmodel of Charm++ is message-driven. This meansthat computations in

Charm++ are triggeredbasedon arrival of associated messagesfrom remoteprocessors.This

message-driven execution turns out to be a very useful mechanism for hiding communica-

tion latency in the system. It allows adaptive overlap of computation and communication

which results in great performancebene�ts for the parallel applications. Charm++ provides

systemcalls to asynchronously createremotecharesand to asynchronously invoke functions
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on remotecharesby sendingmessagesto thosechares. Such functions are calledentry meth-

ods in Charm++ terminology. This asynchronousmessagepassingis the basic interprocess

communication mechanism in Charm++ . There is a scheduler for each Charm++ program

which choosesa messagefrom the available pool of messagesand executesthe computations

associated with that message.

The Charm++ runtime systemhasthe abilit y to migrate charesacrossprocessorsduring

executionof an application. This migration capability is usedby the powerful measurement-

basedload-balancingmechanismof Charm++ [13]. The runtime systemcanmeasurevarious

parametersin the chares,such as computational load or communication frequencyand vol-

ume. Charm++ provides a family of load balancers,targeting optimization of a variety of

metrics. The user simply needsto selecther desiredbalancersat application launch. The

metrics being optimized can be computation load, communication volume or both. During

execution, the selectedbalancerswill collect the measuredchare values for the appropri-

ate metrics, and dynamically remap chares acrossthe available processorsin a way that

executionperformanceis optimized. This dynamic optimization capability is critical for ap-

plications such as particle systemsimulators, whereparticles can move in spaceand cause

overloadingon a given processorasthe simulation progresses,while other processorsbecome

underutilized.

2.2 Ma jor ParallelGra vit y Features

One of the early decisionsin the designof ParallelGravit y was to selectwhere to compute

the forcesapplied to a bucket of particles. Historically, there hasbeentwo main methods for

that: (a) distributing the computation of the forceson that bucket acrossall processors,with

each processorcomputing the portion of the forcesgiven by its subtrees,or (b) gathering

at the processorowning that bucket all the data neededto compute the forceson it. We

decided to adopt the secondscheme, since the capabilities of Charm++ could be further
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Figure 2.1: Control 
o w of the executionof an iteration of forcecalculation

exploited, as explainedlater in this section.

In our implementation of ParallelGravit y, each TreePieceis a Charm++ chare. Thus,

TreePiecesaredynamically mapped to physical processorsby the Charm++ runtime system.

The overall structure of how the code works is shown in Figure 2.1, and described in the

next paragraphs.

To perform the computation of the forceson its particles,a TreePieceprocessesits buckets

independently. For each bucket, the TreePiecemust walk the overall tree and compute the

forcesdue to all other particles. During the walk, visited nodesmay be local (i.e. owned by

this TreePiece)or non-local. For localnodes,the forcecomputation canproceedimmediately.

For non-local nodes,a retrieval must be carried out, to bring the corresponding data into the

TreePiece.A non-local node may resideeither at another TreePieceof the sameprocessor,

or at a remote processor.In the �rst case,we usea direct data transfer betweenchares. In

the secondcase,data must be requestedto the remote processor.While waiting for remote

data to arrive, the TreePiececan processother buckets.

Instead of repeating fetchesof the sameremote node for di�erent bucket walks, we can

use the property that buckets closein spacewill require similar remote portions of data.

Therefore,we can bu�er the imported data and have it usedby all buckets in the TreePiece
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before discarding it. Becausein Charm++ we may have more than one chare in a single

processor,we implemented this optimization at the processorlevel so that remote data is

usedby the buckets of all the TreePieces.This has beenrealizedusing a Charm++ group,

which we call CacheManager.

The purposeof the CacheManageris to serve all requestsmadeby the TreePieces,and

provide a caching mechanismto hide the latency of interprocessordata fetching. The Cache-

Manager implements a random accessto the cached data through the useof a hash table.

To reducethe overheadof table lookup, the imported data is reconstructedinto a local tree.

Thus, onceentering a subtree,TreePiecescaniterate over direct pointers, until anothercache

miss occurs. Upon detecting a miss, the CacheManagerwill fetch the remote data and use

callbacks to notify the requestingTreePiecewhen the data arrives. More advancedfeatures

provided by the CacheManagerare presented in the next section.

BecauseCharm++ executeschare methods in a non-preemptive fashion,a long sequence

of consecutive tree walks might potentially prevent a processorfrom serving incoming data

requestsfrom other processors.In order to provide good responsivenessto incomingrequests,

we partitioned the processingof tree walks with a �ne granularit y. The grainsizeis a runtime

option, andcorrespondsto the number of bucketsthat will walk the treewithout interruption.

After that number of walks is performed, the TreePiecewill yield the processor,enabling

the handling of existing incoming data requests.

While dividing the computation into �ne grains, we also distinguish between local and

global computation. Local computation is de�ned asthe interaction with the particlespresent

in the sameTreePiece.In contrast, global computation is de�ned asthe interaction with the

rest of the tree, i.e. the computation that involves non-local nodes. In particular, because

this global computation is performedon the imported sectionsof the tree, it is on the more

critical path. To expressthis di�erent criticalit y, we utilized the prioritization mechanism

embeddedinto Charm++ . This mechanismallowsestablishinga total orderof priorit y for the

di�erent operations performedby a TreePiece:the highest priorit y is assignedto accepting
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requestsarriving from other processors,followed by sending replies to such requests,and

�nally the two typesof computation (local and global), with the local onehaving the lowest

priorit y. The Charm++ runtime system will schedule these operations according to such

priorities.

2.3 Optimizations

After having a basic version of ParallelGravit y in place, we studied its performanceand

added a number of optimizations to the code. Someof theseoptimizations were designed

to exploit Charm++ aspects that enablehigh performance,whereasothers were aimed at

speci�c characteristics of particle codes. In this section, we describe the various optimiza-

tions that we have added,and present, in each case,the performanceimprovement that we

obtained by applying such techniquesto real cosmologicaldatasets.

2.3.1 Soft ware Cache Mec hanism

As mentioned in Section 2.2, the CacheManagernot only reducesthe number of messages

exchangedto fetch remote data, but alsohides the latency of fetching data from other pro-

cessors.Weevaluated the e�ectivenessof the CacheManageron variousreal datasetsrunning

on varying numbers of processors.Our results show that the CacheManagerdramatically

reducesthe number of messagesexchanged. The performanceimprovement due to sending

a much lower number of messages,combined with the latency-hiding e�ects of the Cache-

Manager, producesa sharp reduction in the execution time of ParallelGravit y. Thus, the

software cache mechanism is absolutely necessaryto obtain good parallel performance.

2.3.2 Data Prefetc hing

We talk about two kinds of prefetching that we have implemented in ParallelGravit y. The

�rst kind is really not prefetching. It involvesfetching somethingmore than what is needed,
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which will most likely be usedsometimein the future. We start with the description of the

�rst kind in the following paragraph.

As in PKDGRAV, we can take the principle of the software cache one step further by

fetching not only the noderequestedby a TreePiece,but pro-actively alsopart of the subtree

rooted at that node. The usercanspecify the cachedepth(analogousto the conceptof cache

line in hardware) as the number of levels in the tree to recursively prefetch. The rationale

for this is that if a node is visited, most probably its children will be visited as well. This

mechanismof prefetching moredata than initially requestedhelpsto reducethe total number

of messagesexchangedduring the computation. Sinceevery messagehasboth a �xed and a

variable cost, prefetching reducesthe total �xed cost of communication. On the other hand,

a cache depth of more than zero might causesomedata to be transferred but never used,

thus increasingthe variable part of the cost. Our performanceresults show that there is an

optimal value of cache depth, at which the executiontime is minimal. The optimal point is

achieved when the �xed cost and the variable cost of transferring data over the network are

in balance.

If a TreePiecerequesteddata to the CacheManageronly when required by the tree-

walk computation, the CacheManagermight not have it. This would trigger a fetch of the

data from the remote node, but at the sametime it would suspend the computation for

the requestingbucket until the moment of data arrival. Both the interruption of the tree

walk and the noti�cation from the CacheManagerincur an overhead. To limit this e�ect,

we developed a prefetchingphasewhich precedesthe real tree-walk computation. During

this phase,we traversethe tree and prefetch all the data that will be later usedduring the

computation in the regular tree walk. This prefetching phasecan work with di�erent cache

depths.

From our experiments, we observed that the prefetching phaseimprovesperformancefor

all consideredvaluesof cache depth. This is due to the increasedhit rate of the cache. The

hit rate increasesto near 100% with the prefetching phasefrom about 90% without any
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prefetching.

We de�ne the relevance as the ratio between the number of nodes fetched and used,

and the total number of nodes fetched. Ratios closer to 1:0 represent a better relevance.

We observe that relevancedecreaseswith increasingcache depth, leading to unnecessarily

higher memoryconsumption. Nevertheless,this higher memoryconsumptiondue to caching

is limited to a fraction of the total memory footprint for moderatevaluesof cache depth. At

a very low value of relevance,the cost of fetching a large amount of extra data is not o�set

by the bene�t of having the data already present in the software cache when it is requested.

This is why we observed a rise in the execution time for large valuesof cache depth. The

prefetching phasedoesnot a�ect the relevance,since it doesnot changewhich data items

are transferred. Prefetching simply causesthosedata transfers to occur earlier.

Thus, we seethat using the prefetching phasealong with a small but non-zerovalue of

cache depth improves performance. In the following subsections,we will assumethat the

prefetching phaseis active, and a reasonablevalue of cache depth is used.

2.3.3 Remote Chunks

Wetake the ideaof prefetching to a higher level for the purposeof performanceimprovement.

Instead of having a singleprefetching phase,we'll have multiple prefetching phases.

We divide the remote computation into parts which we call chunks. In each prefetching

phase,weprefetch a singleremotechunk. This is followedby the computation of bucketswith

that chunk. Prefetching of the next chunk is carried out in parallel with the computation of

previouschunk.

Our results show an improvement with remote chunks, but the full e�ects on the entire

execution time are more complexand will require more detailed studies to be fully charac-

terized.
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2.3.4 Tree-in-Cac he

In Section2.2 we introduced the conceptof local and global computation.We pointed that

the globalwork is on the critical path, and that the local work canbeusedto hide the latency

of data transfers. From this, it is clear that we should have as much local work as possible.

Onepoint to notice is that in the Charm++ environment we fragment the particle dataset in

more TreePiecesthan the number of physical processorsavailable. This over-decomposition

reducesthe amount of local work per TreePiece.In someof our experiments, whenincreasing

the number of processorsbeyond onehundred, the local work becameinsu�cien t to maintain

the processorbusy during the entire computation.

By noticing that during the force computation there is no migration of TreePieces,we

canconsidercollectively all the TreePiecesresidingon a givenprocessor.Wecanattribute to

local computation not only the work relatedto nodes/particlespresent in the sameTreePiece,

but also the work related to particles and nodes present in other TreePiecesin the same

processor.This is implemented by having each TreePieceregistering to the CacheManager

at the beginning of the computation step. The CacheManagerwill then create a superset

tree including all the treesbelongingto the registeredTreePieces.Each TreePiecewill now

consideras local work this entire tree. During this operation, only the nodesclosestto the

root of the tree will be duplicated. According to our tests with datasetsof a few million

particles, lessthan onehundred nodeswereduplicated.

Our experiments show that the percentages of local and global work changed consid-

erably before and after this optimization. In our tests, this new scheme enabled scaling

the computation up to hundreds of processors. However, when reaching the limit of one

thousand processors,even the extra work from co-resident TreePiecesbecomesinsu�cien t.

The solution proposedin section2.3.3, of splitting the global walk into multiple sub-walks

(remote chunks), seemsto provide the necessaryinfrastructure to scalebeyond the limit of

thousand.
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Chapter 3

New Scheme for organizing force
computation

In this chapter, we describe a faster schemefor calculating gravitational forcesthat hasbeen

implemented in ParallelGravit y. This schemehas beenimplemented over and above all the

basicfeaturesand optimizations that have beendescribed in chapter 2. The implementation

is basedon the schemeinvolving interaction lists that was introducedin Stadel'sthesis[12].

3.1 Overview

After having precededthe computation with a prefetching phaseand making many typesof

optimizations to the code,we exploreda fasteralgorithm (presented in [12]) for gravitational

forcecomputation. The new algorithm is basedon the sameprinciple of the CacheManager:

two buckets closein spacewill tend to interact similarly with a given remote node.

In the regular ParallelGravit y algorithm, whenever a bucket walk visits a tree node, a

fundamental test is carried out. In this test, we check the spatial position of the bucket in

respect to the particles in that node. If the bucket is su�cien tly far from the node, the forces

on the bucket dueto the entire subtreerooted at that nodeare immediately computed,using

the subtree'scenter of mass. Otherwise, ParallelGravit y opens the node, i.e. it recursively

traversesthe subtree rooted at that node. Thus, the threshold usedto decideif a node is

closeenoughto the bucket represents the opening criteria for deciding whether the visited
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node must be openedor not, for the bucket being considered.

Figure 3.1: Illustration of opening criteria of a node

Figure 3.1 illustrates the opening radius r for a node X . The multip ole of node X is

placed on the interaction list of a bucket, if the bucket lies outside of the opening radius

r of the node. Only bucket c satis�es this condition. Both the buckets, a and b satisfy

the opening criteria and must open the node into two sub-nodes for future consideration.

Bucket a lies completely inside the opening radius whereasbucket b is intersectedby the

openingradius. Someof the particles in bucket b would have acceptedthe multip ole of node

X , but the bene�ts of amortizing the tree walk over all particles of a bucket far outweighs

such a consideration. We observe that the multip ole of X is acceptableto all the buckets

of ancestornode d. This observation forms the basisof the algorithm described later. Note

that the opening radius of a node is given by someconstant factor times the distancefrom

the center-of-mass(CM) to the most distant corner of the node.

Instead of checking the opening criteria at a given node for each bucket independently,

we can modify the algorithm and do that check for various local buckets at once. We can

do this collective check using the buckets' ancestorsin the local tree. Theseancestorswill

be local nodescontaining particles which are closein space.If an ancestorneedsto open a
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visited node, that nodewill be openedfor every bucket that is a descendent of such ancestor.

On the other hand, if a node is far enoughfor that ancestor,this node will be far enoughfor

all the ancestor'sbuckets too. In this secondcase,we can directly compute the interaction

between the node and all these local buckets. Checking the opening criteria can also give

a third answer, which is uncertainty, due to the greater distribution of the particles in the

space. This meansthat the node will open for somebuckets under this ancestor,and not

for others. In this casewe will need to split our ancestorand look at a smaller ancestor

(containing lessnumber of buckets) to get the answer.

By grouping the checking for various local buckets, we can reducethe total number of

checks for opening nodes. A potential problem in this modi�ed algorithm is that it may

causelesse�ective usageof the hardware cache: becausethe computation of interactions

proceedsfor various local buckets, one bucket's data may 
ush another bucket's data from

the hardware cache. We can reducethe number of hardware-cache missesby storing all the

nodesthat interact with a given bucket in a bucket's interaction list, and perform the entire

computation of forceson that bucket at the end of the tree walk. Note that this is di�erent

from the original ParallelGravit y code. In the original version, the force computation on a

bucket takesplaceaswe walk the tree for that bucket. That is, when we reach a node with

whom forcesneedto be computed,we compute them there itself.

Interaction lists result in performanceimprovement, alsodueto the following two reasons.

Firstly, modern compilersmay keepa particle's data inside CPU registerswhile computing

interactions with the nodes in the list. Also, there is a minimal amount of change in the

interaction lists aswe move from onebucket to another. This results in an increasein cache

utilization of the processorand consequently, better performance.
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3.2 Basic Algorithm

The entire algorithm is structured as two tree walks. Outer walk is the one over the tree

containing all the buckets owned by the local TreePiece(or the local tree) and inner one

over the global tree covering the whole space.Our aim is to compute force interactions for

buckets of the local tree. Forcecomputation takesplacewhenwe reach a bucket in the local

tree.

The algorithm is basedon the observation that two nearby buckets will show only a

small number of di�erences in their interaction lists, namely in the closestparticles and in

the closestnodes. The algorithm usestwo rules to walk the local tree top down in a single

passfor all the buckets, making minimal requirednumber of changesto the interaction lists.

The rules being: If an ancestoris contained entirely by the opening radius of a node i.e. the

node needsto be opened,the node will be openedfor all the descendent buckets of such an

ancestor.Also, if an ancestorliesentirely outsidethe openingradius of a nodei.e. node is far

enoughfor that ancestor,then the node is far enoughfor all the ancestor'sbuckets too and

the multipole of the node is acceptableto all the buckets. This meansthat we can directly

compute the interactions between the node and the buckets, due to the subtree rooted at

the node, using subtree'scenter of mass.

The algorithm recursively descendsthe local tree from the root node to the buckets

in a depth-�rst fashion. This tree walking procedureproducestwo interaction lists, a cell

list (c-list) and a particle list (p-list), which are subsequently evaluated to determine the

gravitational force on the given bucket. Cell list contains all the nodes and particle list

contains all the particle buckets with whom force computation will take place. A checklist

of nodes which still need to be consideredfor inclusion on either of the interaction lists

is processedby the algorithm for an ancestorbeforedescendingdeeper in the tree. If the

opening radius of a node on the check list entirely contains the current ancestor we are

consideringthen we remove the node and add its two child nodes to the end of the check
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list. If the opening radius of the node doesnot intersect the ancestor,it is removed from the

check list and addedto the current interaction list. If neither of thesetwo casesapply, then

the node remains on the check list and is consideredwhen we proceeddeeper in the local

tree. Oncewe have processedwhole of the check list in this fashion,we recursively descend

the tree to current ancestor'schildren. When we have descendedto a bucket, we open the

check list node if the opening radius of the node intersects the bucket. This meansif the

bucket lies entirely within or is intersectedby the opening radius, the node is opened. This

condition ensuresthat we end up removing all the nodesfrom the check list and we have a

completeinteraction list for the bucket at the end.

Algorithm 1 presents pseudo-codefor the recursive form of the algorithm describedabove.

The for loop in the algorithm is not �xed sincecheckList getsmodi�ed within the loop itself.

Note that 'interactList.plist' stands for the particle interaction list and 'interactList.clist'

stands for the node interaction list. Also, ancestor ! lower and ancestor ! upper refer

to the two children of ancestor. Other functions usedin the algorithm are brie
y described

below.

� intersect(x,y): It �nds out if the opening radius of node y intersectsnode x.

� isBucket(x): It returns true if the node x is a bucket.

� contained(x,y): It returns true if node x is contained entirely within the spherein-

scribed by the opening radius of y.

� calculateGravit y(part,in teract): It carries out actual force computation between the

particles of the bucket (part) and the interaction lists.
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Algorithm 1: Walk(ancestor,checkList,interactList)
begin

for c 2 checkList do

if inter sect(ancestor; c) then

if isB ucket(ancestor)
W

contained(ancestor; c) then

checkList = checkList � c;

if isB ucket(c) then

inter actList:pl ist = inter actList:pl ist + particl es(c);

else

checkList = checkList + children(c);

else

checkList = checkList � c;

inter actList:cl ist = inter actList:cl ist + moments(c);

end

if isB ucket(ancestor) then

calculateGravity (particl es(ancestor); inter actList );

else

Walk(ancestor ! lower; checkList; inter actList );

Walk(ancestor ! r ight; checkList; inter actList );

end

3.3 Implemen tation

The new algorithm for force computation using interaction lists has been implemented as

part of ParallelGravit y, the parallel N-body cosmologicalforce simulator developed using

Charm++ . The new version of ParallelGravit y has a compile-time option, by specifying
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which, we cancompilethe newalgorithm insteadof the original forcecomputation algorithm

of ParallelGravit y. The implementation of the algorithm is iterativ e in nature, as against

the recursive form of the algorithm presented in algorithm 1. The iterativ e implementation

is somewhatcomplexascomparedto the straightforward recursive algorithm, but hasgains

associated with it. It avoids memory explosion and does away with the function calling

overheadof a recursive implementation. Moreover, with the existing implementation of tree

walk in ParallelGravit y, we found it easierto implement our algorithm in an iterativ e fashion.

The basic top-level 
o w of our implementation is similar to the original algorithm. Like

before,the forcecomputation is divided into local computation, interaction with particles in

the sameTreePieceandglobal computation, interaction with the restof the global tree. So,we

have separatecheck lists and interaction lists for local computation and global computation.

From now onwards, we'll have a single interaction list to stand for both node and particle

interaction lists.

By keepingonly onecheck list and one interaction list for the entire TreePiece,it is not

possibleto implement our algorithm iterativ ely. The reasoningfor this is described here. As

we go from one bucket to another while walking the local tree in our recursive algorithm,

both check list and interaction list undergochanges.For example,when we go from bucket

node A to bucket node B in �gure 3.2, we undo all the insertions and deletions that take

place in the check list and the interaction list in the path from A to internal node C and

then, make all the changesin the lists while walking from C to B. To keeptrack of all these

changes,we needto keepa check list and an interaction list at each level of the tree. The

check list and the interaction list for a child are constructedby making changesto the check

list of the parent.

As we walk the local tree, new nodesare addedto the check list which is at the current

level of the tree. The check list of level l is constructedby making changesto the check list of

level l � 1. When we reach level l , we parsethe nodescontained in the check list at level l � 1,

either adding them to the check list at level l or to the interaction list at level l . When we

21



Figure 3.2: Implementation of Interaction list scheme

reach a bucket, the check list at the previouslevel is parsedto add nodes(or particles) only

to the interaction list at the bucket level. Figure 3.2 shows a tree ownedby a TreePiecewith

both check lists and interaction lists at all the levels. When going from bucket A to bucket

B , we go up to their commonancestorC and then, walk down the branch to B starting with

the check list present at C. To calculate the actual forceson reaching a bucket, we traverse

the interaction lists at all the levels of the tree starting from the root to the bucket.

We processthe buckets in order in our implementation to prevent the memory from

exploding. Sincewe need to build the entire list of interaction that a bucket requires for

the computation, if we are to processmore than one bucket simultaneously, the memory

consumption will quickly explode. For this reason,we processthe buckets in depth-�rst

order, as the tree walk visits them, and for each we add to its interaction list only the

nodesthat are present in the local processor.Thosethat are missedwill be computed later

during the regular callback from the cache. This allows us to reducethe memory to a single

interaction list at a time. It is clear that the best caseis obtained whenno nodesare missed
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Table 3.1: Characteristicsof the parallel systemsusedin the experiments
System Number Procs CPU CPU Memory Type of
Name of Procs per Node Type Clock per Node Network

Tungsten,NCSA 2,560 2 Xeon 3.2 GHz 3 GB Myrinet
BlueGene/L, EPCC 2,048 2 Power440 700MHz 512MB Torus

HPCx, HPC-UK 1,536 16 Power5 1.5 GHz 32 GB Federation

during the walk, and further justify the previousoptimizations (discussedin chapter 2).

3.4 Results

In this section, we present results for our new scheme of force computation which uses

interaction lists. We comparethe results with the results from the original versionof Paral-

lelGravit y.

In our experiments, we usedthe parallel systemsdescribed in Table3.1,and the following

particle datasets:

� lam bs: Final state of a simulation of a 71M pc3 volumeof the Universewith 30%dark

matter and 70% dark energy. 1443 particles, i.e. nearly three million particles, are

used(3M). Three subsetsof this datasetare obtained by taking random subsamplesof

sizethirt y thousand(30K), three hundred thousand(300K), and onemillion particles

(1M), respectively.

� dwarf : A snapshotat z = :3 of a multi-resolution simulation of a dwarf galaxy forming

in a 28:5M pc3 volume of the Universewith 30% dark matter and 70% dark energy.

The e�ective resolution in the central regions is equivalent to 20483 particles in the

entire volume. The total dataset sizeis nearly �v e million particles.

First, we performed small experiments to comparethe open criterion calls for original

algorithm and algorithm with interaction lists. These experiments were performed on a

single processorof the HPCx system. Note that the number of opening criterion calls are
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Table 3.2: Number of checks for opening criteria, in millions
lambs 1M dwarf 5M

Original algorithm 120 1,108
Modi�ed algorithm 66 440

independent of the number of processors,so they don't changewith increasein the number

of processor,though minor variations in the number do occur. Table 3.2 shows the number

of checks that are observed with the two algorithms, executing on the HPCx systemwith

our two datasets. As claimed in section3.1, we seethat the number of open criterion calls

decreasewith the new interaction lists version of the code. The decreasein the number of

calls is pretty signi�cant. For the lambsdataset, the decreaseis about 45%and for the dwarf

dataset, the decreaseis about 60%.
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Figure 3.3: ComparisonbetweenregularParallelGravit y andParallelGravit y with interaction
lists on BlueGenewith the dwarf dataset

We performedcomparisonsbetweenthe regular ParallelGravit y versionand the Parallel-

Gravit y versionwith interaction lists on largeparallel machineslike BlueGene/L and HPCx.

We show the resultsobtained on thesemachinesin the following plots for both our datasets,
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the lambs 1M and the dwarf 5M particle dataset. The vertical axis of the shown plots is the

product of the executiontime per iteration and the number of processorsin the simulation.

The horizontal axis is the number of processors.Horizontal linesrepresent perfectscalability.

So,scalability of the code is dependent on how horizontal the line is, in the plot. Also, note

that both the axis in the plots have log scales.

 1024

 2048

 4096

 32  64  128  256  512

P
ro

ce
ss

or
s 

x 
T

im
e 

pe
r 

st
ep

(s
ec

on
ds

)

Number of Processors

Without Interaction Lists
With Interaction Lists

Figure 3.4: ComparisonbetweenregularParallelGravit y andParallelGravit y with interaction
lists on HPCx with the dwarf dataset

Figure 3.3 plots the executiontimes of both the algorithms on BlueGene/L for the dwarf

5M dataset. We seethat both the algorithms scalepretty well and the version with inter-

action lists scalesas well as the original versionon BlueGene/L. Also, ParallelGravit y with

interaction lists has a performanceimprovement over the entire range of processors. We

don't show beyond 256 processorsbecauseboth the algorithms don't scalewell after that,

sincethere is not adequatework available for each processorand hence,the gain is reduced.

Also, when going from 128 processorsto 256 processors,we can clearly seethe scalingbe-

comingworse. We observe that the performanceimprovement for interaction lists is around

10%for the entire rangewhich is pretty good.
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Figure 3.5: ComparisonbetweenregularParallelGravit y andParallelGravit y with interaction
lists on HPCx with the lambs dataset

Figures 3.4 and 3.5 show the executiontimes of both the versionsof the code on HPCx

for the two datasets,dwarf 5M and lambs 1M. Both the codespretty well on HPCx too. As

seenfor BlueGene/L, interaction lists versionhasa constant performanceimprovement over

the original versionfor the entire rangeof processors.We don't scalebeyond 256processors

for lambs 1M datasetand 512processorsfor the dwarf 5M datasetsincewe run out of work.

In fact, the scalingbeginsto worsentowards the end whengoing from 128to 256processors

in �gure 3.5. In both theseplots too, the performanceimprovement for interaction lists is

around 10%.

Hence, all the results show pretty decent improvement for the new scheme over the

original forcecomputation scheme. This performanceimprovement is partly due to the good

cache utilization achieved with interaction lists, partly due to up-gradation of bucket data

in the processorregistersand partly due to reduction in the number of open criterion calls.
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Chapter 4

Comparison of Particle
Decomp osition Techniques

This chapter describesthree di�erent particle-spacedecomposition techniqueswhich lead to

construction of di�erent types of trees and comparesthem. These techniques, along with

the trees, have been implemented in ParallelGravit y. The user can choosebetween these

di�erent techniquesby specifying a runtime option to ParallelGravit y.

The program 
o w of ParallelGravit y has a well-de�ned structure. Firstly, the particle

data is loaded onto the processors. Since the number of particles run into millions, it is

usually not feasibleto load all the data onto a singleprocessor.So, the data is split among

all the TreePiecesand loaded. The loading of the data is followed by space domain decom-

position of particle-space.The third phaseis the building of the Barnesand Hut trees for

all the TreePieces. This chapter talks about the secondand the third phase. After tree

building �nishes, we go into the gravitational force computation phasewhich is the core of

the simulator. In the last phase,we update the particle positions, velocities and energies.

This sequenceof phasesforms �rst iteration of our simulator. In the subsequent iterations,

we carry out all but the particle loading phase.They are carried out in the sameorder. We

needto perform particle decomposition and tree building again and again, sincethe spatial

positions of the particles changeafter every iteration and consequently, the previous space

decomposition becomesinvalid making the tree incorrect too.
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We seethat particle-spacedecomposition along with tree-building forms a very signi�-

cant part of our simulator. Hence,we have implemented various spacedecomposition tech-

niquesand tree-building techniquesand studied their performanceon di�erent kinds of input

datasets.

The central data structure in ParallelGravit y is a tree which forms the hierarchical rep-

resentation of the mass(or particle) distribution in space.Each node of this tree represents

a rectangular sub-volume of the total simulation volume, containing the particles, center-of-

mass,and higher moments of the massdistribution in the enclosedvolume. The root-node

represents the entire simulation volume, and as we proceeddeeper into the tree we get a

�ner representation of the massdistribution where children represent smaller sub-volumes

of the total volume. Each node is divided into sub-nodes until we reach the leaves of the

tree which are buckets and contain only a few particles. The tree we construct, in our case,

is a binary tree, although sometree-codesusea oct-tree. We intend to implement oct-trees

in ParallelGravit y in future.

The spacedecomposition techniquesthat we have implemented are: SpaceFilling Curve

(SFC) Decomposition, Oct-treeDecomposition, andOrthogonalRectangularBisection(ORB)

Decomposition. There are two typesof binary treesimplemented by us: Spatial Binary trees

and ORB trees. Note that in the following discussion,we'll usethe word domain decompo-

sition interchangeablywith space decomposition.

During domain decomposition, we divide the particles into spatially local regionsof ap-

proximately equalwork. As outlined in [12],usinga data structure for domaindecomposition

that doesnot coincidewith the hierarchical tree for gravit y calculation, leadsto poor memory

scalingwith large number of processorsand/or di�cult book-keeping. Hence,the e�ciency

is greatly improved if the tree data structure matchesthe domain decomposition structure.

So, we use ORB trees with ORB decomposition and Spatial Binary Treeswith SFC and

Oct-tree decomposition.

SFC decomposition along with the spatial binary tree was implemented as part of the
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original version of ParallelGravit y. Oct-tree decomposition, ORB decomposition and ORB

Treeshave beenimplemented as part of this thesis. We now describe each of the decompo-

sition techniquesin detail followed by our experimental results.

4.1 SFC Decomp osition

SFC standsfor Space-FillingCurve. A Space-FillingCurve [9] is a continuousmapping from

a d-dimensionalspaceto a 1-dimensionalspacewritten as

f : N d ! N

The d-dimensionalspace(or cube) is mappedonto a line such that the line passesthrough

each point in the volumeof the cube, entering and exiting the cube only once. A point in the

cube can be described by its spatial coordinates, or by the length along the line, measured

from one of its ends. In our case,we map our 3-dimensionalspaceto the SFC curve. A

particle in the spaceis described by its 3-dimensionalcoordinates. SFC imposesa total

ordering on the particles basedon the particle keyswe generatefrom the spatial position of

the particles. In our implementation, particle keysare 63-bit numbers in which 21 bits are

derived from spatial position of the particle in each dimension. The key is constructed by

mixing these21 bits from each dimension.

The hierarchical tree structure which is suitable for SFC decomposition is the Spatial

Binary Tree. A spatial binary tree is the tree constructed when we spatially bisect the

bounding box containing all the particles in the volume. Sincethe box is spatially bisected,

the number of particles in the resulting sub-boxesareusually not equal. Oneof the resulting

sub-boxescan even be empty. The spatial binary tree goeswell with SFC decomposition as

well as Oct-tree decomposition of the particles which is discussedin the next section.

The keys assignedto the particles have a very nice property. From the pre�x of the
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Figure 4.1: Distribution of a tree acrossTreePieces(top levels). White nodesare owned by
oneTreePiece,black nodesare placeholdersfor remotenodes,gray nodesare sharedamong
multiple TreePieces.

particle keys(discussedabove), we are able to determinewhich node the particle belongsto.

The particle key (or a pre�x of the key) tracesthe path of the particle from the root of the

global spatial binary tree to the bucket.

A contiguous portion of the SFC curve is assignedto each TreePiece. The number of

particles assignedto each TreePieceis the same. The resulting tree is shown in �gure 4.1.

The �gure shows the global tree constructedover all the particles and the distribution of the

particles amongTreePieces.We seethat someof the internal nodesare replicated in more

than oneTreePiece.

Figure 4.2 shows a simple exampleof a SFC assigningparticles to TreePieces.As men-

tioned above, a contiguous portion of the curve is assignedto each TreePiece.In the �gure,

SFC curve is shown with the structure of the spatial binary tree in the background. The SFC

curve is divided into 4 portions which are equal in terms of the number of particles. The

tree goesdeeper only in 2 of the 4 top-level boxessinceit needsto determinethe SFC curve

splitting points. Those two boxes have a denserconcentration of particles as comparedto

the other two. The �gure shows each portion of the curve which is assignedto a di�erent

TreePiecein a separatepattern. The di�erent patterns are shown in the legend.
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Figure 4.2: Assignment of particles to TreePiecesaccordingto SpaceFilling Curve (SFC)

4.2 OCT-T ree Decomp osition

In Oct-tree decomposition, the particles are decomposedbasedon the nodes of a spatial

binary tree covering the entire space. So, the decomposition data structure coincidescom-

pletely with the hierarchical gravit y tree data structure. We perform particle decomposition,

�rst in x-dimension,followed by y-dimensionand �nally , in z-dimension. The decomposition

tries to distribute the particles approximately equally amongall the TreePieces.To do this,

it bisectssomeparts of the space,containing higher densitiesof particles, more than the

others. Note that we call this Oct-tree decomposition just to denotethat it is basedon the

decomposition of a spatial tree. It doesn't mean that an oct-tree is constructed out of the

decomposedsetsof particles in the tree-building phase.

Figure 4.3 shows an exampleof a simple Oct-tree decomposition. The spacebisecting
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Figure 4.3: Assignment of particles to boxesaccordingto Oct-tree Decomposition

cuts are also shown. The number of particles in each of the sub-boxes are not equal, as

expected. Note that there is a 5th cut for one of the boxes which has 5 particles which is

much higher then the combined total of 3 particles which the neighboring box hasafter 3r d

cut. The 5th cut bisectsthe box so that the two sub-boxeshave 2 and 3 particles. There is

no cut after the 3r d cut for the neighboring box as the number of particles is already low.

A convenient property that is present in Oct-tree decomposition and absent in SFC de-

composition is describedhere. For the spatial binary tree built out of the particle distribution

derived from Oct-tree decomposition, an entire subtreealways belongsto the sameTreePiece

and nothing elsegoesinto that TreePiece.This can be seenin �gure 4.4, which shows the

distribution of particles for Oct-tree decomposition. As a result of this convenient property,

only sometop-level internal nodesarereplicated in morethan oneTreePiece.The number of
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Figure 4.4: Distribution of a tree acrossTreePieces(top levels). White nodesare owned by
oneTreePiece,black nodesare placeholdersfor remotenodes,gray nodesare sharedamong
multiple TreePieces.

internal nodesreplicated in this casearenot asmany asis the casewith SFC decomposition.

The particle keysusedin Oct-tree decomposition are the sameonesthat we usedin SFC

decomposition. There are two purposesthat a particle key solvesin Oct-tree decomposition.

Firstly, a particle key identi�es the path from the root of the tree to the bucket in which the

particle is contained. Secondly, a particle key alsomakesthe sorting of the particles implicit

when spatially decomposing a box in Oct-tree decomposition. One just needsto sort the

particle keysoncein the beginning. During Oct-tree decomposition, no more sorting phase

is neededsincethe particles are always sorted spatially after the initial sorting.

To implement Oct-tree decomposition in ParallelGravit y, we implemented a Oct decom-

poser algorithm which carriesout the Oct-tree decomposition and tries to balancethe par-

ticles in the sub-boxes. Our algorithm obtains a loosebound on balancing of the particle

distribution. The algorithms which can guarantee a tighter bound are more complex to

implement and involve a larger running overhead.

The outline of the algorithm we employ is shown as a pseudo-code in algorithm 2. The

algorithm calculatesa set of splitter keysbasedon an initial estimateof the sub-boxes. The

keysarebroadcastedto all the TreePiecesand the total number of particleswithin each sub-

box are evaluated usinga global reduction. There is a Charm++ chare object which controls

this broadcastand reduction of data. Oncewe have the counts within each box, a function

called weightBalancer (shown in algorithm 3) is invoked, that recalculatesthe new boxes
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balancing the particle counts. The function balancesthe boxesof the entire spacein many

iterations. In each iteration, the function tries to �nd the heaviest box and two sibling boxes

that are the lightest. The heaviest box is the box with the maximum number of particles

and the lightest siblings are the sibling boxesin which the sum of the number of particles is

minimum. If the function succeedsin �nding both the heaviest box and the lightest sibling

boxesand if the number of particles in the heaviest box is greaterthan the number in lightest

siblings, the heaviest box is bisectedand the two sibling boxesare coalescedtogether. The

weightBalancer continues doing this in all subsequent iterations until the heaviest box it

�nds has lower number of particles than the lightest siblings.

Algorithm 2: OctDecomposer(nodeKeys)
begin

while 1 do

//Con vert the Node Keys to spatial boundary keysto be broadcasted;

boundaryK eys = convertN odesToSplitter s(nodeKeys);

//Ev aluate the particle counts in all the TreePiecesand do the reduction;

binCounts = tr eeProxy:evaluateBoundaries(boundaryK eys);

newN odeKeys = weightB alancer(nodeKeys;binCounts);

if newN odeKeys == nodeKeys then

break;

else

nodeKeys = newN odeKeys;

end

Convergenceis guaranteed. If somebox got bisected in one step, it was the heaviest

at that point of time. No other box, including the lightest box being created,was heavier

than it. The function doesn't converge if there are oscillations, which meansthe bisected
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box should get joined at somelater point of time. But this can't happen sincethe box will

de�nitely be heavier (or at most equal in weight) than any heaviest box at a later time.

This meansthat the box won't get joined at a later time at all. Similar argument is valid

for the lightest box too. Therefore, there are no oscillations. The weightBalancer gives a

good balancingof the particle counts in practice, though it is tough to arrive at a theoretical

bound on the distribution of the particles.

Algorithm 3: weightBalancer(nodeKeys,weights)
begin

while 1 do

heaviest = f indH eaviest(nodeKeys;weights);

for n 2 nodeKeys do

curLig htest = f indLig htestParent(curLig htest; n; n:next);

if heaviest > curLig htest then

nodeKeys:erase(heaviest);

nodeKeys:add(heaviest:lef t; heaviest:r ight);

nodeKeys:erase(curLig htest:lef t; curLig htest:r ight);

nodeKeys:add(curLig htest);

else

break;

end

4.3 ORB Decomp osition

ORB stands for Orthogonal Rectangular Bisection. An ORB decomposition step divides a

simulation volume into two sub-volumes having approximately equal number of particles.

ORB decomposition decomposesthe entire simulation volumerecursively until we have sub-

volumesfor each TreePieceof approximately equalnumber of particles. The decomposition
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Figure 4.5: Distribution of particles accordingto ORB Decomposition

is always carried out in the longestdimensionof the current simulation sub-volume. Though

the number of particles are similar in each of the sub-boxes, the sizesof the boxescan vary

signi�cantly sincethe particle densitiesare variable in real datasets.The strategy of always

decomposingthe longestdimensionmakesthe sizesof the boxesmore even, ascomparedto

strategy of decomposing the box along the three dimensionsin serial circular order.

Figure 4.5 shows a simple exampleof 2-dimensionORB decomposition. We seethat the

number of particles in each of the 8 sub-boxesare equalwhereasthe shapesof the boxesare

very di�erent.

The gravit y tree structure which is most suitable for ORB decomposition is an ORB tree.

An ORB tree is constructed by bisecting the number of particles for each sub-volume of

particles, which is similar to what ORB decomposition does. The top-level distribution of

the particles for ORB tree built out of ORB decomposition is sameas the one for Oct-tree
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decomposition. Figure 4.4 shows this distribution. The entire subtree below an internal

node belongsto only one TreePiece,so, internal nodesare not replicated in more than one

TreePiece.

The particle keysthat we usedin 4.1 and 4.2 are no longervalid for ORB decomposition.

It is becausethe keyshad beenconstructedusing spatial position of the particles and they

traced the path of the particle from the global root to the bucket in the spatial binary

tree. Hence,they had acted as domain splitters to split the particles in spatial binary tree.

Whereasin our case,the bisector of the box is not determinedby the particle splitter keys

and consequently, those keys don't give us any information about the path of the bucket

from the root. Hence,they don't identify which box our particle belongsto, which was the

main purposea particle key served for SFC and Oct-tree decomposition.

For ORB decomposition, the particles contained in the box to be split, have to be sorted

in the longestdimensionbeforedecomposition. There is no schemewhich can assignkeysto

particles and meet this sorting requirement of ORB decomposition. Though ORB decom-

position can be carried out easily without any requirement of particle keys, we designeda

new methodology to assignkeys to particles in ORB decomposition to help us in identify

particles during the gravit y force calculation phase. To assignkeys to particles in ORB

decomposition, we �rst have to assignkeysto nodesasand whenthey are constructedin the

tree-building phase. When we reach buckets, we calculate the number of particles in each

bucket and assignkeys to them basedon the number. The pre�x of the particle key is the

key of the bucket node with the trailing part being the particle number of the particle in the

bucket.

We now describe the ORB decomposition algorithm that we have implemented aspart of

ParallelGravit y. We follow it up by the description of the tree-building phase.At every step

in the algorithm, we always bisect the longestdimensionof the simulation box. Also, when

each TreePiecebuilds its local part of the ORB tree (in the tree-building phase),bisection

takes place at the longest dimension only. The ORB decomposition algorithm has been
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outlined in algorithm 4. The main controller is a Charm++ chare object which initiates

the decomposition. The algorithm does log(n) iterations where n is the number of boxes

which the algorithm produces.This is alsomadeequal to the number of TreePieces.In each

iteration, the number of boxesincreaseby a factor of 2.

At the start of each iteration, the chare calculates the potential splitting positions pi

in the longest dimensionsdi for all the current boxes, for i varying from 1 to the current

number of boxes nc. It broadcaststhesepi to all the TreePieces.The TreePiecesevaluate

the counts of particles in each box basedon thesepi values. This is followed by a reduction

of thesecounts to the main chare. On receiving theseglobal counts, the chare determines

if the counts of both the sibling boxesfor each pi are equal within a tolerancevalue. If the

counts are equal for all the pi values,then we are donewith this iteration and we proceedto

the next iteration. Beforeproceeding,we update the data structures to increasethe number

of current boxes to 2 � nc. In casethe counts are unequal for at least one pi , the pi values

for which the counts are unequal,are updated and the new pi valuesare again broadcasted

to the TreePieceswhich again evaluate the new positionsand reducethe new found particle

counts. This goeson till we are able to �nd a good estimateof all pi valuesfor which counts

of sibling boxes are almost equal. After log(n) iterations, we have the required number of

boxes and then, we initiate the data movement phase. Each TreePiecehas the knowledge

of the splitter positions and knows exactly what particles it has to sendto each TreePiece.

We could have carried out the data movement phaseafter every iteration but it would have

resultedin much larger volumesof data beingexchangedamongprocessorsleadingto higher

communication latencies.Having data movement at the end doesmake the implementation

morecomplexbut the gainsin communication costwhich we get, are too lucrative to ignore.
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Algorithm 4: ORBDecompose(initialBox,numTreePieces)
begin

boxes[1] = initial Box;

nc = 1;

for iter ation  1 to lognumT reePiecesdo

for i  1 to nc do

< pi ; di > = getSplitter sI nLongestDim(boxes[i ]);

end

//particleCoun ts is twice the sizeof p and d;

//Ev aluate the particle counts in all the TreePiecesand do the reduction;

particl eCounts = tr eeProxy:evaluateParticl eCounts(p;d);

while !nextI teraion do

if countsEqualWithinT olerance(particl eCounts) then

boxes= getNewBoxes(p;d);

nc = nc � 2;

nextI teration = tr ue;
end

else

for i  1 to nc do

pi = updateSplitter s(pi ; boxes[i ]);

end

particl eCounts = tr eeProxy:evaluateParticl eCounts(p);
end

end
tr eeProxy:broadcastFinal Splitter s();

//Carry out the data movement phasehere;

end

We start building the ORB tree for each TreePiecefrom the global root. The global
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root has the whole spaceas its bounding box. We go on building the tree till we reach

the root of the subtree which is completely local. As shown in 4.4, the nodes above the

root of the subtreeare either remotenodes(black) or nodesthat are sharedamongmultiple

TreePieces(gray). Starting from the root of the subtreewhich is local, we start decomposing

the particles in a similar fashion as we did in ORB decomposition. Only di�erence is that

sinceall the particles being decomposedare local, we don't have to broadcastand reduce

data. Once we split a box, we squeezeboth the boxes basedon the particles contained in

them. Squeezingproducesa signi�cantly better tree structure.

4.4 Comparison Results

In this section,wepresent the comparisonresultsof the three typesof domaindecomposition

we described in the previoussections.

The particle decomposition phaseis more complex for ORB as comparedto SFC and

Oct-tree. In SFC and Oct-tree, simple histogramming over all the TreePiecesis performed

to arrive at the correct splitter keys. Oct-tree, in addition, has the weightBalancer which

tries to balancethe count of particles in all the boxes. The weightBalancer performspretty

well in practice and each call to weightBalancer usually takesO(n) time. Also, for SFC and

Oct-tree, the particles are sorted basedon their key valueswithin each TreePiecebeforethe

decomposition phasebegins. In ORB decomposition, we increasethe number of boxesby a

factor of 2 in each iteration. This bisection is quite complex to implement, sincewe have

to �nd the correct bisector in each TreePiece. To make things easier,we do a O(n logn)

implementation whereparticles are sorted accordingto the longestdimensionand then, the

bisector is found. In theory, it is possibleto implement the bisection in O(n) time using a

median-�nding algorithm but given the complexity of implementing such an algorithm, we

do a O(n logn) implementation. We intend to implement a O(n) algorithm sometimein the

future.
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The tree-building phaseis really simplefor a spatial binary tree. At each level of the tree,

we just needto �nd the splitting particle which splits the box into two spatial equal boxes.

This is a O(logn) operation. So, the whole tree-building processis a O((log n)2) process.

Building ORB tree is a little more complex. At each level of the tree, we needto �nd the

particle at n=2 or n=2 + 1 position in the longest dimension. This is a O(n) algorithm in

practice. Hence,the whole tree takesO(n logn) to build. The ORB tree is a more balanced

tree as comparedto the spatial binary tree. It usually has an equal number of particles in

all its buckets and an equal number of buckets for each TreePiece.The ORB tree is more

memory-e�cient sincethe number of tree nodesare lessand tree is mostly balanced. ORB

tree hasbeenconsideredoptimal for nearestneighbor �nding, multi-dimensional key searches

and someother applications, though it can perform really badly in gravit y calculations for

certain particle distributions as described in [1]. On the other hand, spatial binary trees

result in more accurateforcesdue to a reduction in the higher order multip ole moments [1].

Also, they don't su�er from bad performancefor certain particle distributions. So, spatial

binary treesare much better for gravit y force calculation.

4.4.1 Impro vement in Data Prefetc hing

The data prefetching phasedescribed in section 2.3.2 improves performancefor all types

of decomposition. This is due to the increasedhit rate of the cache. While executions

without the prefetching phasegeneratea cache hit rate of about 90%,with the prefetching

active the hit rate risesto 95-97%for SFC decomposition, and 100%for Oct-tree and ORB

decomposition. The greater accuracyin prefetching for Oct-tree and ORB decomposition is

due to the better prefetching algorithm we developed, given the constraint that prefetching

must be lightweight. Better prefetching algorithm can be owed to the fact that we know the

exact box in which the particles are contained for a TreePiecein caseof Oct-tree and ORB

decomposition. Although Oct-tree and ORB decomposition providesa clearbene�t in terms

of cache hit rate over SFC, the full e�ects on the entire execution time are more complex

41



and will require more detailed studiesto be fully characterized.
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Figure 4.6: Comparisonbetween SFC, Oct-tree, and ORB decomposition on BlueGene/L
for the dwarf dataset

4.4.2 Scaling and Performance comparisons

We now present the scaling comparisonsbetween the three types of particle spacedecom-

positions. We time the gravit y calculation phaseof ParallelGravit y for all of thesedomain

decompositions. The simulator has been run on large parallel machines like BlueGene/L

and HPCx and it shows pretty good scaling till hundreds of processorsfor almost all the

decompositions. We useboth our datasetsof 1 million and 5 million particles. As earlier,

vertical axis is the product of the number of processorsand the time per step. The horizontal

axis represents the number of processors.

Figure 4.6shows the comparisonof the three techniqueson BlueGene/L for the dwarf5M

dataset. A horizontal line meansperfect scaling. We seethat all of them scalepretty well

till 256 processors.The scaling worsensafter 256 processorsand is not shown. For ORB

decomposition, scaling worsensa little for 256 processorsas comparedto the others. We
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Figure 4.7: Comparisonbetween SFC, Oct-tree, and ORB decomposition on BlueGene/L
for the lambs dataset

observe that Oct-tree decomposition is the best amongthe three decomposition techniques.

SinceOct-tree decomposition resultsin TreePieceswith mostunevenamount of computation,

it makesuseof the Charm++ measurement-basedload balancersto a great extent to achieve

the best performance. This is discussedfurther in section 4.4.3. During the whole range,

Oct-tree decomposition performsbetter than SFC decomposition by about 25%to 35%and

Oct-tree is better than the ORB decomposition by around60%. ORB decomposition doesn't

perform aswell aswehad expected. Wedid someinitial investigationsto ascertainthe reason

for this. Wefound that ORB doesmuch morecomputation ascomparedto Oct-tree and SFC

for the samedataset. Oct-tree and SFC do almost similar computation sincethe underlying

tree is samefor them. More computation in caseof ORB can be attributed to the ORB

tree. ORB tree has a higher number of particles per bucket on averageas compared to

Oct-tree and SFC. The bounding boxesof the nodesof the tree are more uneven in caseof

ORB which leads to higher opening radii and hence,more computation. These are some

possiblereasonswhich we thought might be responsible for the poor performanceof ORB.
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Table 4.1: Number of interactions, in millions
Particle-Node Particle-Particle

SFC or Oct-tree Decomposition 387 205
ORB Decomposition 503 320

The exact contribution of all the factors which causethis bad performancefor ORB needs

further investigation.

Table 4.1 illustrates the fact that ParallelGravit y with ORB decomposition does more

computation than the onewith SFC (or Oct-tree) decomposition. The results presented are

from executionsof ParallelGravit y on 8 processorsof BlueGene/L with lambs1M dataset.

We seethat the number of particle-particle interactions and particle-node interactions are

more in caseof ORB than SFC or Oct-tree. One particle-particle interaction stands for

the interaction of a particle in the bucket (being considered)with a particle in space.One

particle-node interaction stands for the interaction of a particle in the bucket with a node

in space.ORB decomposition does23%more particle-node and 36%more particle-particle

interactions. This rise in the number of interactions for ORB gets translated to a greater

gravit y calculation time.

Figure 4.7shows the comparisonon BlueGene/L for the lambs1M dataset. We seepretty

decent scaling for all of them till 128 processors.Oct-tree performs better than the other

two. ORB has the worst performance.Oct-tree is better than SFC by around 10%to 20%

during the whole range. Oct-tree is better than ORB by about 30%during the entire range.

Figures4.8(a) and 4.8(b) show the performancecomparisonsbetweenOct-tree and SFC

decompositions on HPCx machine for dwarf5M and lambs1M datasets, respectively. We

don't show the performanceresults for ORB in this case. Both, Oct-tree and SFC, show

similar scalability. Scalability with the dwarf5M dataset is better than lambs1M. Oct-tree

performs better than SFC by a margin of about 5% in both the cases.This is lower than

what we observed for BlueGene/L.
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4.4.3 E�ect of Load Balancers

In this section,we discussthe e�ect of the Charm++ automatic load balancing framework

on our decomposition schemes.The code instrumentation and the migration of charesin the

system are totally automated, and do not require any programmer intervention. Oct-tree

decomposition gainsthe most from load balancingbecauseof its highly unbalancedcompu-

tation as comparedto the others. ORB and SFC decomposition show smaller gains from

load balancing. Computation for SFC is more or lessbalanced,so gain is very little. ORB

has quite unbalancedcomputation in certain casesbut gains observed from load balancing

have beensmall. We needto further investigatethe reasonof thesesmall gains.
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Figure 4.9: Comparisonbetween regular ParallelGravit y version and ParallelGravit y with
interaction lists with Oct-tree decomposition beforeand after load balancing on BlueGene
for the dwarf dataset

Figure 4.9shows the e�ect of load balancingon both the versionsof the code for Oct-tree

decomposition. The improvement from load balancing is similar in both the cases.We see

that there is a super-linear speedup at certain points before load balancing. It is due to

the fact that before load balancerkicks in, the decomposition of work on each processoris
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not balanceddue to Oct-tree decomposition which results in varying amounts of particles

and computation for each TreePiece.The decomposition is more balancedfor somenumber

of processorsthan others which appears as super-linear speedup. Once the load balancer

kicks in, it balancesthe work more or lessin all the processorsresulting in a performance

improvement of about 15%to 35%for both the versionsof the code. Both the versionsalso

show pretty good scaling.
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Figure 4.10: Comparisonbetween SFC and Oct-tree decomposition before and after load
balancingon BlueGenefor the dwarf dataset

We comparedthe performancescalingin the caseof Oct-tree decomposition (beforeand

after load balancing) with that in SFC. Figure 4.10 shows the results. The performance

improvement seenin Oct-tree decomposition as a result of load balancingmakesit perform

much better than SFC decomposition. Load balancersmake very little improvement to SFC

decomposition. So, we don't plot it here. SFC decomposition is inherently load balanced

and doesn't needany runtime load balancing. That is why SFC has beenusedextensively

in literature in the past. State of the art cosmologicalsimulators like PKDGRAV [4] also

use SFC decomposition. Better performancefor Oct-tree decomposition using Charm++
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powerful runtime load-balancingshows us a way of improving the current state-of-the-art

cosmologicalsimulators.

Figure 4.11: E�ect of Load Balancer for the dwarf dataset on 64 BlueGeneprocessors

To further analyzethe improvements from the load balancers,�gure 4.11displays a view

from our Projections performanceanalysis tool, a component of Charm++ . The view cor-

responds to �v e timestepsof a simulation with Oct-tree decomposition on 64 BlueGene/L

processors.The horizontal axis represents time, while each horizontal bar represents a pro-

cessor. Darker colors represents higher utilization, with black as full utilization and white

as idleness. One can seethat even starting from a very unbalancedsituation on the �rst

time-step, after two timesteps the load balancer improves performancequite signi�cantly,

approaching almost perfect balance. The gray region at the beginning of each time-step,

whereutilization is lower, correspondsto the communication overheaddue to data prefetch-

ing. The time spent by the application in load balancing and in domain decomposition is

hardly visible in the �gure. It correspondsto the period betweenthe end of the longestbar

in one time-step and the beginning of the gray region of the next time-step. That time in

negligible.

48



It is relevant to notice that the dwarf dataset is highly clustered at the center of the

simulation space,and its spatial distribution of particles is very uneven. This non-uniform

particle distribution is re
ected by the varying processorutilization in the �rst time-step

of the simulation. Situations like this present the biggest challengeto obtain load balance

acrossprocessors.Nevertheless,the Charm++ load balancersachieved very good balance.
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Chapter 5

Conclusions and future work

In this thesis,wehavepresented someoptimization techniquesfor a newparallel cosmological

simulator named ParallelGravit y. Our design was guided by the goal of achieving good

scalability on modern parallel machines, with thousands of processors. The interaction

list scheme for force computation was implemented using Charm++ virtualization. This

virtualized implementation shows similar scalability as the original algorithm and leadsto a

performanceimprovement of about 10%in the force computation time.

Our experimental results for the comparisonof variousparticle decomposition techniques

show that Oct-tree decomposition is the best for gravit y forcecomputation however, all the

techniques achieve good scalability. Oct-tree achieves this best performanceby exploiting

the Charm++ automatic load balancing framework to a greater extent than other decom-

position techniques. This shows us that Oct-tree decomposition, implemented along with

runtime load balancing,might be a way to improve the current state-of-the-art cosmological

simulators.

In essence,by employing various optimizations, including the onespresented in the the-

sis, the gravit y calculation phase in ParallelGravit y was shown to scale very well up to

large number of processorswith real astronomicaldatasets. This level of scalability places

ParallelGravit y as a potentially powerful resourcefor the astronomy community.

Despite ParallelGravit y's good observed scalability, we intend to study other load bal-

ancing schemesand parallelization techniquesthat may provide even further bene�ts. The
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implementation of oct-trees is being considered.Researchers have facedproblemswith oct-

trees in the past becauseof the di�cult y of load balancing the computation with them.

However, we expect our powerful Charm++ load balancing framework to achieve a good

load balancewith oct-trees too. We also needto further investigate the reasonsfor not-so-

good performanceof certain optimizations in the current code. In particular, reasonsfor the

bad performanceof the simulator with ORB decomposition have to be found out. The e�ect

of the load balancerson ORB decomposition alsoneedsto be further investigated. Moreover,

ParallelGravit y still needsto incorporate several additional featuresto becomea production-

level simulator. We are working on adding support for more physics,such as 
uid-dynamics

and periodic boundaries,as well as providing multiple time-stepping. In addition, as we

start our tests on thousandsof processors,we are also analyzing the performanceof other

phasesof the simulation, such as the construction of the particle tree.
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