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Abstract—This work describes research done by the Milky-
Way@Home project to use N-Body simulations to model the
formation of the Milky Way Galaxy’s halo. While there have
been previous efforts to use N-Body simulations to perform
astronomical modeling, to our knowledge this is the first to use
evolutionary algorithms to discover the initial parameters to the
N-Body simulations so that they accurately model astronomical
data. Performing a single 32,000 body simulation can take up
to 200 hours on a typical processor, with an average of 15
hours. As optimizing the input parameters to these N-Body
simulations typically takes at least 30,000 or more simulations,
this work is made possible by utilizing the computing power of
the 35,000 volunteered hosts at the MilkyWay@Home project,
which are currently providing around 800 teraFLOPS. An
open-source framework for generic distributed optimization
(FGDO) is used to perform the evolutionary algorithms in
conjunction the Berkeley Open Infrastructure for Network
Computing (BOINC) which is used by many other volunteer
computing projects, such as SETI@Home. The architecture of
FGDO is described and results are presented which show that
the evolutionary algorithms used correctly discover the initial
parameters to N-Body simulations which match test data and
find initial parameters which produce N-body simulations that
accurately model tidal debris in the Milky Way Galaxy’s halo.
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However, this approach has some limitations. As an
accurate model of the smooth component (ortthekground
mode) is unknown, models of the disrupted dwarf galaxy
stars can end up fitting errors in the background model.
Additionally, the models generated from this approach only
provide information aboutvherethese tidal streams are, not
whythey are there. This work addresses these deficiencies by
using N-body simulations to model this tidal disruption of
dwarf galaxies and their interaction with the Milky Way. The
disruption depends on initial properties of the dwarf gglax
and on the gravitational potential of the Milky Way, which
is primarily due to dark matter. Asynchronous evolutionary
algorithms (AEAs) have been used successfully to find
the optimal input parameters for the probabilistic samplin
method [3], [4], [3], [5], [6], and this work expands these
AEAs to find the optimal input parameters for the N-body
simulations, which will in turn provide new understanding
of the origin and structure of the Milky Way.

Successfully evolving these N-body simulations using
a volunteer computing system such as MilkyWay@Home
involved three main challenges. First, as volunteer comput
ing systems consist of highly heterogeneous hosts which
have unreliable availability and are potentially malicgou
existing N-body simulation code had to be modified to
enable checkpointing so applications can stop and resfart,

MilkyWay@Home has used a probabilistic sampling well as deterministic cross-platform execution. This \&Ho
method to measure the shape of stellar substructure in theork done by hosts to be validated by comparing the results
Milky Way, primarily from tidal streams stars that have of multiple heterogeneous hosts. Second, the framework for
been tidally stripped from dwarf galaxies as they are pulledgeneric distributed optimization (FGDO) used to optimize
apart by the Milky Way’s gravity [1], [2]. This method the probabilistic sampling models was improved and ex-
simultaneously fits a smooth component of the Milky Way'stended to also work with the N-body simulations. As the N-
stellar halo that is presumably the result of galaxy mergerdody simulation code is the second real scientific appbeati
that occurred early in the formation of the Milky Way, along being optimized using FGDO, this work has made steps
with these disrupted dwarf galaxy stars around the entiréo improve the generality and usability of that framework.
galaxy. Since the Milky Way galaxy is the only galaxy for Further, improvements were made to the validation strategy
which it is possible to measure the positions and velocitiesised by FGDO, improving its robustness while reducing
of stars in three dimensions, our galaxy provides importanvalidation overhead. Lastly, a method for determining how
clues to the mechanisms through which galaxies form andccurately an N-body simulation represents astronomical
the nature of dark matter. data gathered by various sky surveys, such as the Two



Micron All Sky Survey (2MASS) [7] and the Sloan Digital random elements, newly generated individuals have the
Sky Survey (SDSS) [8], was required so that their fithesgpotential to bothexplore new regions of the search space,
could be optimized by the AEAs. and exploit areas of the search space that are known to
These N-body simulations are extremely computationallyhave good fitness. This results in the population of solsgtion
expensive. A single 32,000 particle simulation can take ugevolving towards an optimal solution.
to 200 hours on a standard processor, and for sufficient res- There have been many different approaches to making
olution at least 100,000 particles are required. The massivEAs work on different distributed computing systems. In
amounts of computing power produced by the volunteegeneral these approaches are either sequential, witatisti
computing hosts at MilkkyWay@Home provide one of the synchronization points; asynchronous, without distinet-s
few computing systems where performing such optimizatiorchronization points; or some combination of the two.
in a realistic amount of time is possible. Preliminary réesul ~ Sequential approaches to distributed EAs typically use
show that for a test data set with known optimal param-a single-population strategy, where new populations are
eters, the 35,000 volunteered computing hosts at Milky-generated repeatedly by evaluating each individual in par-
Way@Home can be successfully harnessed to evolve 4,09%lel; repeating this process until the population hasheec
particle N-body simulations to accurately model the Milky convergence criteria [14], [15]. It is possible to increase
Way Galaxy and the formation of structure in its halo. scalability past the population size by additionally ewditg
Further, the FGDO framework is now successfully beingthe objective function in parallel. This type of approach is
used to optimize 32,768 particle N-body simulations tobest suited to highly reliable and homogeneous computing
real observed data from the SDSS. The authors feel thatodes, as found in clusters and supercomputers.
these results show the potential for this approach of using Hybrid approaches involvéslands of populations [16].
volunteer computing grids and an asynchronous optimizatio The different populations are evaluated sequentially bed t
framework, and that this will allow us to evolve 100,000 or asynchronously migrate selected individuals to neiggpri
more particle N-body simulations successfully. islands when certain criteria are met [17], [18], [19], [20]
This paper proceeds as follows. Section Il presents reTasouliset al. have shown that having moderate values for
lated work. Section Il describes the N-body simulationsthe frequency of migration result in the best convergence fo
being performed, what parameters are being optimized andifferential evolution across a variety of benchmarks [21]
how the fitness of a simulation is determined. Section IVIt has been shown that super-linear speedup can be attained
describes the improvements made to the FGDO frameworlising this method, as smaller populations can converge to
used to optimize and validate the N-body simulations usingninima quicker than larger populations [22], [23]. However
the Berkeley Open Infrastructure for Network Computing having populations of different sizes and/or populations
(BOINC) [9]. Preliminary results are presented in Section V running on clusters of different speeds can have varying
Concluding remarks and directions for future work are givennegative effects on the performance of the search. As each
in Section VI. island can be parallelized in the same manner as a single
population EA, this approach is well suited to grid com-
o ) _ puting systems, where islands can be assigned to individual
A. Distributed Evolutionary Algorithms clusters within the grid. Island EAs have also been shown
Evolutionary algorithms (EAs) are a popular approachto be effective in peer-to-peer computing systems [24]].[25
for parameter optimization where the search space contains Asynchronous approaches to distributed EAs typically
many local optima that traditional search methods such agse a single-population and a master-worker model. One
gradient descent and simplex get trapped in. As the searchpproach has been to generate the population and have work-
space for these N-body simulations is highly complex,ers request individuals to evaluate, using a work-stealing
EAs are an ideal candidate for performing the parametemodel [26], [27], however these approaches wait for the
optimization. evaluation of one population to complete before continuing
Common EAs for continuous search spaces include difto the next. This synchronization limits their scalabilitya
ferential evolution (DE) [10], particle swarm optimizatio number of processors equal to the size of the population.
(PSO) [11], [12], [13] and genetic search (GS). In general Asynchronous approaches to particle swarm optimization
an EA keeps track of apopulationof potential solutions, have used a method where individual particles are calallate
where eachindividual in the population represents a set in parallel and newly found global best positions are then
of parameters in the search space and hd&gnassthat broadcast asynchronously [28], [29]. However, similady t
represents how good of a solution that individual is. Assingle-population sequential approaches, these stestege
the EA progresses, new individuals are generated by reconimited by the population size used by the EA. Additionally,
bining individuals in the current population, and thosehwit broadcasts are not feasible on very large computing envi-
higher fitnesses are kept while those with lower fithessesonments and very large population sizes can significantly
are discarded. As the generation of new individuals in®Ive increase the time taken to find a solution [4].

Il. RELATED WORK



FGDO supports asynchronous versions of differential Section IlI-B describes how checkpointing was imple-
evolution, particle swarm optimization and genetic searchmented in the N-body simulation code, as well has how
However, the asynchronous approach used by FGDO differsheckpointing and execution were done in order to ensure
from the related approaches in that it has no synchronizatiothat the results were deterministic across heterogeneous
points at all, allowing these optimization methods to stale architectures. The issue of expensive validation is adéres
hundreds of thousands or more computing hosts, as showsy using FGDO, which provides methods to dramatically
by Desell [4]. The asynchronous optimization approach usededuce the amount of validation required for volunteer
by FGDO generates new individuals based on the currentomputing projects performing evolutionary algorithmslan
state of a population in response to requests for work anthis is described in detail in Section IV-A.
later inserts the results to the population if and when they
are reported. As the heuristics for generating new indasdslu N-Body Simulations in Astroinformatics
are randomized, this allows the AEAs to generate as many
unique individuals as are required to satisfy all potential N-body simulations are a well established tool for model-
workers. In addition, there are no dependencies betweeifid tidal disruption in the Milky Way. The Sagittarius Dwarf
generated individuals, so if a worker fails and does notnepo Tidal Stream was initially modeled by Johnstenal. [32],

the fitness of its individual, the search does not need to waind followed up by Lavet al. [7]. While this placed some
for that individual to be recalculated. Section IV descsibe constraints on the kinematics of the Sagittarius dwarf, eaw

FGDO in more detail. al. were unable to simultaneously fit the kinematics and sky
positions of the Sagittarius stream within an axisymmetric
dark matter halo. Only by expanding to a triaxial halo did
Law & Majewski [33] satisfy all constraints. Predating this
Volunteer computing enables people across the world tavork, Dehnenet al. [34] modeled the Palomar 5 globular
volunteer their computing resources, such as processorsluster tidal stream via N-body simulations and showed
graphics processing units (GPUs) and hard drive space. Pofhat the majority of its properties were results of its abit
ular projects include SETI@Home [30], the infrastructufe o kinematics. Similar studies of the GD-1 (Grillmair & Dion-
which was generalized to become the Berkeley Open Infrasatos [35] stellar stream by Wille#t al. [36] and Koposov
tructure for Network Computing (BOINC) [9], IBM’s World et al.[37] were able to determine orbital kinematics, but did
Community Grid and Stanford’s Folding@Home [31]. not perform N-body simulations.
Users can even volunteer non-standard computing units such While these studies were groundbreaking in their ability
as gaming consoles like the XBOX 360 and Playstationto constrain tidal streams, they did not address the inter-
3. These computing frameworks provide very powerfulesting research question: can N-body simulations be used
distributed computing environments consisting of thodsan to rigorously fit the stellar density along a tidal stream?
(or even millions) of personal computers for the low price of Newberget al. [38] published a re-analysis of the Orphan
running a server. In addition, they provide an effective ngea Stream (Belokuroet al.[39], Grillmair [40]), and extracted
of generating public interest in different scientific cortipg  the density of Orphan Stream F-turnoff stars as a function
projects. of Orphan Stream longitudé o,phan, Which is shown in
However, these benefits do come at some cost. As theddgure 1. Newberget al. [38] were able to reproduce the
projects are open to the public, individual computing hostsoverall form of the Orphan density using a Plummer model
are highly unreliable and potentially malicious. As anywith mass Mp = 2 x 10% Msg,, (Where Mg, is the
volunteer has the right to stop participating at their ownmass of the sun), scale length = 0.2 kpc (kiloparsecs),
discretion, in order to prevent lost work applications rimgn  orbit time #,,c = 4 Gyr (gigayears) and evolution time
on volunteered hosts must be able to save their state ang... = 3.945 Gyr, evolved along the best fit orbit within
restart to prevent lost work. Additionally, there is thegrot  a Galactic potential. While these parameters produce a
tial for users to return invalid or incorrect results to urifa  model that broadly reproduces the Orphan Stream density, an
gain credit, a measure of a user’s participation in a project.interesting research question emerges: can an N-body model
The common solution to this issue is to use validation ofof the Orphan Stream progenitor actually be fit to the Orphan
results, where the same piece of work is issued to multiplestream density?
clients and then the results are compared. However, as the Section Ill-A provides a proof of concept that it is possible
volunteered hosts are highly heterogeneous, ensuring thégr an N-body simulation to produce a body of particles
different hosts return the same results for the same workyhich matches observed data. Section V-A shows that using
can be problematic. Validation is also highly expensive, aFrGDO on MilkyWay@Home can discover N-body simula-
it requires multiple hosts to do the same work. tions that match the results of an N-body simulation with
known parameters and Section V-B provides preliminary
Lhttp:/Avww.worldcommunitygrid.org results that evolving N-body simulations to match actughda

B. Volunteer Computing



provides results with accuracy similar to that achievedwit 1

85+
the test data. 751

IIl. M ODELING THE MILKY WAY GALAXY USING 651
N-BODY SIMULATIONS 554

The scientific purpose of this work is to utilize the BOINC T
volunteer computing environment to perform distributed "t
gravitational N-body simulations of dwarf galaxies onhfi 51
the Milky Way. A dwarf galaxy is a small spherical galaxy 154
that typically possesses millions of stars and has a mass s |
on the order of one ten-thousandth of the Milky Way's .|
mass. As it orbits our Galaxy, it becomes disrupted by |
gravity and forms tidal streams: long arms of stars that can *7
span the entire sky. Utilizing massive and well calibrated 751
photometric surveys such as the Two Micron All Sky Survey  est
(2MASS) [7] and the Sloan Digital Sky Survey (SDSS) [8], 551
astronomers have identified tens of streams orbiting the .| W .- el
Milky Way. Figure 1 shows a stellar density map of SDSS F-  +_ | -
turnoff stars in the Milky Way halo from [38]. Darker areas
indicate higher stellar density. There are two tidal stream
in this Figure. The first runs nearly vertically frohs= 200°
to [ = 240°. This is the Sagittarius Dwarf Tidal Stream.
The other, running horizontally dt ~ 50°, is the Orphan
Stream o 2=70 : : ZLO : : 2|I50 : : 1%50 : : 1!30 :

The physical problem in understanding tidal streams is
that they represent the disordered state of the orlglnaTLigure 1. Shown is the sky position of the Orphan Stream asdrdy F

dwarf gala)'(y: they have allready been _di_srUpted- HOW camnoff stars from the Sloan Digital Sky Survey [38]. Darleeas indicate
we determine the properties of the original dwarf galaxyhigher stellar density. There are two tidal streams in thigufé. The first

that creat th tream? Th implest wav to r lve thigins nearly vertically fromi = 200° to I = 240°. This is the Sagittarius
at created the strea € simples ay lo resoive warf Tidal Stream. The other, running horizontally tatz 50°, is the

difficulty is to UnqerStand_ th? kinematics O_f the stream,oyphan Stream. The Sextans and Ursa Major 11 dwarf galaxiedabeled
propagate an orbit back in time to a previously orderedn the lower panel.

state, and propagate a collection of particles forward in

Sext ans

time to the present day. We can understand the kinematic o207 < g, < 217, 012 < (gor) < 026
properties of the stream by determining is velocity and —— ~2< B, < 2 deg (u-g)p > 04
distance at various points along the sky. For most purposes, [ = 2<la.l<4dq

the radial velocity (velocity along the line of sight) is of -
the only knowable velocity component. Some stars have *©
known proper motions, which would allow other velocity
components to be determined, but their errors are often so
large as to preclude their use. Knowing the line of sight
kinematics of and distance to the stream, we can use search?|
algorithms to find the best fit three dimensional kinematics
and background Galactic model [36].

With the orbit of the stream understood, we can now |
create a group of particles at some time in the past, place ®ss # % 2 10 0 -0 -2 230 40 0
it on this orbit, and propagate it forward to the present day. Porshon
Th,e m(,)dEI from the,grOUp of particles IS, a Plu_mmer Sphe,rel’—'igure 2. Number counts of F turnoff stars withia2° of the stream
which is an energetically stable three dimensional SpBETiC are plotted as an open black histogram [38]. The number ofgrackd
distribution [41]. This model has two parameters: its totalturnoff stars off-the-stream on either side are plottedeith iThe difference
massM and scale lengtl. In addition, we will consider is plotted as a hashed histogram. Note the significant exdessrroff

’ ! ; . stars over background nedro,phan = +23°, corresponding tql,b) =
two more parameters;,,;;, the amount of time the orbitis (2550, 49°).
evolved back in time, andy,.-¢, the amount of time the
dwarf is evolved forward in time. In order to determine the
parameters of the best fit model dwarf galaxy, we need some
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measure of how the stars are distributed in the stream. The
density of stars along the stream as a function of angle on
the sky provides this very measure.

The hashed histogram in Figure 2 shows the Orphan
stream stellar density as a function of Orphan stream longi-
tude (Aorphan, & spherical coordinate system whose equator
is along the stream). Note that the gap in the histogram
around Aorphan = 25° is the same gap in Figure 1 at
[ = 260°, and thus is not a true absence of stars. We also see
that the high density of stars nefdrb) = (255°,49°) corre-
sponds with a peak in stellar density/,phan ~ +23°. We
wish to determine the four parameters of the model dwarf

1500

z 1000 -

galaxy that best fits the density profile given in Figure 2. 0 2 o 2 0
Our metric for determining the goodness of fit to the density -
profile is given in Equation 1: Figure 3. Number counts of simulated stream stars on the saraeasxi

the data histogram. The evolution time of the dwarf directltedmines the
) . 2 placement of the peak neaio,phan = +-23° and the length of the stream
y2 = Z <mvm0del7hvdam) (1)  Wwhile the mass and scale length determine the ratio betwesmpéiaik and
o; the number of stars in the tail.

wheren; = N;/Niotal is the normalized bin height;; =
V'N; / Niotal is the normalized error of a data bin, and is
the number of stars in bify and N, is the total number
of stars in the histogram. w

80 — —

A. Proof of Concept 180
A proof of concept simulation can be generated by %0 - 1 Fd 10
selecting a dwarf mass aff = 1 x 10° « Mg,, (Where &
. . [ - 60

Mg, is the mass of the sun), a scale radiusaof= 0.2 2 s
kpc (kiloparsecs), and evolution times,,;; = 4.0 Gyr 0

(gigayears) anttguarr = 3.945 Gyr. A simulation with

these parameters within the low halo mass model described

in [38] produces the density profile given in Figure 3. As can

be seen, this density has the same overall shape as the stream .. . .0 w0 a0 10 10 10 1
density. A density plot in galactic coordinates is shown in !

Figure 4. Comparison between this and Figure 1 shows a

stream with an overdensity in the same area in the sky, as

well tream of roximatelv th me lenath. Thi igure 4. Shown is an N-body particle density plot in sky cliaates.
€ll as a stream of appro ately the same feng arker colors indicate higher particle density. Compariséth Figure 1

simple t_est shows that physically intui'Five parametersl lea shows an overdensity near— 250° as well as a stream of comparable
to a satisfactory result. However, the histograms need to biength. This simple test shows that physically intuitivegmaeters lead to

directly and objectively compared using the goodness of fift satisfactory result.
metric in order to find the optimal parameters.

B. N-Body Simulation Code cell contains only one particle. The force on each partigle i
To perform N-Body simulations on a BOINC volunteer evaluated by "walking” down the tree. If a particular cell is

computing grid, Barnes and Hut [42] treecode has beent00 distant’, it contributes en-masse to the force. Howgeve

modified. This treecode uses a hierarchical method of NIf it is "too close”, the cell is "opened” and the force is

body simulation, which results in a faster ®(log N) €valuated for the subcells.

runtime, where N is the number of bodies The opening angle parametérdetermines if a cell is
This treecode, further described and parallelized by Du-t00 distant” and "too close”. If the size of a cell isand

binski [43], operates by grouping particles into cell, eachthe dlsta_nce of the particle to the celll’s c.enter of mass, is

with eight siblings. At the beginning of the simulation, all the cell is accepted for force evaluation if:

particles are enclosed by a cell, which is then subdivided I

into eight subcells. A tree of subcells is created until each d> h (2)

2http:/iwww.ifa.hawaii.edu/ barnes/treecode/treegiitial Smaller values of) therefore give rise to more precise



force evaluations. A value of 1 typically results in accel- verifiable results across heterogeneous computing phasfor
eration errors of one percent compared to the Nifl force  Given results generated by hosts at MilkyWay@Home sam-
algorithm [44]. pled over a week, only 0.6% of the results failed validation,
Checkpointing has been implemented which allows thewhich we feel is low enough to attribute to poorly config-
N-body simulations to be restarted when clients stop owmred clients and hardware issues. This modified code has
pause the BOINC client that runs the N-body simulation.also been made freely available as a public repository on
As the hosts at MilkyWay@Home are volunteered, thisGitHuk’.
checkpomt!ng minimizes the amount of yvqu lost by vol- IV. A FRAMEWORK FORGENERIC DISTRIBUTED
unteers using their computers. Checkpointing can be done
after each timestep. Typically the BOINC client determines OPT'M'ZAT.ION (F_GDO) o
checkpointing is required every few minutes. The positions FGDO has made a series of improvements enabling its
and velocities of the particles, as well as the simulatioreti US€ for the optimization of N-body simulations in addition
are saved in a binary format. This information is sufficient!© the probabilistic sampling method, making it more gemeri
to resume the simulation. The binary format ensures thi&nd €asier to use with other computing projects. It is also
is a lossless process, avoiding inconsistencies in stong tavailable as public repository on GitHub for public tisehe
floating point conversions present in nearly every compiler"eW implementation has been done in Java, which allows for
In addition, the treecode has been adapted to make RasSier extension of the search methods being used because
easier to add and use different initial distributions oftjotes ~ ©f its Object oriented nature. In addition, Java has made
for the dwarf model, such as Plummer models [41] as welft much simpler to plug in different credit and validation
as a selection of different components for an external accelMPlementations for the different applications being used
eration due to the Milky Way, such as spherical bulges [45] A, Reducing Validation Overhead

exponential disks [46], and dark matter halos [7], [47]. The previous implementation of FGDO could use either

The last obstacle for viable use of N—bpdy SImUIatlonoptimistic or pessimisticvalidation to reduce the amount
pode on BOII\|IC ;Nas tdqﬁensure the con3|iten0y| of ﬂoagof duplicate work done by volunteered hosts [51]. These
:?gstgo;?tMﬁf li/\tls rom ' erenth.S);]slte(rjr_\s. The vo lmt.eerefapproaches involve keeping track of two populations, one

. yWay@Home are highly Verse, consisting o of unvalidated results and the other of validated resulte T
practlcally every common type of archlt_ecture_and O_perat'pessimistic approach either generates duplicate indigdu
ing system available. Other BOINC projects, in particular

. . from the unvalidated population for verification, or new
LHC@home, have had s_|m|Iar problems in the past [48]’individuals from recombinations of the validated popuati
[49]. Some of these projects have usedmogeneous re-

dundancy where duplicate work for validation is onl it A user defined verification rate is used to determine how
undancy where duplicate work for vaildation is only s€ frequently duplicate work for validation is generated. The
to hosts with similar architectures so that their resules ar

) . X optimistic approach still uses the unvalidated populatmn
comparable [50].' prever, _th|s approach is not partlcyllc_";lrl generate duplicate work for validation, but it also useit f
useful for optimization, as in order to evolve a population

. : L recombination of new individuals, with the assumption that
of simulations, all their fitnesses need to be comparable

dl f the host that perf d the N-bodv simulati fnost unvalidated results are correct. When an individual in
regardiess of the host that pertormed the N-body simulalioly,q . igated population has been found incorrect, then i

and produced the fitness. With homogeneous redundang replaced with an individual known to be correct from the

potentially valid fitnesses could be discarded because th\?alidated population. As with pessimistic validation, @wus

?trchnect:]ure the_y _\I/vere_ callctt_JIated on d_;result?d 'nh_?e;fweﬁefined verification rate is used to determine how frequently
iness than a simfar simutation on a gitierent architeelur uplicate results are generated for validation.

Because of this, the code was modified so that it returneéj This previous implementation suffers from some draw-

. P —-13
fitness values within an acceptable tolerance 10 acks. First, the verification rate has a significant impact o

across _aII arcthectu:(es bemgf; ;J]sed. Tge (;aék of ﬁtﬁgdar he speed that the search progresses, and a fixed verification
Ization in precision of most of the standar math fibrary e is not an optimal solution. This is because as a search

:‘unctlﬁns frlehedeq tc: b.e adgressecfl tdqffacmeve this. OV(Tr trbﬁ"ogresses, it becomes harder to find individuals that po-
long life of the simulation, the small differences accurbeila tentially improve the populations. If the verification rage

into rather different results from the same initial corafit. low, then it can be a long time before a new good solution
This lack of standardization was solved by using the CRIib s actually used to generate new individuals in the case of

I(;bragly3, Wh'.ch prcc):\gges eff(;uednt :mplemente}tmns_ of th? essimistic validation. In the case of optimistic validati
Ouble-precision standard elementary functions wit f the verification rate is too low then erroneous results

rounding correct to the IEEE-754 rounding modes. The . : ; -
I : . , ast longer in the populations generating more potentiall
result of this is N-body simulation code which produces g hop g g P y

“4http://github.com/Milkyway-at-home/milkywayathomaient
Shttp://lipforge.ens-lyon.friwwwi/crlibm/ Shttp://github.com/Milkyway-at-home/fgdgava



poor new individuals. Another issue is that many results are Differential Evolution: de nbedy test 10 (validated
simply not validated, as they will not potentially improve
the population. This makes it easier for malicious hosts to
cheat by reporting bad results as there is a decent chance
they will still receive credit for them when they do not need
to be validated. e
The new implementation solves these problems by com-
bining optimistic and pessimistic validation with BOINCs e r
guorum and adaptive replication schemes (which are de- !
scribed in detail in [52]). This is done as follows: -a00 1|

—100

Fitness

« When the queue of available work is low, new indi-
viduals are generated through recombination from the O o 20000 40000 60000 50000 100000 120000 140000 16001
unvalidated population if the optimistic approach is Individuals fnalyzed
used, otherwise they are generated from the validated e P pEme R SR mees

population. Newly generated work has an initial quo-
rum of one. Figure 5. Progress of the best, average, median and worstatexdi

. . individuals for an asynchronous differential evolutiomssh over the search
« When a result is reported for work with a quorum of spacenr, — 0.22 ... 11.11 x 106 Mgy, rs = 0.05 ... 1.0 kpe,

size one and it cannot improve the validated populationforsit = 1 ... 5 Gyr andtguars = 1 ... ;5 Gyr, with a population of
it is validated with a chance equal to a host's error rate 300 individuals. The fitness of these 4096 particle N-bodyusations is
, L . calculated by comparing their stellar density histogramh® histogram
A host's error rate is initialized to 0.1 (meaning 10% of an N-body simulation with dwarf parameteidl p, s, torbits thack ) =
of its results will be validated). When a host returns a(3.6 x 10° Mgy, 0.2 kpc, 4 Gyr, 3.945 Gyr).
correct result (one that is validated successfully against
another result), the error rate is multiplied by 0.95.
When a host returns an incorrect result (one that idor verification and will try and generate it in a manner
validated unsuccessfully against other results that matcthat verifies the most important results first (the ones with
each other), its error rate is increased by 0.1. The errothe shortest deadline). This allows the BOINC computing
rate also cannot fall below 0.1 or go above 1.0. In thisproject to spend more time on verification when it is needed,
way, hosts which frequently return bad results quicklyand more time on exploration when not many results require
reach the point where all their results are validated, thugerification. Additionally, it significantly reduces the ammt
not earning credit for bad results. On the other handof credits a malicious or broken host can gain by returning
hosts which frequently return good results only have abad results by adaptively modifying how frequently a host's
few of their results validated when it is not needed. results are verified based on their previous performance.
o When a result is reported for work with a quorum of .
size one and it can improve the population, FGDOB- Search Progress and Error Logging
will try to insert the individual into its unvalidated The new implementation of FGDO also has im-
population. In addition, the quorum for this piece of proved result and error logging. The progress of all
work is increased to the amount specified by the projectsearches is exported to logs and scripts are pro-
which will cause the BOINC scheduler to send outvided which generate graphical representations of their
copies of this work for verification. progress. For an example, MilkyWay@Home displays
« When results have been reported that complete a qudhese graphs showing the progress of current searches
rum and enough results match to successfully determinat http://milkyway.cs.rpi.edu/milkyway/plots.php, whi not
a canonical result, the canonical result is inserted intonly provides an easy way for the project’s scientists to
the validation population. Any of these results that dosee how the searches are progressing, but also gives the
not match the canonical result (and thus are invalid) argroject’s users an indication of how things are performing.
removed from the unvalidated population. Error logging was improved by having search specific error
« When results have been reported that complete a qudegs, which record the user, host and error information for
rum but there are not enough that match to successfullgvery invalidated result. This allows for easier debuggihg
determine a canonical result, the quorum size is agaiithe distributed system on a search by search basis.
increased to allow the BOINC scheduler to generate
more copies of this work for validation. V. RESULTS

A. Comparison to Known Test Data

In this way, the user defined verification rate no longer
required, as the BOINC scheduler will take care of the As a test to see the potential for using AEAs
frequency in which duplicate work is sent out to hoststo optimize the parameters to these N-body
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Figure 6. Simulated Orphan Stream stellar density modeled via

Barnes & Hut treecode. The solid red histogram is the n-bddyus ) )

lation of the Orphan Stream orbit was performed using therperers ~ Figure 7. Progress of the best, average, median and worstatedi
from Newberget al. [38], dwarf parameter§ Mp, s, torpit, thack) = individuals for an asynchronous differential evolutiomssh over the search
(3.6 x 106 Mgyun, 0.2 kpc, 4 Gyr, 3.945 Gyr). The dot- spaceMp = 0.22 ... 11.11 x 106 Mgun, s = 0.05 ... 1.0 kpc,

ted green histogram is the best fit found to this histogranmgusi torbit = 1 ... 5 Gyr andtgwaery =1 ... ;5 Gyr, with a population of
FGDO on MilkyWay@Home,(Mp, 7s, torpits tawary) = (3.591 X 300 individuals. The N-body simulations consist of 32,768ipkes. Model

108 Mgun, 0.22 kpc, 3.97 Gyr, 3.91 Gyr). (1)fu]t$[izes azoe:pl%q?)r}\t;al disk and NFW halo profile with anlesed mass
60 = Sumn-

Differential Evolution: de_nbody_model4 2 (validated)

simulations, a 4096 particle N-body simulation was e

performed using the parameters from Newbery £

al. [38], dwarf parameters(Mp,rs,torbits thack) = 100 | f.._.-.—"f“—»“‘" -

(3.6x10% Mgyn,0.2 kpc, 4 Gyr, 3.945 Gyr). Asynchronous ; e -

differential evolution was then used with a population @Esi , 200k -

300, best parent selection, and binary recombination with a E =

crossover rate of 0.5, a pair weight of 0.5, or DE/best/1/bin T | -

(for more detail on differential evolution variants, see ‘ !

Mezura-Monteset al. [53]). The search space given was ool A /

Mp = 0.22..11.11 x 10 Mgy, rs = 0.05...1.0 kpc, i

torpit = 1...5 Gyr andtguaers = 1...5 Gyr. Figure 5 shows o ‘ , , ‘ ‘
Q 500 1000 1500 2000 2500 3000 3500

the progress of the fitness of the best, average, median anc
worst individuals in the validation population for this seta
and Figure 6 compares the stellar density histograms of the

known test data to the parameters of the best fit individua,:_ :
found at the end of th rch Figure 8.  Progress of the best, average, median and worstatedi
ouna at the end or the searcn. individuals for an asynchronous differential evolutiomssh over the search
. . . — 6 —
Some discrepancies arose because clients used a rand§paceMp = 0.22 ... 1111 x 10° Msgun, rs = 0.05 ... 1.0 kpc,
dt te the initial particle distribution and with’s'it, T &= 5 Gy andfduary = 1 . i5 Gm, With 2 poputation
seed o generate the Iiniial particie distribution and WiNet 300 individuals. The N-body simulations consist of 32,7f@ticles.
the N-body simulations using only 4096 particles the ihitia Model 4 is a standard Galactic model, using a Miyamoto-Nagsk dnd
. . . . . . z H P — 10
distribution played a large factor in the final stellar degnsi '09arithmic halo and having an enclosed masafgh = 47x 10" Msun.
model. As this initial distribution was due to randomly

generated seeds, the search space ended up being highly ) ) )
noisy. For example, using the best fit parameters found b@"lY feasible, but highly robust. Further, using larger bt

the search, different seeds resulted in fitness values fromimulations, which reduces the noise caused by variance in
anywhere between -30 to -1200. However, in spite of thidhe |n|t_|al distribution results in much faster_convergemo _
noisy search space, asynchronous differential evolutias w 900d fitness values by the search population, as shown in
able to find parameters quite similar to what the test data€ction V-B.

was generated from(Mp,7s, torit, tawarf) = (3.591 X
105 Mgun, 0.22 kpc, 3.97 Gyr, 3.91 Gyr), which also ha
very similar histogram to the test data (as shown in Figure 6) With the test simulations producing results with consisten
The authors feel that this shows that this approach is ngbarameters, fits are currently being run on the true Orphan

Individuals Analyzed

best % average median ® worst,

4 B Comparison to Actual Data
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parameters that depend on the Galactic potential could be a
powerful probe into the structure of the Milky Way.

Figures 7, 8, 9 and 10 show the progress of a selection
of these models after approximately a week being run
on MilkyWay@Home. As the average N-body simulation
time is around 15 hours on a typical computer, to achieve
this amount of progress for single one of these searches
would take over 5 years on a single computer. These results
show that not only can MilkyWay@Home perform multiple
N-Body simulation optimizations concurrently (while also
computing it's other optimization problem), it can also
provide results in a reasonable amount of time for scientific
progress.

These searches are being run with the same search space
and search parameters as the test data, except the populatio
size has been lowered to 100, as 300 was a bit high for
only 4 optimization parameters. Additionally, the size loé t
N-body simulations has been increased to 32,768 patrticles,
which should provide more accurate results with less vari-
ance based on the seed of the initial distribution. The figure
show the progress of the fithess of best, average, median and
worst individuals in the evolutionary algorithm populatio
used to perform the optimization; where each individual of
the population represents a different N-body simulatiod an
its fitness is how well that simulation matched the stars
observed by the SDSS.

The various models interchange disk and halo gravita-
tional potentials to find the best fit combination. They are
characterized by their mass enclosed witliin kpc of
the Galactic center)s,. Model 1 utilizes an exponential
disk and NFW halo profile with an enclosed mass of
Mgy = 40 x 10'9Mg,,,. Model 4 is a standard Galactic
model, using a Miyamoto-Nagai disk and logarithmic halo
and having an enclosed mass ;g = 47 x 10'9Mg,,.
Model 5 is the same as Model 4 except with a lower mass
of Mgy = 26.4 x 101°Mg,,,. This model was the best fit
to the Orphan Stream distances. Model 6 is a hybrid model
that combines a Miyamoto-Nagai disk and NFW halo, with
a mass ofMgy = 43.5 x 10" Mgyn.

The progress of these different searches shows that re-
ducing the population size along with a large number of
particles in the N-body simulation has a dramatic effect on
the convergence rates of the searches. In less than 4,000
evaluations the populations have already reached similar
or better fitnesses to the 4096 particle test data N-body
simulations after 150,000 evaluations. This means that the

Stream stellar density obtained from the SDSS sky surveyhistogram made by the final state of the best N-Body
N-body simulations are being run within seven models of thesimulations found matches the histogram of observed stars
Orphan Stream kinematics and Galactic potential from [38]as well as or better than the histograms in Figure 6. The
These models consist of the best fit orbits to the Orphamuthors feel that this provides evidence that larger N-body
Stream kinematics in a variety of Galactic potentials. Thesimulations will be able to provide even better models of
aim of this work is to test the dependence of the Orpharthe Milky Way galaxy’s halo, and increasing the number of
Stream progenitor parameters (mass, scale length, and evparticles can potentially improve the number of evaluagion
lution time) on the various Galactic potential models. Diwar required to reach a good fit as the noise due to the random



seeding of the initial particle distribution in the search Varela, B. Willett, and J. Wisniewski, “Maximum likelihood
space decreases. The current progress of these and the other fitting of tidal streams with application to the sagittarius dwarf
searches being done by MilkyWay@Home are available at: ggggtauls,” Astrophysical Journalvol. 683, pp. 750-766,
http://milkyway.cs.rpi.edu/milkyway/plots.php. '

VI. CONCLUSION [2] N. Cole, “Maximum likelihood fitting of tidal streams with

) o . application to the sagittarius dwarf tidal tails,” Ph.D. disser-
This work presents preliminary results showing that a tation, Rensselaer Polytechnic Institute, 2009.

large scale volunteer computing project such as Milky- .
way@Home can successful evote N-bocy sirulatons o 1 7 besel B, Sttt o S, W, aoyroniss
model the formation of dgbrls in .the M'”_(y Way galaxy; geneous environments,” ih7th International Heterogeneity
hglo. G_ood results are being achieved yvlth 32,763 particle  in computing WorkshgpMiami, Florida, April 2008.
simulations, and 100,000 or more particle simulations are S .
exepected to provide even better results. This was madd4] T. Desell, “Asynchronous global optimization for massive
succesfull by modifying existing N-body simulation code to sca[e computing,” Ph.D. dissertation, Rensselaer Polytechnic
. . L . . Institute, 2009.
allow for different galactic models and initial particlestti-
butions, and using the CRIlibm math library so that results ar [5] T. Desell, B. Szymanski, and C. Varela, “An asynchronous
uniform across the over 35,000 heterogeneous volunteered hyllorid ge_netic-fimplex search for gOdel_ing tg?z millk)_' way
computing hosts at MilkyWay@Home. In addition, this work galaxy using volunteer computing,” @enetic and Evolution-
has pinvolg\;/ed improvekrr):ent)s/ to a framework for generic ary Computation Conferencétlanta, Georgia, July 2008.
distributed optimization (FGDO), which can scalably run [6] B. Szymanski, T. Desell, and C. Varela, “The effect of
asynchronous evolutionary algorithms using BOINC with heterogeneity on asynchronous panmictic genetic search,’
minimal validation overhead, and provides various tools fo :”l ’;foc- of the SzveAmhl_'rgel\rﬂniﬂonm tcon(fgéi‘&?zggggafa"

H : E e rocessing an pplie athematics r.
_dlsplaylng fche progress of these searches and finding errors LNCS, Gdansk, Poland, September 2007.
in the applications run on volunteered hosts.

This work also opens up many future avenues for future [7] D. R. Law, K. V. Johnston, and S. R. Majewski, “A Two
research. For example, the parameters of the differentlmode ~ Micron All-Sky Survey View of the Sagittarius Dwarf Galaxy.
being tested against the actual data could be optimized as IV. Modeling the Sagittarius Tidal Tails,The Astrophysical
well. Further, the type of initial particle distribution @type Journal vol. 619, pp. 807-823, Feb. 2005.
of model of the Milky Way could also become optimization [g] K. N. Abazajian, J. K. Adelman-McCarthy, M. A. Agros,
parameters. This could lead to even more accurate represen- S.S. Allam, C. Allende Prieto, D. An, K. S. J. Anderson, S. F.
tations of the formation of the Milky Way galaxy. Anderson, J. Annis, N. A. Bahcall, and et al., “The Seventh

Volunteered GPUs provide the majority of the results ~ Dat@ Release of the Sloan Digital Sky Surveystrophysical

S - . Journal Supplemenvol. 182, pp. 543-558, Jun. 2009.
for the probabilistic sampling method done on Milky-
Way@Home. Work is in progress to run the N-body simula- [9] D. P. Anderson, E. Korpela, and R. Walton, “High-
tions on GPUs using OpenCL. Various teams have attempted  performance task distribution for volunteer computing.” in
to run Barnes-Hut treecode derivatives on GPUs in the past, €-Science IEEE Computer Society, 2005, pp. 196-203.

with mixed performance results. Using some lessons frOI'Tﬂlo] R. Storn and K. Price, “Minimizing the real functions of the

these previous attempts, as well as from computer graphics ~ |CEC'96 contest by differential evolution,” iRroceedings of
techniques to take advantage of GPU architecture, thelte wil  the IEEE International Conference on Evolutionary Compu-

hopefully be substantial performance increases over atdnd tation, Nagoya, Japan, 1996, pp. 842-844.

CPUs. . _— . . . [11] J. Kennedy and R. C. Eberhart, “Particle swarm optimization,”
In addition to providing a solution to the immediate in IEEE International Conference on Neural Netwarksl. 4,
problem of tidal stream modeling, this method can also 1995, pp. 1942-1948.

be extended to other disciplines. Some examples include . o _

models of electromagnetic phenomena (namely charges 2l R. C. Eberhart and J. Kennedy, "A new optimizer using

external fields), as well as molecules which bond to create particle swarm theory,” irSixth International Symposium on
: ’ : Micromachine and Human SciencE995, pp. 33-43.

organic compounds. The external potentials currently used

are Galaxy specific but others can be easily added. UItif13] Y. Shi and R. C. Eberhart, “A modified particle swarm

mately, any process that models the interactions of pesticl optimizer,” in IEEE World Congress on Computational In-

in an attempt to minimize or maximize a quantity can benefit telligence May 1998, pp. 6973,

from this method. [14] J. F. Schutte, J. A. Reinbolt, B. J. Fregly, R. T. Haftka, and
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