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Abstract. Research scientists increasingly turn to large-scale heteoge-
neous environments such as computational grids and the Internet based
facilities to satisfy their rapidly growing computational needs. The in-
creasing complexity of the scienti c models and rapid colle ction of new
data are drastically outpacing the advances in processor speed while the
cost of supercomputing environments remains relatively hi gh. However,
the heterogeneity and unreliability of these environments , especially the
Internet, make scalable and fault tolerant search methods indispensable
to e ective scienti c model veri cation. An e ective searc h method for
these types of environments is asynchronous genetic searchwhere a pop-
ulation continuously evolves based on asynchronously geneated and re-
ceived results. However, it is unclear what e ect heterogeneity has on
this type of search. For example, results received from slower workers
may turn out to be obsolete or less bene cial than results cal culated by
faster workers. This paper examines the e ect of heterogenety on asyn-
chronous panmictic (single population) genetic search for two di erent
scienti ¢ applications, one used by astronomers to model th e Milky Way
galaxy and another by particle physicists to determine the e xistence of
theory predicted, yet unobserved particles such as missing baryons. Re-
sults show that for both applications results received from slower workers
while overall less bene cial are still useful. Additionall y, a modi cation of
asynchronous genetic search shows that di erent parameter generation
strategies change their e ectiveness over the course of thesearch?®.

1 Introduction

The rate of increase in CPU performance does not nearly matctihe rapidly
increasing rates of data acquisition in all scienti ¢ disciplines. This is leading to
signi cantly long, if not intractable, turn around times be tween the development
of a scientic model and its veri cation using traditional ¢ omputing environ-
ments. Testing current scienti c models can involve procesing terabytes of data
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using computationally intense modeling techniques, whichresults in program

execution times of weeks to months on a single high end compet to calcu-

late only a single parameter set for a scienti c model. Even he best scientic

model veri cation search methods require the evaluation ofthousands of param-
eter sets of a scientic model over the data set. This makes uBg large-scale
computing environments, such as computational grids and tke Internet, highly

desirable platforms for performing scienti c model veri c ation. The processing
power these environments provide enables them to compute #se models in a
short amount of time, which in turn allows scientists to more quickly gather

results and improve their models and understanding.

Grids and the Internet introduce additional challenges in cmparison to ho-
mogeneous large-scale computing environments such as supemputers. In ad-
dition to scalability and heterogeneity concerns, the relability of the host nodes
comes into question, especially in the case of internet comying architectures
such as BOINC [4] where computing nodes can disconnect at ralom and for
computationally signi cant amounts of time. Most search methods used in scien-
ti c model veri cation are iterative (or synchronous) in na ture [7], and therefore
not well suited to heterogeneous and unreliable computing mvironments. Addi-
tionally, it is uncertain what the e ect of heterogeneity wi Il have on asynchronous
search.

A software framework for distributed scienti c model evaluation and search
(GMLE [8]) was extended with an asynchronous distributed ewaluation frame-
work. GMLE was used to implement an asynchronous panmictic gingle pop-
ulation) genetic search, and a modi cation to it which improves the rate of
convergence to a solution. Two di erent scienti ¢ applications, one used for as-
tronomical modeling and the other for particle physics modding, were used to
evaluate the convergence rates of the asynchonous genetieasches. To compare
the e ect of heterogeneity on the search, the applications were run using Rensse-
laer's CCNI BlueGene as a high-performance homogeneous tegy environment
and the Rensselaer Grid as a heterogeneous testing envirormt.

Results show that the asynchronous genetic search (AGS) wiht continuous
update converges in a half to a third of the evaluations compeed to traditional
iterative genetic search (IGS) on the BlueGene. Additionaly, AGS on the Rens-
selaer Grid still converges within half the number of evaladions as needed by
IGS. For a heterogeneous environment, it is shown that whiletness evaluations
from slower workers are not as e ective in improving the popuation, they still do
provide bene t. This means that over large-scale heterogeeous environments,
any additional processors, even slow ones, can still impravthe performance of
an AGS. The bene't of di erent types of parameter generation, in addition to
the benet of results with di erent calculation times, is sh own to change over
the course of the application. This means it may be possibled develop modi -
cations to AGS which reduce the e ect of heterogeneous caldation times. Such
modi cation may be combined with improvements in convergerce resulting from
adaptively determining what parameter generation methodsto use.



The paper proceeds as follows. Section 2 discusses relatedrallel genetic
search methods and frameworks for large-scale scienti ¢ eluation. Section 3
describes the GMLE architecturem, the asynchronous distiuted evaluation
framework and the genetic searches used. The di erent seanes are evaluated
in Section 4. Lastly, conclusions and future work are discused in Section 5.

2 Related Work

A wide range of parallel genetic algorithms (PGAs) have beenexamined for
di erent distributed computing environments. Generally, there are three types of
parallel genetic algorithms: single population (panmictic, coarse-grained), multi-
population (island, medium-grained), or cellular (ne-grained) [7]. Typically,

these approaches are synchronous. Panmictic GAs create a poalation, evaluate

it in parallel, and use the results to generate the next popuhtion. Island [3, 5]
approaches evaluate local populations for a certain numbepf iterations, then

exchange the best members with other islands. Cellular algithms [2, 9] evaluate
individual parameter sets, then update these individual s¢s based on the tness
of their neighbors. Hybrid approaches [14, 18] have also baeexamined.

P-CAGE [11] is a peer-to-peer (P2P) implementation of a hybid multi-island
genetic search built using the JXTA protocol [12] which is ako designed for use
over the Internet. Each individual processor (a member of the P2P network) acts
as an island (a subpopulation of the whole) and evolves its dapopulation cellu-
larly. Every few iterations, it will exchange exterior neighbors of its population
with its neighbors.

There have also been di erent approaches taken in develpin® GAs for com-
putational grids. Imade et. al. have studied synchronous iland genetic algorithms
on grid computing environments for bioinformatics [13]. Lim et. al. provide a
framework for distributed calculation of genetic algorithms and an extended API
and meta-scheduler for resource discovery [15]. Both appezhes use synchronous
island-style GAs. Nimrod/O [16] is a tool that provides di e rent optimization
algorithms for use on grids and has been used to develop the EHOC algo-
rithm [14] which is is a mixture of a cellular and traditional GA. Populations
are generated synchronously but the elimination of bad membrs and mutating
good ones is done locally.

It has already been shown by Dorronsoro et. al. that asynchroous cellu-
lar GAs can perform competitively and discuss how update ra¢ and di erent
population shapes a ect the convergence rate [10]. In this pper, we introduce
a novel approach (to the best of our knowledge) that evaluate asynchronous
panmictic GAs. This approach is well suited for both Internet and Grid comput-
ing infrastructures, because it easily facilities scalabity, fault tolerance without
redundancy, and does not require inter-worker communicatn.
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3 Distributed Search on Heterogeneous Environments

The GMLE framework has been designed to facilitate collaboation between re-
searchers in machine learning, distributed computing and eperts with di erent
scienti c domain knowledge who are interested in distributed model veri cation
or parameter optimization. GMLE has previously used a synchonous distributed
evaluation framework for performing maximum likelihood evaluation with astro-
nomical and particle physics applications on an IBM BlueGere supercomputer
and the Rensselaer Grid [8]. The framework partitions data &ross a set of pro-
cessors that perform partial evaluations of the model in paallel, after which the
results are composed into the nal result. This has been showto be e cient for
both supercomputing and grid environments, however it doesnot work well on
highly heterogeneous and unstable environments like the BONC infrastructure
and some grids.

GMLE was extended with an asynchronous distributed evaluaton framework
(see Figure 1). Evaluators request work from a master, procgs that work and
return the result, repeating as necessary. Work requests ahresults are all pro-
cessed asynchronously by the master which peforms the di @nt search methods.
The master does not need to wait or have any dependencies ongtresults of the
di erent evaluators which makes evaluator failures easilyignored and reduces
the need for redundant, wasted computations. The rest of thé section details
the di erent search methods and how they are parallelized.

Iterative Genetic Search Algorithm 1 shows pseudocode for the IGS algorithm.
In this algorithm, an initial population of parameter sets i s generated randomly
and the tness of the model for each of those parameter sets isalculated. The
iterative genetic search repeatedly calculates a new popation based on the pre-



Algorithm 1 : lterative Genetic Search (IGS)

Data : X /*Best to keep*/, Y /*Number of Reproductions*/, Z /*Numb er of
Mutations*/
Result : Converged Population
for p 2 P[1] ... P[X+Y+Z] do p.params = random _params()
evaluate(P)
while not converged(P) do
for p2 PT1] ... P[X] do p = P.get_next_best()
for p 2 P[X+1] ... P'[X+Y] do p = reproduce(P[random()], P[random()])
for p 2 P[X+Y+1] ... P[X+Y+Z] do p = mutate(P[random()])
P=P
evaluate(P)

Algorithm 2 : Asynchronous Report Work

Data : P /*Population*/, max /*Maximum Population Size*/, R [*Re sult*/
Result : Updated Population
if P.size < max then P.insert(R)
else if R.tness > worst(P). thess then
P.insert(R)
L P.remove(worst(P))

vious one using selection, reproduction and mutation. Selgion takes the best
members of the previous population and moves them to the new gpulation.

Reproduction takes two randomly selected members of the prgous population

and generates a new parameter set that is their average. Mut#on takes a ran-
domly selected member of the previous population and createa new parameter
set which is equal to the selected member except that one vatuis mutated to a
new randomly selected value. In this way, iterative geneticsearch will converge
to minima using reproduction and use mutation to prevent being stuck in a local
minimum. The population size, S, is typically kept constant, so S= X + Y + Z,

where X is the number of selections,Y is the number of reproductions, andZ

is the number of mutations.

Asynchronous Genetic SearchAGS is similar to IGS in that it keeps a population
of parameters and generates reproductions and mutations tsed on it. However,
instead of using a parallel model of concurrency like IGS, iuses a master-worker
approach. Instead of iteratively generating new populatins, new members of the
population are generated when a worker requests work, and # population is
updated when a worker reports work to the master. The AGS algoithm consists
of two phases and uses two asynchronous message handlerse(gdgorithms 2
and 3). The server can either be processing @&quest work or a report work
message and cannot process multiple messages at the samedim

In the rst phase of the algorithm (while the population size is less than the
maximum population size) the server is being initialized ard a random popu-



Algorithm 3 : Asynchronous Request Work

Data : P /*Population*/, C /*Reproduction Probability*/, max /* Maximum
Population Size*/
Result : New Parameters to Evaluate
if P.size < max then return  random_params()
else
if random() < C then

\; pl = P[random()]

p2 = P[random()], where p1 != p2
return reproduce(pl, p2)
else return mutate(P[random()])

Algorithm 4 : Double Shot Reproduce

Data : Member m1, Member m2

Result : Reproduced parameters

Member]] result

result[0].params = (ml.params + m2.params)/2
di = result[0].params - ml.params
result[1].params = di - ml.params
result[2].params = di + m2.params

return result

lation is generated. When arequest work message is processed, a random pa-
rameter set is generated, and when aeport work message is processed, the
population is updated with the parameters and the tness of that evaluation.
When enoughreport work messages have been processed, the algorithm proceeds
into the second phase which actually performs the genetic sech.

In the second phasereport work will insert the new parameters and their
tness into the population but only if they are better than th e worst current
member, and remove the worst member to keep the population g the same,
otherwise the parameters and the tness is discarded. Procgsing arequest work
message will either return a mutation or reproduction from the population.

Asynchronous Double-Shot Genetic SearchThe AGS algorithm was extended
with the double shot method, on the observation that for the astronomy model
(along with many other scienti c modeling applications), t he parameter space
is not well formed. In this case, when a reproduction is geneated from two
parameter sets, they often both lie on a slope, so using the avage of two points
will typically would not improve the tness. The AGS double s hot (AGS-DS)
algorithm improves AGS by generating three children when ding a reproduction
(see Algorithm 4). One child is the average of its parents, btithe other two
children lie outside the parent parameters. One child is eqgally distant from the
average outside the rst parent, and the other child is equaly distant from the



average outside the second parent. This allows the populatin to travel down
gradients much faster leading to improved convergence time

Genetic Search Distributed Evaluation There are three ways that IGS can be
parallelized: (1) the tness of each member in the population can be evaluated
in parallel, (2) the tness calculation can be done in parallel, and (3) the tness
calculation can be done in parallel as well as the populatiorbeing evaluated in
parallel.

The rst approach can scale to a number of processors equal tthe population
size, while the scalability of the second approach is depemht on how much of
the tness calculation can be done in parallel. The third approach can scale to
a number of processors equal to the rst times the second, hoawver it is the
most complex to implement. All three approaches suer from the scalability
limitation imposed either by the population size and/or the scalability of the
tness calculation. None perform well on heterogeneous enkonments without
intelligent partitioning. In the rst case, the algorithm w ill only progress as fast
as the slowest tness calculation, while in the second casehe algorithm will
only progress as fast as the slowest calculation of part of th tness. The third
case su ers from both, making partitioning the most di cult

AGS and AGS-DS can be distributed in two ways: (1) workers regiest and
report work individually and asynchronously, and (2) all workers can calculate
tness collectively based on parameters generated by the awent population
which are then reported, and this process repeats iterativly.

The rst approach has signi cant bene ts in heterogeneous environments
because the calculation of tness can be done by each workeoacurrently and
independently of each other. The algorithm progresses as $aas work is received,
and faster workers can processes multipleequest work messages, in the style of
CILK's work stealing [6], without waiting on slow workers. H owever, the second
approach can be better on homogeneous environments due to ¢hfact that new
parameter sets are always generated from the newest (and b@gpopulation.

4 Results

Test Applications The physics application uses data from particle wave analyis
(PWA) to determine the existence of theory predicted, but unobserved particles
(missing baryong [19]. PWA observes particle states and measures their quan
tum spin and parity using a beam of mesons formed in an accelator. This beam
strikes a liquid hydrogen target, causing some pions interat with a proton at
the target which can result in a spray of particles. After this, some particles will
live long enough to create trails in a particle detector and k& observed. Missing
baryons decay after an extremely short time (16° seconds) and do not travel
a measurable distance. A scienti ¢ model with 10 to 100 t parameters is used
to calculate the occurence of missing baryons based on the sbérved data. The
genetic search nds values for these t parameters that mostclosely match the
data.



The astronomy application uses data from the SLOAN digital sy survey [1],
which is measuring the positions and other data about all thestars in the sky.
Currently, over 10TB of data has been collected. This data isused to calculate
the accuracy of 3-dimensional models of the Milky Way galaxy[{17]. Any given
model consists of the background (stars uniformly disperse in the galaxy) and
di erent streams of stars formed when other galaxies have ame close to the
Milky Way, were ripped apart and spread around it. The genetic search nds
values for parameters describing the background and di eret star streams which
most closely match the observed sky survey data.

Test Environments Various test environments were used to evaluate the di eret
types of asynchronous genetic search. Rensselaer's CCNIU&Gene was used as
a homogeneous high-performance test environment. A 512 nedpartition was
used in virtual mode for a total of 1024 processors, each a 7MHz PowerPC 440
with 1GB of RAM connected by a 3-dimensional torus with 175MBps in each
direction and 1.5 sec latency. The Rensselaer Grid was used as a heterogeneous
test environment, consisting of four di erent clusters. The Solaris cluster (SOL)
consists of four single core, dual processor SunBlade 1000rSSolaris machines,
running at 800MHz. The AIX cluster (AIX) consists of four qua d-processor
single-core Power-PC processors running at 1.7GHz. Two Opton clusters were
also used. The rst (OP1) consists of 8 quad-processor, sirlg-core machines, and
the second (OP2) consists of 2 quad-processor, dual-core tidanes with each
core running at 2.2MHz. Inter-cluster communication is ove the Rensselaer's
wide-area network (WAN).

ConvergenceFigure 2 shows the convergence rates of the di erent algorlims on
the BlueGene and Rensselaer Grid. The convergence rates dfe IGS, AGS and
AGS-DS algorithms on a homogeneous environment were testedn the CCNI
BlueGene in part because of the expensive tness calculatio of the astronomy
application { 5 to 25 minutes on any of the processors in the Rasselaer Grid.
Similar results were obtained by the physics application. The known optimal
tness for the sample astronomy data set used was approximatly 3.026. IGS
had not converged to the optimum even after 50,000 evaluatins, while AGS
took approxmiately 30,000 evaluations and AGS-DS took 18,00 evaluations.
Both AGS and AGS-DS quickly converged to a local minimum in the data set
(ata tness of approximately 3.1). AGS-DS converged fasterto both minima (the
local and the optimal) due to the double shot technique alloving the algorithm
to travel down gradients quicker. AGS-DS was also run on the Rnsselaer Grid
to evaluate the e ect of heterogeneity on the search. The comergence rate was
not as fast, but still better than IGS, converging at at around 30,000 evaluations.
Compared to the homogeneous evaluation of AGS and AGS-DS, #hpopulation
had more variation over the entire execution. Again, the physics application
performed similarly, with heterogeneous AGS-DS convergig faster than IGS,
but not as fast as AGS and AGS-DS on a homogeneous environment



Fig. 2. Minimum, median and maximum population values for the astro nomy applica-
tion on the BlueGene with IGS (upper left), AGS (upper right) , AGS-DS (lower left),
and AGS-DS on the Rensselaer Grid (lower right).

Evaluation Utility The utility of the dierent evaluations performed by the
search was also examined (see Figure 3). Utility is was calelied as the number
of results inserted into the population divided by the total number of results
received for that speed. While results that were calculatedfaster had a higher
chance of being inserted into the population, those with slaver calculation rates
still were useful. While initially, faster results tended to be much more useful
than slow results, as the search began to converge, the utiii of the results for
all speeds decreased. Interestingly, after approximatelit0,000 evaluations in the
physics application, and 16,000 evaluations in the astronmy application, the
utility rate started to increase again. For the physics application, the slower
results gained the most benet, while in the astronomy application the faster
results improved the most. However, for both applications esults of all speeds of
improved their utilities. One possibility for this e ect is that as the populations
had both converged closely to a minima, the population was nbchanging as
drastically, so the chance of a result being useful increase

The utility of the di erent parameter generation strategie s was also calcu-
lated for both applications for both applications. The benet of mutation is
initially very good and tapers o sharply, aftewards not adding much benet.
The average method of generating new parameters is the strgest of all three
approaches, with the lower (the parameters generated outdie the more t par-
ent) and higher (the parameters generated outside the lesst parent) methods



Fig. 3. Utility of results based on their calculation time for the as tronomy application
(upper left) and physics application (upper right), and uti lity of results based on how
they were generated for the astronomy application (lower le ft) and physics application
(lower right).

being less e ective. For astronomy, as with calculation time, after 16,000 eval-
uations the average and lower methods started to improve in heir ability to
return bene cial results, however the improvement did levd o as the search
converged. Likewise, with the physics application after 10000 evaluations aver-
age, lower and higher methods began to improve, but they alstapered o as
the search converged.

5 Discussion

This paper examines two di erent types of asynchronous panrictic (single popu-
lation) genetic search using the GMLE distributed modelingand search package.
AGS is a desirable search technique for large scale and hetayeneous environ-
ments due to its inherent scalability and fault tolerance. Asynchronous genetic
search (AGS) was evaluated with two di erent scienti c appl ications, one used
in astronomy and the other in physics. Traditional iterativ e genetic search (IGS)
was compared to continuously updated asynchronous genetisearch on a IBM
BlueGene supercomputer and to asynchronous genetic searoln a heterogeneous
grid environment. AGS is shown to improve the convergence re over IGS for
all cases, with continuously updated AGS performing the bet



The e ects of heterogeneity on AGS were also measured. Regalhave shown
that the utility of a result, measured by its improvement of t he population, is
partially dependent upon how long it takes to be computed. Reults which take
longer to calculate are generated from older populations vih less tness, and
thus have less chance to improve the current population. However, even results
which are received from very slow workers still improve the ppulation providing
some bene t to the search. The utility of di erent types of pa rameter generation
methods for the genetic search was also tested. Interestihg it was shown that
while the asynchronous double shot algorithm has the fastésconvergence rate,
the additional types of parameter generation used (higher ad lower) were less
likely to improve the population. For a faster convergence ate, even though the
higher and lower methods of parameter generation are lesskily to generate
a result that will improve the population, the results generated must provide
better bene t to the population when they are correct.

It was also shown that the utility of results based on calculdion time and
parameter generation type changes over the course of progmraexecution. In fu-
ture work, more types of parameter generation could be deveped to ameliorate
the e ect of slowly evaluated tnesses, reducing the impact of heterogeneity.
Additionally, an adaptive search could be developed which ginamically chooses
which types of parameter generation to use based on the speead the processor
and past performance.

More future work will involve extending GMLE to work with the BOINC
framework. This will allow AGS to be be evaluated on a very lage-scale and
heterogeneous environment. Additionally, this work evallated single population,
or panmictic versions of asynchronous genetic search. As ghnumber of available
workers inscreases, asynchronous island (multi-populadin) genetic search will be
of interest, especially if multiple servers are required tohandle the load from a
large BOINC community. This work shows that while heterogereity does have
a negative e ect on the convergence rate of AGS, it is not excssive, even when
the evaluation time of workers di ers by an order of magnitude. Additionally,
with di erent types of parameter generation strategies and an adaptive search,
it may be possible to reduce the impact of heterogeneity evemore { allowing
AGS to be done over very heterogeneous and large-scale ersfiiments.
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