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ABSTRACT

Volunteer Computing (VC) is a paradigm that uses idle cyfriam
computing resources donated by volunteers and connectaagth
the Internet to compute large-scale, loosely-coupled lsitimns. A
big challenge in VC projects is the scheduling of work-unitsoss
heterogeneous, volatile, and error-prone computers. €higid of
effective scheduling policies for VC projects involves mdtive
and time-demanding tuning that is driven by the knowledgthef
project designer. VC projects are in need of a faster anceptoj
independent method to automate the scheduling design.

To automatically generate a scheduling policy, we mustaxpl
the extremely large space of syntactically valid polici&scen the
size of this search space, exhaustive search is not feasiles in
this paper we propose to solve the problem using an evohlutyon
method to automatically generate a set of scheduling eslittiat
are project-independent, minimize errors, and maximizeuih-
put in VC projects. Our method includes a genetic algorithineng
the representation of individuals, the fitness functiord tre ge-
netic operators are specifically tailored to get effectioligies in
a short time. The effectiveness of our method is evaluatetl wi
SimBA, a Simulator of BOINC Applications. Contrary to malya
designed scheduling policies that often perform well omly the
specific project they were designed for and require monttsref
ing, our resulting scheduling policies provide better alléhrough-
put across the different VC projects considered in this wamkl
were generated by our method in a time window of one week.

Categories and Subject Descriptors

1.2.8 [Artificial Intelligence ]: Problem Solving, Control Methods,
and Search-Bynamic programming, Heuristic methods, Schedul-
ing; 1.6.3 [Computing Methodologieg: Simulation and Model-
ing—Applications

General Terms
Design, Management, Performance
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1. INTRODUCTION

Volunteer Computing (VC) is a paradigm that uses heteroge-
neous computing resources (e.g., desktops, notebooksgcimu
through the Internet and owned by volunteers to provide agmp
ing power needed by computationally expensive, looselypl=l
applications. For such applications, VC systems represeaffec-
tive alternative to traditional High Performance Compgt{riPC)
systems because they can provide higher throughput at a tost

Many VC projects involve simulating phenomena in nature. Ex
amples of VC projects are: Predictor@Home [21], which pedi
protein structures; Folding@Home [16], which exploresthgs-
ical processes of protein folding; and climatepredicteti,rwhich
predicts climate phenomena such as El Nifio. The major aiggle
in VC projects is that the computers, also called workersosts)
are non-dedicated, volatile, error-prone, and unreliableeed,
workers donate idle cycles and therefore are not fully dadit
to the execution of VC applications. Their volatility is dtethe
fact that they may suddenly leave the project without rétgrany
results (or returning partial results) for the assigned matation.
Network and execution errors can take place at any time amd ca
not be predicted. Last but not least, the results returneg vea
affected by malicious attacks, hardware malfunctions oftnsare
modifications and therefore can be invalid [22]. When anyhebe
conditions happens, a VC system should be ready to discatd an
redistribute the affected computation at the cost of destmgathe
overall throughput and increasing the replicated compnat

VC projects rely on a scheduler to lessen the impact of these ¢
ditions. The scheduler makes decisions about the amourtdrof ¢
putation or work-units (WUSs) that should be assigned to aketor
in terms of number of work-unit replicas or instances (WUBg-
cause of the heterogeneity of the worker community, in teoins
performance and availability, the scheduler cannot apgm@ysame
distribution criteria to every machine. Moreover, bothfpenance
and availability of a worker can suddenly change betweenrawo
quests for computation. Ideally, schedulers should betahlgel-
ligently adapt to the characteristics of the worker comnyas the
simulation evolves.

The creation of an effective scheduling policy is usuallynzet
demanding and subjective tuning process based on the kdgevle
that the project developer has about the specific applicatial the
workers participating in the VC project. Project admirastrs of-

http://climateprediction.net



ten spend months observing the behavior of a VC project befor
changing any parameter setting. Measuring the effectssenéa
scheduling policy and tuning its parameters may also takerak
months. Finally, extensive tuning does not guarantee kieabpti-
mal scheduling policy will be found, since the volunteer com
nity is constantly changing. We argue that VC projects anseied
of afast, automated, project-independent mettwdcheduling de-
sign. To address this need, we propose the use of a distiiteue-
lutionary method to search over a wide space of possibledsthe
ing policies for a small subset of policies that minimizethberrors
and invalid results while maximizing the project throughphote
that the contribution of this paper and its novelty is in thelaa-
tion of our method to effectively generate scheduling petidor
VC projects.

To assess the effectiveness of our method in capturing tls mo
important characteristics of applications and workerosedif-
ferent VC projects, we consider four BOINC (Berkeley Open In
frastructure for Network Computing) projects: Predictd#@ne,
FightAIDS@Home, Human Proteome Folding, and Genome Com-
parison. BOINC [1] is a well-known middleware that enables.V
The four projects have widely varying features such as eafptin

per day, others are permanently connected. Every BOIN@&gtroj
has its own worker community, which is the set of active work-
ers that donate computation for that specific project, vigirtown
performance features. These features can change unpiagiand
dynamically.

In this paper we consider four BOINC projects: Predictor@teo
and three projects from the IBM initiative, World Commun@yid.
Predictor@home (P@H) is a BOINC project for large-scale pro
tein structure prediction [21]. The protein structure jicédn al-
gorithm in P@H is a multi-step pipeline that includes: (a)oa-c
formational search using a Monte Carlo simulated-anngadip-
proach using MFold [19]; and (b) protein refinement, scaramgd
clustering using the CHARMM Molecular Dynamics simulation
package [14]. World Community GAqQWCG) is an initiative sup-
ported by IBM that makes grid technology available to thelipub
and not-for-profit organizations. WCG currently suppodsesal
VC projects. In our work we consider FightAIDS@Home, Human
Proteome Folding, and Genome Comparison. FightAIDS@Home
searches for drugs to disable HIV-1 Protease. Proteomengold
computes simulation of folding for unstudied proteins. 8ee
similar genes usually have similar functions, Genome Campa

size as well as number and type of workers. We compare and son identifies already studied genes and compares sirngitawiith

contrast their default scheduling policies with the p@gresult-
ing from our method. To quickly estimate the performancehef t
different policies in terms of throughput and replicatidrcompu-
tation, we use SimBA, a simulator of BOINC Applications [23]
SimBA is used to accurately design and tune scheduling ipslic
in BOINC projects without affecting the volunteers. Ouruks
show that manually-designed scheduling policies are praje-
pendent, i.e., they perform well for one project but not fosed
of projects. Our method was able to automatically identdyrf
scheduling policies that provide better throughput actbesdif-
ferent projects and have competitive results in terms dicaged
computation with respect to the best manually-designeddidmg
policies. These results were achieved over one week of atinob
on a non-dedicated cluster of 64 nodes.

The rest of this paper is organized as follows: Section 2sgave
short overview of BOINC, SimBA, scheduling policies for V&hd
Genetic Algorithms (GAs); Section 3 presents our disteblievo-
lutionary method for the design of scheduling policies in;\B&c-
tion 4 shows the major achievements of our method for a sedtef h
erogeneous BOINC projects; Section 5 provides a short @awerv
of related work; and Section 6 summarizes the paper andidescr
future work.

2. BACKGROUND
2.1 BOINC

BOINC is a well-known representative of VC systems [1]. Itis
an open-source middleware that enables the computing paweer
storage capacity of thousands of PCs (called workers) apede
to the Internet for scientific purposes. A BOINC project com-
prises hundreds of thousands of independent work-units VU
For fault-tolerance and trust reasons, a WU is replicatestireral
work-unit instances (WUIs) that are distributed to differevork-
ers. Each time a worker requests for computation, BOINCdbuil
a package of WUIs for that machine. Network and computation
errors or invalid results due to malicious attacks, haréwaal-
functions, or software modifications, cause the generatr@hdis-
tribution of new WUIs to replace those faulty WUs. The comput
ing resources available in a BOINC project are heterogesethe
workers have different processors, memory, and networkeon

unstudied genes. Table 1 summarizes the main features ¢ the
projects and their heterogeneity in terms of size of the eodom-
munity (number of workers) and application size (flop).

Table 1: Main features of the performance traces of the BOINC
projects used in this paper

Size of | Number Average
Project traces | workers size of WUI Year
(days) (flop)
P@H CHARMM 8 5093 8000000000000 2004
P@H MFold 15 7810 10000000000000 | 2004
FightAIDS@Home 25 35583 35474100205931| 2007
Proteome Folding 24 36590 46978950664183| 2007
Genome Comp. 50 30540 9800640441856 | 2007

2.2 SimBA

SimBA or Simulator of BOINC Applications [23] is a discrete
event simulator that accurately models the main functiédBsaiNC,
i.e., generation, distribution, collection, and validatof WUs in a
general VC project. The generation and characterizaticsinofi-
lated workers is driven by traces obtained directly from B&aINC
projects. Currently SimBA supports the following schedglpoli-
cies: First-Come-First-Served, fixed- and variable tho&dshbased
on availability and reliability of workers [8], and the schding
policy currently used by the World Community Grid projects.
[23] we showed that SimBA's predictions of Predictor@Homd a
World Community Grid performance are within approximat&}y
of the performance reported by these projects.

2.3 Volunteer Computing Scheduling

Existing policies that schedule WUs in VC projects are based
heuristics and can be classified in two classes: naive angl&dge-
based. Naive policies assign computation without takirg &ac-
count the history of the workers while knowledge-based dahe
ing policies look at the history of the worker applying fomepu-
tation and the whole community. Examples of naive schedulin
policies are: (1) First-Come-First-Serveld@ F'S): WUls are sent
to any host that applies for computation [1]; (2) Localithedul-
ing policy: WUIs are preferentially sent to hosts that alieaave

tions. Some workers connect to a project via modem a few times 2http://worldcommunitygrid.org



< rule >

< logical_expr >

< inequality >

< arithmetic_expr >
< operand >

< arit_operator >
< comp_operator >
< number >

< factor >

< rule > AND < rule > |

< number > | < factor >
£l
>|<|>=|<=

< logical_expr > | < inequality >

< arithmetic_expr >< comp_operator >< arithmetic_expr >
< arithmetic_expr >< arit_operator >< arithmetic_expr > | < operand >

[0 — 1] | [0 — 100] uniform distributions

os | processor | availability L | reliability | availability G | wui_valid | iops
| flops | lifespan | claimed_credit | granted_credit | ravg_credit|
last_rac_update | avg_turnaround | acquired_wui | avg_dedicated_time

| maz_tasks_day | wui_inprogress | app_size_wu | starving_workers

NOT < rule > | TRUE | FALSE

Figure 1: Grammar used to build IF-THEN-ELSE rules

the necessary data to accomplish the work [2]; and (3) Random FALSE. An inequality is two arithmetic expressions joineg &

assignment: WUIs are selected randomly.

Examples of knowledge-based scheduling policies are as fol
lows: (1) Fixed thresholdsHIXr) checks the availability and
reliability values of the requesting host; if they are abaveer-
tain predefined threshold, the scheduler assigns the regesrk
to that hos [8]; (2) Variable threshold¥ A Rr) is similar to the
fixed thresholds, but the scheduler varies the thresholdsméme;
if the number of WUIs waiting for distribution is greater ththe
number of requests generated by the hosts, then the thdesiel
crease, otherwise they increase; and (3) World Communitgt Gr
scheduling policy W CG) assigns computation based on the av-
erage turnaround time of the worker, which is the average &m
worker needs to return a result (http://worldcommunitglgrig).

2.4 Genetic Algorithms

Genetic Algorithms (GA) [10] are based on the theory of evo-
lution and natural selection of the fittest individuals. Audividual
is encoded as a sequence of symbols, usually organized in an a
ray. Every symbol, or gene, represents a feature of theigheiv.
Every individual is ranked by a fitness function. GA use genet
operations to evolve populations of individuals acrossegations.
The evolution is carried out by selecting individuals bagedheir
fitness and combining them to produce new individuals thitei
evaluated in the next generation. Individuals may be matiifie
ing mutation operations. The evolutive process goes on fixed
number of generations or until the fitness of at least oneididal
exceeds a given threshold.

3. METHODOLOGY

Our method is based on a distributed, evolutionary algarith
capable of searching a large space of scheduling polic@srg
for policies that outperform manually-designed schedulpoli-
cies. Our work includes a rigorous definition of schedulinggles
(Section 3.1), a genetic algorithm used for the search,dpera-
tions and fitness function (Section 3.2), and a computaltiems-
ronment in which we use our method (Section 3.3).

3.1 Scheduling Policies

In our method, a large set of possible scheduling policies ar
considered. Each scheduling policy is composed of a varialin-
ber of IF-THEN-ELSE rules driving the work assignment. We us
BNF (Backus-Naur Form) grammar to model the structure of the
rules. Figure 1 shows our formalism. The components of tamgr
mar are defined as follows: A rule is a logical expression or an
inequality. A logical expression can be two rules joined by}
a negated rule, the logical constant TRUE, or the logicaktaont

comparison operator. Note that logical expressions anguilée
ties can produce only Boolean values as results. Arithnegfices-
sions may be two arithmetic expressions joined by an arititme
operator, or an operand. An operand is a humber or a factor. An
arithmetic operator can be an addition, subtraction, ottiplida-
tion. Note that the operator division is omitted becauseait be
replaced by a multiplication by the inverse. A comparisoarafor
may be greater than, less than, greater than or equal, othiass
or equal. A number is a random value given by a uniform distrib
tion between 0 and 1, or a uniform distribution between 0 €@l 1
A factor is a feature characterizing the worker communitythar
application; the description of the factors is given in BBl We
selected these factors because they provide us with a tptaveti
approach to measure VC project performance and some of them
are also used in the other scheduling policies. The set tdrabas
been chosen arbitrarily large and the evolutionary compbooieour
method is in charge for discarding those factors that ulifyado
not play any relevant role in improving project performance

A parser uses the grammar to generate a scheduling polity tha
acts as an individual for our genetic algorithm. A code gatuer
uses the individual to generate the scheduling policied us¢he
computational environment. Figure 2 shows an example of one
individual produced by the parser and Figure 3 shows pat®f t
class containing the IF-THEN-ELSE rules for this indivitlua

1.- (85.141 <= clainmed_credit) AND
(availability >= 17.92),

2.- ((flops - (0.264 + max_wui _day)) < 0.145)
AND (o0s < 2) ,

3.- NOT (67.340 <= wui _valid) ,

4,- ((wui _successful > ravg credit) * 0.111)

Figure 2: Example of one individual with four rules

The ordered IF-THEN-ELSE rules within an individual aredise
by the scheduler for assigning WUIs to workers. The schedule
goes through the rules starting from the first and proceeuitijit
finds a rule that is true. The amount of work assigned to théevor
is related to the position of this rule. If a worker requdstd/Uls
and meets rule one, then it gets all the work requested.dfauné is
not met, the scheduler moves to rule two and decreases tha&mo
of work assigned based on the formula in Equation 1, whevengi
an individual ofm rules and the worker meeting rulethe number
of WUI assigned to the worker s

kx(s—1)

k=k-— (1)



Table 2: Factors used to characterize worker community and pplications

Factors Dependency Description

08 worker Operating system: (1) Windows, (2) Linux, (3) Darwin

processor worker Vendor: (1) AMD, (2) Intel, (3) PowerPC Mac, (4) Intel Mac

availabilityr, worker/application] WUI completed without error or timeout over WUI distributed
since last worker connection

reliabilityr, worker/application| WUI valid over WUI collected since the last worker connestio

availabilitya worker/application] WUI completed without error or timeout over WUI distributed
since worker joined the project

reliabilityc worker/application| WUI valid over WUI since worker joined the project

iops worker Integer operations per second

flops worker Floating point operations per second

lifespan worker Number of hours since the worker joined the project

claimed_credit worker Amount of credits claimed in the last connection

granted_credit worker Total amount of credits granted for valid results

ravg_credit worker Recent average of granted credits for valid results

last_rac_update worker Last time the worker received credits

avg_turnaround worker Average time to return a WUI for a given worker

acquired_wui worker/application] Number of WUIs given to the worker in the last connection

avg_dedicated_time worker Average time dedicated to VC project

mazr_wui_day worker/application] Maximum number of WUIs the worker can get in one day

wui_inprogress worker Number of WUIs still in progress

app_size_wu application Average size of WUs in flops

starving_workers worker/application] Number of workers that did not receive work in the last unitiofe

if ((85.141<=host.clainmed_credit) and
(host.availability>= 17.92))
n_j obs = host.req_conmp

self.contl = self.contl + 1
(((host.fl ops-(0.264+host. max_wui _day))
<0. 145) and (host.o0s<2)):
n_j obs=i nt (host.req_conp*0. 75)
self.cont2 = self.cont2 + 1
not (67. 340<=((host.wui _valid/
(host . acquired_wi +1))))
n_j obs=i nt (host.req_conp*0.5)
self.cont3 = self.cont3 + 1
(((host.wui _success/ (host. acquired_wi +1)))
>host.rac*0. 111)
n_j obs=i nt (host.req_conpx*0. 25)
self.cont4 = self.cont4 + 1
el se:

n_j obs=1

self.cont5 = self.cont5 + 1
assi gn_wor k(n_j obs)

elif

elif

elif

Figure 3: Fragment of Python code generated by the individub
in Figure 2

If a worker does not meet any of the rules, it receives at least
one WUI. This mechanism prevents starving workers, i.erkens
that do not receive any computation and therefore contieap-r
plying for WUI. Note that the scheduler does not necessalidy
tribute computation to a worker using the same rule durirgeti-
tire worker’s lifespan.

3.2 Parallel Genetic Algorithm

The proposed method is built upon the concept of Genetic-Algo
rithms (GA) in which we apply some variations to the traditb
definition of GA. First of all, our method uses individualsfvwari-
able size and individuals are expressions rather than ricahar-
rays, i.e., floating point or integer. Moreover, the openadi have
been adapted to deal with expressions rather than numbers.

Thedth individual C; ; in generatiory is represented as a con-
catenated sequence of rules, generated by the grammarcabeds
in Section 3.1. A delimiter is used to separate two rules. The
length of an individual is variable and ranges from 1 to 1@sul
If m < 10 is the number of rules of individual; ; then its repre-
sentation is as follows:

Cij = ruler, rulea, rules, rulem

Each rule is composed of one or more conditions grouped lgnpar
thesis, which may be nested. The number of conditions anddke
they are grouped vary from rule to rule.

The method uses four GA operations, i.e., selection, nortati
crossover, and elitism, to evolve a population of individuaom
one generation to the next. Tkelectionis based on tournament
selection of individuals where two individuals are seldctan-
domly to compete in the tournament; the individual with tlestb
fithess wins and is chosen to pass its rules to the individnals
the next generation. Tournament selection, in contrasbutette
wheel selection, helps in keeping the diversity of the setkin-
dividuals [3]. In theelitismoperation the best individual of gener-
ation j is passed to generatigh+ 1 without any change. When
passed by elitism, individuals do not have their fitnessuatad
again. In the first generation the individual passed bysatitis a
manually-designed scheduling policy that combines atteib used
by the fixed-thresholds scheduling policy described inie@. In
crossover two individuals previously selected combine their rules
to form two new individuals that will be evaluated in the nggher-
ation. The algorithm to combine the rules is presented inifeig.
Note that for crossover, the order of the rules in new indigid is
the same as in their parents and that the new individualsatoat
least the same number of rules than the smallest parent dnd on
one of them can be as long as the longest parent.

Three levels ofmutationare used in our method: individual-
level, rule-level, and condition-level. Individual-ldvmutation can
be applied in three different ways: (1) if the individual lramedium
size, the mutation randomly changes the position of oneirule
the sequence; (2) if the individual is short, the mutatiodsadne



Sel ect individuals C.; and Cy ;
with size, and sizey nunber of
rul es respectively.
Assunming that sizez > sizey
Create enpty individuals
For i=1 to sizey

Coj+1 and Cy i1

CGet rule i from C, ;

Get a random bool ean variable. If 1 then:
Append rule i from C,; to Cy i1
Append rule i from Cy; to Cy i1

O herwi se:

Append rule i from C,; to Cy i1
Append rule i from Cy; to Cyjt1

I T sizex > sizey
For i=1 to sizes
CGet rule i from Cg;
Get a random bool ean variable. If 1 then:
Append rule i fromC; ;to Cg ;i1
O herw se:
Append rule i fromC,  jto Cy i1

Figure 4: Pseudocode of the crossover

new rule; and (3) if the individual is long, the mutation deke
a randomly-chosen rule. An individual is considered shbit i
has less than four rules, long if it has more than seven rates,
medium otherwise. The rule-level mutation splits long sulSince
very long rules tend to be too restrictive, the method dstkxtg
rules with small usage frequency and splits them selectamy r
domly the break point and keeping the order of nested pagsisth
The condition-level mutation replaces either operator$aotors
using knowledge-based mutation matrices that provide thb-p

is applied [22] or are within a certain range if no HR is usete T
throughput, T hroughputwu, is the total number of successfully
completed, valid WUs at the end of a simulation. When errors,
timeout, or invalid results take place, the system reactgdmner-
ating new WUIs for the faulty WUmin_valid and the maximum
number of WUIs per WU that a VC project can generate are both
defined by the project designer: usuathyin_valid ranges from
two to four and the maximum number of WUIs ranges from five to
eight. The amount of replication is captured by the averagdsnv
distributed per WU AvgW U I'w s, over the whole simulation; the
fewer faulty WUs, the closer this value istoin_valid.

The fitness function used in our method is the ratio between
throughput, Throughputwu, and average WUIs distributed per
WU, AvgW U Iw . The fitness function is given in Equation 2.

Throughputwu

AvgWU Iwu @)

fitness =

3.3 Computational Environment

The scheduling policies produced by the grammar are automat
cally encoded as Python subclasses by the code generatottend
grated as a new scheduling policy in SImBA. SimBA uses the pol
cies with the same parameters and flags used to run the manuall
designed scheduling policies for a given VC project traceneW
the simulation of the VC project ends, the parameters reddsy
SimBA include the total number of valid WU& Groughputwir)
and average WUIs per WWAwgW U Iwv). These values are used
by our method to evaluate the fithess of every single schagluli
policy.

The evaluation of scheduling policies is designed as a maste
slave system taking advantage of its inherent task pasatieivhere

ability that these changes may occur. Figures 5 and 6 show thethe evaluation of every individual per generation is perfed by

mutation matrices used in the work presented in this papee O
or more levels of mutation can be applied to an individualereh
the levels and their order are chosen randomly. A fixed foacbf
individuals is mutated from one generation to the next.

Operators| + — * > < > <
+ 0 06|04]|0 0 0 0
- 070 030 0 0 0
* 07(03]0 0 0 0 0
> 0 0 0 0 0.1(0.7] 0.2
< 0 0 0 010 0.2 0.7
> 0 0 0 05/01]0 0.4
< 0 0 0 0.1{05|04]|0

Figure 5: Mutation matrix for operators

In addition to the four GA operations, we ugriningto reduce
the number of rules. The proposed method includes courftats t
monitor how many times a rule is applied; rules whose frequén
below a defined threshold are automatically removed frorividd
uals. Long rules are possible but very unlikely to meet theshold
limits.

The fitness function is given by a multi-objective functidat
maximizes throughput and minimizes replication of compaia
due to (a) errors, i.e., network and computation failurb}titned
out results, i.e., results too late for the simulation oreneeturned
because of the worker volatility; and (c) invalid results, iaffected
by malicious attacks, hardware malfunctions, or softwanelifica-
tions. A WU is successfully completed if it is not affecteddyyors
or timeout. A WU is valid if at leastnin_valid WUIs have been
completed successfully and their results agree, i.er, tasilts ei-

one slave and the evolution of the complete population akasel
the gathering of statistics is made by the master. We use #se m
sage passing interface (MPI) to communicate between master
slave processes and to synchronize the evolution of géoesat

4. EXPERIMENTS AND RESULTS

4.1 Set-up of Experiments

We ran our evolutionary algorithm for 30 generations witlopp
ulation size of 70 individuals (scheduling policies) and atation
rate of60%. Such a mutation rate has been chosen to prevent too
rapid convergence. The computation was distributed adioss
nodes of a Beowulf cluster with 64 dual-core nodes each with a
2.0 GHz AMD Opteron processor, 256 GB RAM, and 10TB disk
space. We trained our method with SimBA using performance
traces from two BOINC projects, Predictor@Home with CHARMM
and FightAIDS@Home. We tested the forty best scheduling pol
cies with SimBA using performance traces belonging to otiwere
BOINC projects, Predictor@Home with MFold, Human Proteome
Folding and Genome Comparison. Note that SImBA uses traces t
emulate the worker community, their error rates, timeotat, €he
features of the training and testing projects are shown bieTa.

In this table, Project indicates the name of the BOINC project,
Simulated_hrs is the length of the BOINC project for which the
traces have been collectedin_valid is the minimum number of
WUIs whose results must agree to consider valid a WU \dsabje
states whether the project was used for training or testing.

We compared the scheduling policies generated by the geneti
algorithm (GA-designed) against four manually-designatkdul-
ing policies: First-Come-First-Served (' F'S), fixed availability

ther are equal because the Homogeneous Redundancy (HR) poli and reliability thresholdsKI Xr), variable availability and relia-



T1
Factors A |B |C D E F

Factors| AtoF | Gto S A | os 0 0.4]0.15] 0.15] 0.15| 0.15
AtoF T1 0 B | processor 040 0.15| 0.15| 0.15]| 0.15
GtoS 0 T2 C | availabilityr, { 0.1/ 0101 |03 |03 | 0.1
Organization of the matrix D | reliabilityr, 01/01{03 |01 |01 |03

E | availabilitye | 0.1 01103 | 0.1 |01 | 0.3

F | reliabilityc 01,0101 |03 |03 |01

T2
Factors G H I J K [L M [N |[O |P Q |R [S

G | iops 0 02 |0 0 02]0 0 01(01{01(01]|01f01
H | flops 02 |0 0 0 02]0 0 01(01{01(01]|01f01
| lifespan 0 0 0 02105]|0 0 02(01|0 0 0 0
J | claimed_credit 0.05|0.05| 0 0 01(01(021|01|01|01f{01]012]0
K | granted_credit 005/ 00501010 01/01(01(01|01|01]|01(0
L | ravg_credit 0 0 0 01(01]0 01(03]01|01|01|01{0
M | last_rac_update 0 0 0 010 010 040 03]|0 01]0
N | avg_turnaround 0 0 0 01(01/01|02|0 01(01]02|01]|0
O | acquired_wui 0 0 0 0 0 03(01]|02]|0 0 03]01]0
P | avg_dedicated_time | 0.1 | 0.1 | O 01/01|01(01|01(01]|0 01,010
Q | max_wui_day 0.05|0.05|0 0201|010 0 03|0 0 02]0
R | wui_inprogress 0 0 0 0 0 0.1/01|101]02]03[02]|0 0
S | app_size_wu 0 02 {02]|0 010 0 01]01|01|01|01f0

Figure 6: Mutation matrix for factors

Table 3: Training and testing VC projects

Project Simulated_ hrg Min_valid Usage

P@H CHARMM 170 3 TRAINING
FightAIDS 550 3 TRAINING
P@H MFold 340 3 TESTING
Folding 600 11 TESTING
Genome 1200 3 TESTING

bility thresholds ¥ ARr), and the World Community Grid schedul-
ing policy (W CG). All these policies are described in Section 2.
Most BOINC projects use the FCFS policy; the threshold-base
policies have been applied only in simulated environme8ijtsiihe
WCG policy is the result of several person-years of desifortef
and includes sophisticated correlated rules.

4.2 Results

The overall fithess function used for our method is the combin
tion of the two fitness functions of the two projects used fam:-
ing, P@H with CHARMM and FightAIDS@Home. Since the val-
ues returned by the two fitness functions may differ by up to an
order of magnitude, each of the two fitness values is norealiz
with respect to the best manually-designed schedulingcyédir
the specific training project that the value is associatet.\ilihen
the normalized values are averaged to compute the overabfit
Figure 7 shows the overall fithess of the best individual perega-
tion. The figure shows how the overall value of the fitnesstionc
is above one and constantly increasing as the populatioves/o
The fact that the fitness function is above one means thatst le
one of the two training fitness functions outperforms the beso-
ciated manually-designed scheduling policy.

Maximization of the overall fitness function
11 T T T

1.075 : q

Overall fitness
e
)
@
T
i

1.025 4

1 I I I I I
15 20 25

Generation

30

Figure 7: Evolution of the overall fithess achieved by the bds
individual

associated to GA-designed scheduling policies. The gaalikdo
minimize the average WUIs per WU (x-axis) while maximizihg t
throughput (y-axis). The figures show that the populatiolosen
in a diagonal, from the bottom-right corner to the top-leftrer,
meeting the above described goal.

At the end of the training process, we selected the 40 GAgdesi
scheduling policies that reached the higher overall fitnedge.
From those 40 policies we automatically selected 10 pdalifoe
every testing project through a cross-selection procels.s€lec-
tion follows this procedure: Given a testing project (eRg@H with
MFold), 10 GA-designed policies are selected by using thibetd
policies identified by the other two testing projects (irstbase Hu-
man Proteome Folding and Genome Comparison) and choosng th
10 policies with the highest overall fitness computed forlgtter
two projects. We observed that only four policies were prege
all the three set of 10-best policies of each testing prpjecthe

Figures 8 and 9 show three stages of the evolution of the whole rest of this paper we focus only on these four policies thatale

population of scheduling policies for P@H with CHARMM and
FightAIDS@Home respectively (our training projects); tioes are

GA1l, GA2, GA3, and GA4. Figures 10, 11, 12, and 13 summa-
rize the four policies and the associated frequency reptiegethe
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Figure 8: Evolution across generations 3, 15, and 30 of GA-
designed scheduling policies for P@H with CHARMM training
dataset
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Figure 9: Evolution across generations 3, 15, and 30 of GA-
designed scheduling policies for FightAIDS@Home training
dataset

number of times workers applying for computation are setwed
that rule. Note that the number of rules per policy rangemfro
two to four; for some policies the complexity of the rules isch
higher than for the human-designed policies; and each sulsed
by each project but with different frequencies. Also notat tif
none of the rules are true, one single WUI is assigned to thkexo
(in the figures this is represented blge.

For each testing project, Table 4 compares and contraspethe
formance of the four GA-designed scheduling polici@si(l, GA2,

G A3, andG A4) with the manually-designed scheduling policies.

In the rows belonging to the manually-designed schedulioig p
cies ’'CFS, FIXr, VARr, andWCGQG) the underlined values
represent the best achieved value for the project in thecited
column. In the rows belonging to the GA-designed schedyig
cies the bold values are associated with the GA-designadypol
that outperforms the best manually-designed schedulifigypior
the project in the associated column. The percentage ofowepr
ment of the GA-designed scheduling policies with respedh&
best manually-designed scheduling policy (marked«s in Ta-
ble 4) is reported in thémprove column. Positive values repre-
sent real improvements and negative values representatatem

of the performance. The last column of the table ¢érage) shows
the average improvement in percentage of the schedulingypol
the associated row across projects. The results presamtibisi
section are discussed in Section 4.3.

4.3 Discussion

In general, the results presented in this paper show tha non
of the manually-designed scheduling policies works bestafb
projects. More specifically, if we consider the throughplg pol-
icy based on variable thresholds is better for P@H with CHARM
and Human Proteome Folding; the FCFS policy is better for P@H
with MFold and FightAIDS@Home; and the Fixed thresholds pol
icy is better for Genome Comparison. In terms of average Wdd1 p
WU, the World-Community-Grid policy is more effective inchec-
ing the number of errors and timeout for FightAIDS@Home and
Human Proteome Folding.

On the other hand the GA-designed policies improve throughp
across projects, in particul&¥ A1 increases throughput across all
the three testing projects-0.1% for P@H with MFold,+12.2%
for Human Proteome Folding, and0.3% for Genome Compar-
ison) while the other three GA-designed scheduling pdiicie
crease throughput for at least two of them. In terms of averag
WUI per WU, GA2 performs similarly to the best manually de-
signed scheduling policy across the three projects withvanage
of +0.3%. GA1, GA3 andG A4 have a similar performance to the
best manually-designed scheduling policies for P@H wittoMF
and Genome Comparison but perform poorly for Human Proteome
Folding. This loss in performance can be associated to alpess
imbalance of the fitness function. Work in progress is addngs
this issue.

5. RELATED WORK

Evolving sequences of rules for classification using geradto-
rithms (GA) or genetic programming (GP) have been extehsive
studied in the past. Relevant work includes [5, 13, 24]. Qely
cently the scheduling problem has been addressed as dickssi
tion problem. Work in this field includes scheduling for oop
problems [9], scheduling in multiprocessors [15, 18], adl age
single-machine and parallel systems [6, 7, 11, 12]. To owmkn
edge, no work has been done in the past for the design of saingdu
policies in VC using GA or GP.

Goals and methodologies in related work are different frobe t
work presented in this paper. Past work focuses on the naaimi
tion of the completion time for (1) the whole application, (@)
single tasks and their tardiness, i.e., the difference éetwvhen
a task returns and its expected completion time. Dimopoaias
Zalzala in [6, 7] as well as Jakobovic and Budin in [11] tardpet
minimization of tardiness by using genetic programmingvolve
scheduling policies in the form of dispatching rules for agée-
machine problem. Jakobovic et al. apply their method toljgdra
systems in [12]. In [18] and [15], the goal is to minimize tloe t
tal execution time of the parallel application by using GAGP.
In [18], Seredybski and Zomaya base their method on corealut
of cellular automata rather than rules and the combinatiati the
automata results is gathered in a global scheduling pdiicf15],
Oudshoorn and Huang, outline communication and synchaeniz
tion among task as part of their adapting scheduling profmss
multiprocessors. Because of the fact that VC systems are non
dedicated and volatile, task execution time is not as releaa the
overall throughput; therefore in this paper we target tghqut.

The search for compiler heuristics based on different nmechi
learning techniques that optimize the final execution tifihe jpro-
gram is presented in [4, 17, 20]. The approach in [17] is simti
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Figure 10: GA1 rules (left) and their frequency usage (righj for the three testing VC projects

((availability_G >=0.729)

(82.084>(l ast _rac_update))

((granted_credit<91.57) and

(avail ability_L<=0.85))
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Figure 11: GA2 rules (left) and their frequency usage (righj for the three testing VC projects

(acqui red_wui >25. 329)
(not (((((max_wui\ _day<=cl ai ned_credit) and
((not(((ravg_credit<=0.53)and

not ((0.1l46<availability_L)))) and
(83.592<(lifespan)))
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Figure 12: GA3 rules (left) and their frequency usage (righ} for the three testing VC projects

((availability _G(reliability_L+xavailability_
and (availability_L<0.195))
((0.533*(availability_G)>=0.1026)
not ( (i ops>=ravg_credit))
(reliability _L>=availability_Q
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Figure 13: GA4 rules (left) and their frequency usage (righj for the three testing VC projects



Table 4. Comparison of throughput and average WUI per WU

Throughput
Trace P@H Improve Human  Improve | Genome Improve | Average
MFold Prot. Fold. Comp.
FCFS | 106833 ref. 15008 —2.0% | 120960 —0.0% —0.6%
FIXr | 43888 —58.9% 15160 —1.0% | 120995 ref. | —19.9%
VARr | 42898 —59.8% 15309 ref. | 120719 —-0.2% | —20.0%
WCG | 18446  —82.7% 15213 —0.6% | 120930 —-0.1% | —27.8%
GA1l 116533 9.1% 17183 12.2% | 121338 0.3% +7.2%
GA2 110612 3.5% 14712 -3.9% | 121381 0.3% | —0.03%
GA3 104657 —2.0% 17794 16.2% | 121215 0.2% +4.8%
GA4 79960 —25.2% 17967 17.4% | 121968 0.8% —2.3%
Average WUIs per WU
Trace P@H Improve Human  Improve | Genome Improve | Average
MFold Prot. Fold. Comp.
FCFS | 3.633 ref. 25.650 -22.3% 3.176 —-1.1% —7.8%
FIXr 4.021 —10.7% 21.362 —1.9% 3.143 —0.0% —4.2%
VARr | 4.054 —11.6% 21.096 —0.6% | 3.142 ref. —4.0%
wcaG 3.794 —4.4% 20.968 ref. 3.173 —-1.0% —-1.8%
GA1l 3.611 0.6% 23.553 —12.3% 3.167 —0.8% —4.1%
GA2 3.492 3.9% 21.527 —2.7% 3.149 —0.2% +0.3%
GA3 3.590 1.2% 23.400 —11.6% 3.160 —0.6% -3.6%
GA4 3.670 —1.0% 23.360 —11.4% 3.160 —0.6% —4.3%
our method, but it targets the scheduling of instructiotiserathan 7. REFERENCES

tasks.

6. CONCLUSIONS AND FUTURE WORK

In this paper we presented a distributed evolutionary #lgor
for the design of scheduling policies in volunteer compyi{C),
i.e., systems consisting of PCs connected to the Interrittban
longing to the public. The proposed method produces schredul
policies that increase throughput across a variety of diffe\VC
projects, in contrast to manually-designed policies thetianited
to increasing throughput for single projects. The methodis®
time-efficient, since it allows us to design effective pagin a
time window of a week, while policies used in VC projects nor-
mally take several person-years for monitoring, tuning) =ali-
dating the scheduling rules.

Work in progress includes several extensions to the bag@ al
rithm, including automatic update of the mutation matrimeavoid
any manually-introduced biases, tuning the fitness fundidbet-
ter capture the cost related to replication of computatexien-
sion to the rule-pruning scheme to allow for shorter and those
human-understandable policies, and combination of thkigwo-
ary search with a hill-climbing component. We will also wark
extending the experimental evaluation of our system, dpieg
scheduling policies for other projects and performing tronality
tests to quantify the efficiency gains of the proposed mestover
purely random search. Finally, we will perform extensivalgn
sis of the policies developed by our system, trying to gasigints
about the behavior of VC environments from them.
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