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Abstra
tWeb sear
h engines are expensive to maintain, expensive to operate, and hard to design.Modern sear
h engines rely on 
lusters of server ma
hines for query pro
essing. Thus, theperforman
e of parallel query pro
essing in a 
luster of index servers is 
ru
ial for modernWeb sear
h engines. The obje
tive of this thesis is to provide a performan
e frameworkfor the design and analysis of the infrastru
ture of Web sear
h engines. In this frameworkwe (i) investigate and analyze the imbalan
e issue in a 
omputational 
luster 
omposedof homogeneous index servers and (ii) propose a 
apa
ity planning model for Web sear
hengines.In a 
luster of index servers, the response time basi
ally depends on the servi
e timeof the slowest server to generate a partial ranked answer. Previous approa
hes investigateperforman
e issues in this 
ontext using simulation, analyti
al modeling, experimentation,or a 
ombination of them. Nevertheless, these approa
hes simply assume balan
ed servi
etimes among homogeneous index servers, a s
enario that we did not observe in our ex-perimentation. On the 
ontrary, we found that even with a balan
ed distribution of thedo
ument 
olle
tion among index servers, relations between the frequen
y of a query inthe 
olle
tion and the size of its 
orresponding inverted lists lead to imbalan
es in queryservi
e times at these same servers, be
ause these relations a�e
t disk 
a
he behavior. Fur-ther, the relative sizes of the main memory at ea
h index server (with regard to disk spa
eusage) and the number of servers parti
ipating in the parallel query pro
essing also a�e
timbalan
e of lo
al query servi
e times.Predi
ting the performan
e of a Web sear
h engine is usually done empiri
ally throughexperimentation, requiring a 
ostly setup. Thus, modeling is of natural appeal in this
ontext. We introdu
e a 
apa
ity planning model for Web sear
h engines that 
onsidersthe imbalan
e in query servi
e times among homogeneous index servers. Our model, whi
his based on a queueing network, is simple and yet reasonably a

urate. We dis
uss how wetune it up and how we apply it to predi
t, for instan
e, the impa
t on the query responsetime when parameters su
h as CPUs and disks are 
hanged. This allows the manager ofthe sear
h engine to determine a priori whether a new 
on�guration of the system will keepthe query response under spe
i�ed 
onstraints. Our approa
h is distin
t and, we believe,useful to predi
t the performan
e of real Web sear
h engines.





ResumoMe
anismos de bus
a na Web são 
aros para manter, 
aros para operar, e difí
eis deprojetar. Me
anismos modernos de bus
a 
ontam 
om 
lusters de máquinas servidoraspara pro
essamento de 
onsultas. Assim, o desempenho do pro
essamento paralelo de
onsultas num 
luster de servidores de índi
e é 
ru
ial para os me
anismos modernos debus
a na Web. O objetivo desta tese é prover um ar
abouço para o projeto e análiseda infra-estrutura de me
anismos de bus
a na Web. Neste ar
abouço (i) investigamose analisamos a questão do desbalan
eamento num 
luster 
omputa
ional 
omposto porservidores de índi
e homogêneos e (ii) propomos um modelo de planejamento de 
apa
idadepara me
anismos de bus
a na Web.Num 
luster de servidores de índi
e, o tempo de resposta depende basi
amente dotempo de serviço do servidor mais lento para gerar uma resposta ordenada par
ial. Abor-dagens anteriores investigam questões de desempenho neste 
ontexto usando simulação,modelagem analíti
a, experimentação, ou uma 
ombinação delas. Entretanto, estas abor-dagens simplesmente assumem tempos de serviço balan
eados entre os servidores de índi
ehomogêneos, um 
enário que não observamos em nossa experimentação. Ao 
ontrário, ve-ri�
amos que mesmo 
om uma distribuição balan
eada da 
oleção de do
umentos entre osservidores de índi
e, relações entre a freqüên
ia de uma 
onsulta na 
oleção e o tamanhode suas listas invertidas 
orrespondentes levam a desbalan
eamentos nos tempos de serviçode uma 
onsulta nestes mesmos servidores, porque estas relações afetam o 
omportamentodo 
a
he do dis
o. Além disso, os tamanhos relativos da memória prin
ipal em 
ada ser-vidor de índi
e (
om referên
ia ao uso do espaço em dis
o) e o número de servidores queparti
ipam do pro
essamento paralelo de 
onsultas também afetam o desbalan
eamentonos tempos lo
ais de serviço de uma 
onsulta.A predição do desempenho de um me
anismo de bus
a na Web é usualmente feita em-piri
amente através de experimentação, requerendo uma 
on�guração 
ustosa. Assim, amodelagem tem um apelo natural neste 
ontexto. Introduzimos um modelo de planeja-mento de 
apa
idade para me
anismos de bus
a na Web que 
onsidera o desbalan
eamentonos tempos de serviço de uma 
onsulta entre os servidores de índi
e homogêneos. Nossomodelo, que é baseado numa rede de �las, é simples e razoavelmente pre
iso. Dis
utimos
omo ajustá-lo e 
omo usá-lo para predizer, por exemplo, o impa
to no tempo de respostada 
onsulta quando parâmetros tais 
omo CPUs e dis
os são alterados. Isto permite aogerente da máquina de bus
a determinar a priori se uma nova 
on�guração do sistema irámanter o tempo de resposta sob determinadas restrições. Nossa abordagem é distinta e,a
reditamos, útil para predizer o desempenho de me
anismos de bus
a reais.
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Resumo Estendido
IntroduçãoMotivaçãoAWorldWide Web data do �m da dé
ada dos anos 80 [17℄ e ninguém poderia ter imaginadoseu impa
to atual. A explosão no uso da Web e seu 
res
imento exponen
ial são agorabem 
onhe
idos. Apenas a quantidade de dados textuais disponíveis é estimada paraestar na ordem de terabytes. Adi
ionalmente, outros meios, tais 
omo imagens, áudio, evídeo, também estão disponíveis. Isto provo
a a ne
essidade de ferramentas e�
ientes paraadministrar, re
uperar, e �ltrar informação desta base de dados enorme e diversi�
ada.Os me
anismos de bus
a transformaram-se numa ferramenta essen
ial e popular paralidar 
om a enorme quantidade de informação en
ontrada na Web. Um estudo feito poriProspe
t [30℄ revela que 35.1% dos usuários da Internet usam os me
anismos de bus
apelo menos uma vez ao dia, 21.2% usam os me
anismos de bus
a quatro ou mais vezes aodia, e 22.7% usam os me
anismos de bus
a múltiplas vezes por semana, o que indi
a queo uso de me
anismos de bus
a é um tipo popular de atividade online.Os me
anismos de bus
a na Web requerem uma enorme quantidade de re
ursos 
ompu-ta
ionais para lidar 
om o tráfego entrante de 
onsultas, que é 
ara
terizado freqüentementepor altos pi
os. Além disso, o fato do número de do
umentos disponíveis na Web 
res-
er 
onstantemente � existem agora pelo menos 20 bilhões de do
umentos na Web [24℄� torna o problema ainda mais desa�ador. Para lidar 
om estas exigên
ias, os me
a-nismos modernos de bus
a na Web 
ontam 
om 
lusters de máquinas servidoras para opro
essamento das 
onsultas [14, 18, 45℄.A arquitetura de um me
anismo de bus
a típi
o na Web é 
omposta por 
lusters deservidores de índi
e, 
om os do
umentos divididos entre eles (
ada servidor de índi
e ar-mazena uma parte da 
oleção de do
umentos e um índi
e para ela). Esta arquitetura éi



geralmente referida 
omo �parti
ionamento por do
umento� e é preferida porque simpli�
aa manutenção, simpli�
a a geração do índi
e (que pode ser feita lo
almente), e degrada-sesuavemente (porque a falha de um servidor de índi
e não impede que qualquer 
onsultaseja respondida, embora o 
onjunto de resposta �nal possa não 
onter todos os do
umentosrelevantes na 
oleção). O 
luster in
lui também um broker que se 
omuni
a 
om os váriosservidores de índi
e, 
omo ilustrado na Figura 1.

de indice 3
ServidorServidor

de indice 2
Servidor

de indice 1
Servidor

de indice p

Broker

Cliente

. . .Figura 1: Arquitetura de um me
anismo de bus
a típi
o.Uma 
onsulta de usuário 
hega no me
anismo de bus
a através do broker, que envia uma
ópia da 
onsulta para 
ada servidor de índi
e para pro
essamento lo
al. Tipi
amente, 
adaservidor de índi
e retorna seus 10 do
umentos mais relevantes para o broker, que exe
utauma mes
lagem em memória para determinar as 10 respostas �nais a serem enviadas parao usuário.O pro
essamento de uma 
onsulta pode ser dividido em duas fases prin
ipais 
onse
u-tivas [14℄. Uma primeira fase que 
onsiste em re
uperar referên
ias aos do
umentos que
ontém todos os termos da 
onsulta1 e ordená-los de a
ordo 
om alguma métri
a de re-levân
ia (feito geralmente pelos servidores de índi
e). Uma segunda fase que 
onsiste emtomar as respostas mais relevantes, tipi
amente 10, e gerar fragmentos (do do
umento),título, e informação sobre a URL para 
ada uma delas (usualmente feito por um 
lusterde servidores de do
umento, 
ada servidor detendo uma parte da 
oleção de do
umentos).Enquanto a segunda fase tem 
usto aproximadamente 
onstante, independente do tamanhoda 
oleção de do
umentos, a primeira fase tem um 
usto que 
res
e 
om o tamanho da
oleção. Portanto, o desempenho da primeira fase é 
ru
ial para manter a es
alabilidade de1Usar a interseção dos termos da 
onsulta é agora práti
a padrão na Webii



me
anismos modernos de bus
a que lidam 
om uma quantidade 
res
ente de do
umentosda Web.Dada a 
omplexidade envolvida no projeto de me
anismos e�
ientes de bus
a na Webe o papel 
have que tais sistemas desempenham no uso da Internet hoje em dia, é deimportân
ia máxima 
ompreender o 
omportamento de me
anismos de bus
a na Web. Istoé essen
ial para a análise de desempenho e planejamento de 
apa
idade de tais sistemas, a�m de permiti-los enfrentar adequadamente a demanda 
res
ente dos usuários.Objetivos e ContribuiçõesO objetivo desta tese é prover um ar
abouço para o projeto e análise da infra-estrutura deme
anismos de bus
a naWeb. Nosso objetivo é ter uma ferramenta simples e razoavelmentepre
isa que possa responder questões de planejamento de 
apa
idade tais 
omo:(i) Dada uma 
oleção 
omposta por n do
umentos distribuída através de p máquinas,que tipo de garantias de tempo médio de resposta de uma 
onsulta que se podeesperar?(ii) Que tipo de otimização nos re
ursos da máquina pode produzir uma redução notempo médio de resposta de uma 
onsulta para satisfazer um objetivo de nível deserviço de�nido pelo gerente do me
anismo de bus
a na Web?(iii) Qual é o número mínimo de répli
as do 
luster de servidores de índi
e que garan-tirá que, na média, o tempo de resposta de uma 
onsulta num período de pi
o nãoex
ederá o limite de�nido pelo gerente do me
anismo de bus
a na Web?Nesta tese, analisamos o desempenho da re
uperação dos do
umentos mais relevantespara uma dada 
onsulta de um usuário, i.e., a primeira fase da tarefa de pro
essamento da
onsulta. As prin
ipais 
ontribuições desta tese são:
• Investigação e análise da questão do desbalan
eamento num 
luster 
omputa
ionalpara pro
essamento paralelo de 
onsultas 
omposto por servidores de índi
e homogê-neos, 
omo apresentado no Capítulo 4. Veri�
amos na práti
a um desbalan
eamento
onsistente por 
onsulta no tempo de serviço nos servidores de índi
e, apesar da dis-tribuição dos tamanhos das listas invertidas nos vários servidores ser 
ompletamentebalan
eada. Este é um resultado experimental importante porque nossas des
obertasiii




ontradizem a suposição usual de tempos balan
eados de serviço adotada pelos mode-los teóri
os anteriores en
ontrados na literatura [20,23,44℄. Além disso, identi�
amose analisamos as fontes prin
ipais de desbalan
eamento: o uso do 
a
he do dis
o, otamanho da memória prin
ipal nos servidores de índi
e homogêneos, e o número deservidores de índi
e no 
luster.
• Um modelo de planejamento de 
apa
idade para me
anismos de bus
a na Web que
onsidera o desbalan
eamento nos tempos de serviço das 
onsultas entre os servidoresde índi
e homogêneos, 
omo apresentado no Capítulo 5. Nosso modelo, baseadoem redes de �las, é simples e razoavelmente pre
iso. Para ajustar os parâmetrosdo nosso modelo, exe
utamos experimentos num 
luster pequeno de servidores deíndi
e. Uma vez que os parâmetros 
have foram estimados, veri�
amos a pre
isãodo modelo 
omparando suas predições 
om os resultados experimentais produzidostambém usando o 
luster pequeno de servidores de índi
e. Finalmente, ilustramos
omo usar nosso modelo para predizer o tempo de resposta de uma 
onsulta aoadotarmos CPUs e dis
os mais rápidos do que aqueles em uso. Em nosso exemplo,
onsideramos um 
enário realísti
o, onde uma 
oleção de 20 bilhões de do
umentosé distribuída através de 2, 000 servidores de índi
e.Analisando o Desbalan
eamento entre Servidores de Ín-di
e HomogêneosNesta seção, investigamos e analisamos o desbalan
eamento entre os servidores de índi
ehomogêneos num 
luster para pro
essamento paralelo de 
onsultas. Servidores de índi
ehomogêneos têm a mesma 
on�guração de hardware e software.Na arquitetura para pro
essamento paralelo de 
onsultas, 
ara
terizada por um par-ti
ionamento lo
al da 
oleção de do
umentos, o tempo de resposta de uma 
onsulta édeterminado pelo tempo de serviço do servidor de índi
e mais lento. Como 
onseqüên
ia,desbalan
eamento nos tempos de serviço entre o servidores de índi
e aumenta o tempo deresposta de uma 
onsulta exe
utada pelo 
luster de servidores.Uma medida 
omum 
ontra o desbalan
eamento é distribuir a 
oleção inteira de do-
umentos entre os servidores de índi
e homogêneos de forma balan
eada, tal que 
adaservidor manipule uma quantidade similar de dados para pro
essar uma dada 
onsulta.Como 
onseqüên
ia, espera-se que os tempos de serviço nos servidores de índi
e homo-iv



gêneos também sejam aproximadamente balan
eados. De fato, este 
enário idealizado detempos de serviço balan
eados é uma suposição usual 
onsiderada por modelos teóri
ospara me
anismos de bus
a na Web [20,23,44℄. Entretanto, num 
enário real, relações entreas freqüên
ias das 
onsultas e os tamanhos das listas invertidas 
orrespondentes levam adesbalan
eamentos nos tempos de serviço das 
onsultas.Nesta seção, investigamos e analisamos a questão do desbalan
eamento num 
luster
omputa
ional 
omposto por servidores de índi
e homogêneos. Como prin
ipal 
ontribui-ção, veri�
amos que o 
enário idealizado de tempos de serviço balan
eados nos servidoresde índi
e homogêneos 
om volumes de dados similares não é provável de ser en
ontrado napráti
a. Este é um resultado experimental importante porque nossas des
obertas 
ontra-dizem a suposição usual que é obviamente 
onsiderada 
omo válida por modelos teóri
osanteriores. Além disso, identi�
amos e analisamos as prin
ipais fontes de desbalan
ea-mento: o uso do 
a
he do dis
o, o tamanho da memória prin
ipal nos servidores de índi
ehomogêneos, e o número de servidores no 
luster.Para os experimentos relatados nesta seção, usamos um 
luster de 7 servidores de índi
ehomogêneos. A 
oleção de teste é 
omposta por 10 milhões de páginas Web 
oletadas pelome
anismo de bus
a TodoBR da Web brasileira em 2003. O 
onjunto de 
onsultas usadosem nossos testes é 
omposto por 100 mil 
onsultas, extraídas de um registro par
ial de
onsultas submetidas ao me
anismo de bus
a TodoBR em Setembro de 2003.De�nimos o �desbalan
eamento de uma dada 
onsulta� 
omo a razão entre o tempo deserviço máximo e o tempo de serviço médio dos servidores de índi
e que parti
ipam dopro
essamento paralelo desta 
onsulta em parti
ular. Esta métri
a de desbalan
eamento éigual a 1 num 
enário perfeitamente balan
eado que produz um tempo de serviço máximoexatamente igual ao tempo de serviço médio. À medida que a métri
a de desbalan
eamentotorna-se progressivamente maior que 1, existe uma forte indi
ação de que o tempo deresposta de uma 
onsulta é dominado por um tempo de serviço muito maior de um úni
oservidor de índi
e.Para evitar desbalan
eamento entre os servidores de índi
e, optamos por balan
ear asdistribuições do tamanho das listas invertidas que 
ompõem os índi
es invertidos lo
ais.Para isto, simplesmente atribuímos 
ada do
umento a um servidor de índi
e de formaaleatória. A Figura 2 ilustra a função de probabilidade do tamanho das listas invertidasque 
ompõem os 7 índi
es invertidos lo
ais em nosso 
luster 
om 7 servidores de índi
e.Observamos que as distribuições do uso do armazenamento são muito similares através dosdiferentes servidores de índi
e � na verdade, elas se sobrepõem na Figura 2, indi
ando quev



a atribuição aleatória dos do
umentos nos servidores fun
iona muito bem para balan
earo uso do armazenamento entre os servidores.
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Figura 2: Função de probabilidade do tamanho das listas invertidas.Embora a utilização do espaço em dis
o nos servidores de índi
e seja balan
eada, 
omomostrado na Figura 2, investigamos se este uso balan
eado do armazenamento entre assub
oleções re�ete em tempos lo
ais de serviço balan
eados entre os servidores de índi
e,ou não. A Figura 3 ilustra as distribuições dos tempos (médio, máximo, e mínimo) lo
aisde serviço por 
onsulta. As barras de intervalo representam os tempos mínimo e máximode serviço para 
ada 
onsulta.Como resultado dos nossos experimentos, veri�
amos na práti
a um desbalan
eamento
onsistente por 
onsulta nos tempos de serviço entre os servidores de índi
e, apesar dadistribuição do tamanho das listas invertidas nos vários servidores de índi
e ser 
omple-tamente balan
eada. Motivados por este resultado inesperado, que 
ontradiz a suposiçãousual de tempos balan
eados de serviço adotada pelos modelos teóri
os en
ontrados naliteratura, 
onduzimos uma análise experimental detalhada para investigar as fontes dodesbalan
eamento observado. Conseqüentemente, identi�
amos as fontes prin
ipais de des-balan
eamento: o uso do 
a
he do dis
o, o tamanho da memória prin
ipal nos servidoresde índi
e homogêneos, e o número de servidores no 
luster.vi
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ais de serviço por 
onsulta.In�uên
ia do Uso do Ca
he do Dis
oIdenti�
amos o uso do 
a
he do dis
o nos diferentes servidores de índi
e 
omo a prin
ipalfonte de desbalan
eamento. A Figura 4 mostra a função densidade de probabilidade dostempos lo
ais de a
esso ao dis
o no nosso 
luster 
om 7 servidores de índi
e. Observamosque os tempos de a
esso ao dis
o em todos os servidores de índi
e estão agrupados basi-
amente em duas regiões prin
ipais: a primeira região é rela
ionada aos tempos de a
essoao dis
o menores que 4, 5 milisegundos e a segunda região aos tempos de a
esso ao dis
omaiores que 4, 5 milisegundos. Atribuímos a primeira região de tempos lo
ais de a
essoao dis
o menores às 
onsultas 
ujas listas invertidas são en
ontradas no 
a
he do dis
o(referida 
omo �região do 
a
he�), e a segunda região de tempos lo
ais de a
esso ao dis
omaiores às 
onsultas 
ujas listas invertidas tiveram que ser realmente re
uperadas do dis
o(referida 
omo �região do dis
o�).Veri�
amos que o desbalan
eamento nos tempos de serviço entre os servidores de índi
eaumenta 
om o número de servidores operando na região do 
a
he, 
omo mostrado naFigura 5. Os pontos na Figura 5 mostram o desbalan
eamento para 
ada 
onsulta e a linhamostra o desbalan
eamento médio sobre as 
onsultas em função do número de servidoresde índi
e operando na região do 
a
he. Este valor é 
omplementar ao número de servidoresde índi
e operando na região do dis
o. Por exemplo, para uma 
onsulta parti
ular sendovii
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Figura 4: Função densidade de probabilidade dos tempos lo
ais de a
esso ao dis
o.pro
essada em nosso 
luster de 7 servidores de índi
e, se a Figura 5 mostra que 2 delesoperam na região do 
a
he, então ne
essariamente os outros 5 estão na região do dis
o,diretamente in�uen
iando a magnitude do desbalan
eamento.Para melhor entender 
omo o 
a
he do dis
o diretamente impa
ta o desbalan
eamento,é importante olhar atentamente para o desbalan
eamento médio na Figura 5 para alguns
enários representativos: sem 
a
he, o pior 
aso, e o melhor 
aso. No 
enário sem 
a
he(i.e., 0 no eixo-x da Figura 5), todos os servidores de índi
e realmente a
essam o dis
opara re
uperar os dados ne
essários, obtendo o menor desbalan
eamento (1.38) entre os
asos onde existe pelo menos um servidor operando na região do dis
o. O pior 
aso parao desbalan
eamento (i.e., 6 no eixo-x da Figura 5) apresenta um desbalan
eamento muitomaior (3.45) porque um úni
o servidor de índi
e tem um tempo de serviço muito maiorque os tempos de serviço 
orrespondentes em todos os servidores restantes, levando assima um alto valor de desbalan
eamento. Isto a
onte
e porque existe um úni
o servidor deíndi
e que tem um tempo de serviço grande e um 
onjunto de outros servidores que têmtempo de serviço muito menor porque re
uperam os dados ne
essários do 
a
he do dis
o.Pelo 
ontrário, o melhor 
aso a evitar desbalan
eamento (i.e., 7 no eixo-x da Figura 5)resulta num desbalan
eamento médio de 1.08, sendo al
ançado quando todos os servidoresde índi
e operam na região do 
a
he, resultando assim num valor de desbalan
eamentoviii



menor devido aos tempos de a
esso ao dis
o relativamente menores e similares através do
luster de servidores.
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eamento 
ausado pelo número de servidores de índi
e operando naregião do 
a
he.O melhor 
aso e o 
enário sem 
a
he apresentam os dois menores resultados desba-lan
eados, 
omo 
onseqüên
ia de terem todos os servidores de índi
e operando na mesmaregião (do 
a
he ou do dis
o), assim provendo uma diferença não abrupta entre os temposde serviço dos servidores parti
ipantes. Entretanto, o 
enário sem 
a
he ainda produz umdesbalan
eamento signi�
ativamente mais alto 
om respeito ao melhor 
aso, o que pode serexpli
ado pela variân
ia mais alta en
ontrada no a
esso direto ao dis
o quando 
omparada
om a variân
ia en
ontrada no a
esso à memória. Além de ter o menor desbalan
eamento,o melhor 
aso também provê o tempo de resposta mais rápido desde que todos os dados ne-
essários para pro
essar uma 
onsulta são en
ontrados nos 
a
hes dos dis
os dos servidoresde índi
e.Além disso, analisamos o rela
ionamento entre o tamanho das 
onsultas e a freqüên
iadas 
onsultas na 
oleção, investigando se existem ligações 
om o uso do 
a
he do dis
o. Otamanho de uma 
onsulta é dado pela soma dos tamanhos das listas invertidas relativasa seus termos. Portanto, 
onsideramos separadamente as 
onsultas que en
ontram umdeterminado nível de relação entre o tamanho das listas invertidas que demandam e suaix



freqüên
ia na 
oleção, e aquelas que não. Para isto, 
al
ulamos a relação 
omo a razãoentre o tamanho da 
onsulta e a freqüên
ia da 
onsulta. Se esta razão é maior ou iguala 0.25 e menor ou igual a 4, então o tamanho e a freqüên
ia da 
onsulta são rela
ionadospor um fator de 4, o que 
onsideramos 
omo representando um razoável nível de relaçãoentre eles. Portanto, 
onsultas que 
aem neste 
ritério são 
onsideradas rela
ionadas, 
aso
ontrário elas são 
onsideradas não-rela
ionadas.A Figura 6 mostra o tamanho normalizado das 
onsultas em função da freqüên
ia nor-malizada das 
onsultas na 
oleção, mas fazemos a distinção entre 
onsultas rela
ionadas e
onsultas não-rela
ionadas. Quando fazemos esta distinção, é interessante analisar separa-damente três diferentes regiões representativas que apare
em na Figura 6: (i) a Região 1 é
ara
terizada por dados não-rela
ionados onde o tamanho das 
onsultas está prevale
endosobre a freqüên
ia das 
onsultas; (ii) a Região 2 
ontém 
onsultas rela
ionadas; e (iii) aRegião 3 é 
ara
terizada por uma região não-rela
ionada onde a freqüên
ia das 
onsultasestá prevale
endo sobre o tamanho das 
onsultas.
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Figura 6: Comparando a freqüên
ia das 
onsultas e o tamanho das 
onsultas.A Figura 7 
ompara o tempo de serviço para 
onsultas rela
ionadas e não-rela
ionadas
om respeito ao seu tamanho e sua freqüên
ia na 
oleção. Esta 
omparação mostra 
la-ramente que as 
onsultas bem rela
ionadas (Região 2) tiram um proveito maior do 
a
hedo dis
o. Isto a
onte
e porque elas têm o melhor 
ompromisso entre o tamanho de suasx



listas invertidas e sua freqüên
ia na 
oleção. Por um lado, as listas invertidas maiores sãodemandadas pelas 
onsultas mais freqüentes, favore
endo o uso do 
a
he do dis
o por estaslistas invertidas grandes. Por outro lado, 
onsultas raras, 
ujas listas invertidas são impro-váveis de serem en
ontradas no 
a
he do dis
o, requerem as listas invertidas menores quenão demandam tempos grandes de transferên
ia do dis
o. Para os dados não-rela
ionadosna Região 1, a freqüên
ia das 
onsultas é propor
ionalmente menor que o tamanho das
onsultas. Isto impli
a que 
onsultas raras demandam listas invertidas maiores, assimresultando em não uso do 
a
he do dis
o e grandes atrasos de transferên
ias. Os dadosnão-rela
ionados na Região 3 enfrentam o oposto: os termos das 
onsultas impõem vo-lumes de dados relativamente pequenos a serem re
uperados no sistema, assim obtendotempos de serviço pequenos através de atrasos pequenos de transferên
ia ou através douso do 
a
he do dis
o. Embora estas 
onsultas tenham tempos de serviço pequenos elasnão são tão numerosas quanto as 
onsultas rela
ionadas ou as 
onsultas não-rela
ionadasna Região 1. Portanto, 
onsultas rela
ionadas prevale
em 
omo um grupo que obtém osmenores tempos de serviço.
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Figura 7: Função densidade de probabilidade dos tempos de serviço das 
onsultas rela
io-nadas e não-rela
ionadas.Estes resultados sobre a in�uên
ia do 
a
he do dis
o no desbalan
eamento tambémsugerem que quanto maior a memória disponível para o 
a
he do dis
o, menor o desbalan-xi




eamento, e quanto maior o número de servidores de índi
e no 
luster, maior o desbalan-
eamento, 
omo dis
utiremos a seguir.In�uên
ia do Tamanho da Memória Prin
ipal e do Número de Ser-vidores de Índi
eOutra fonte de desbalan
eamento é o tamanho da memória prin
ipal dos servidores deíndi
e porque isto afeta a disponibilidade dos dados na região do 
a
he nos servidores e,
onseqüentemente, o desbalan
eamento. A Figura 8 mostra o desbalan
eamento médio emfunção do número de servidores de índi
e em nosso 
luster 
om 7 servidores de índi
e, aovariar o tamanho da memória prin
ipal em 
ada servidor. Observamos que o desbalan-
eamento médio nos tempos de serviço entre os servidores de índi
e aumenta enquanto otamanho da memória prin
ipal diminui, 
omo era de se esperar. Por um lado, quando otamanho da memória prin
ipal é relativamente grande 
omparado ao tamanho do índi
elo
al armazenado nos servidores de índi
e, existe maior 
apa
idade de memória disponívelpara o sistema opera
ional exe
utar operações do 
a
he do dis
o. Isto impli
a que os tem-pos lo
ais de a
esso ao dis
o em todos os servidores de índi
e 
aem na região do 
a
he paraum alto per
entual de 
onsultas na nossa 
oleção e este é exatamente o melhor 
enário queproduz o menor desbalan
eamento. Por outro lado, 
onsiderando uma memória prin
ipalrelativamente menor disponível para o 
a
he do dis
o, os servidores de índi
e pre
isamrealmente re
uperar as listas invertidas do dis
o. Neste 
enário, as 
onsultas estão maissus
eptíveis ao desbalan
eamento porque alguns blo
os do dis
o podem ser en
ontradosno 
a
he do dis
o de uns pou
os servidores de índi
e e não serem en
ontrados no 
a
he dodis
o dos servidores restantes.Uma outra fonte de desbalan
eamento é o número de servidores de índi
e no 
luster,porque a probabilidade de o
orrer variação entre os tempos lo
ais de serviço aumenta 
omo número de servidores de índi
e que parti
ipam no pro
essamento paralelo da 
onsulta.Observamos na Figura 8 que, para um tamanho �xo da memória prin
ipal, o desbalan
ea-mento médio nos tempos de serviço entre os servidores de índi
e aumenta 
om o número deservidores de índi
e que parti
ipam no pro
essamento paralelo da 
onsulta. Já dis
utimosque o desbalan
eamento médio aumenta 
om o número de servidores de índi
e que operamna região do 
a
he, 
omo mostrado na Figura 5. Entretanto, isto indi
a que quanto maioro número de servidores de índi
e que parti
ipam no pro
essamento paralelo da 
onsulta,maior a probabilidade de aumentar a razão entre o número de servidores que operam naxii
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Figura 8: Desbalan
eamento médio em função do tamanho da memória prin
ipal nosservidores de índi
e.região do 
a
he e aqueles que operam na região do dis
o. Como 
onseqüên
ia, isto leva adesbalan
eamentos maiores nos tempos de serviço por 
onsulta no 
luster.Um Modelo de Planejamento de Capa
idade para Me
a-nismos de Bus
a na WebNesta seção, propomos um modelo de planejamento de 
apa
idade para me
anismos debus
a na Web que 
onsidera o desbalan
eamento nos tempos de serviço de uma 
onsultaentre os servidores de índi
e homogêneos. Nossa estratégia de planejamento de 
apa
idade
onta 
om um modelo analíti
o baseado em �las para estimar o �tempo médio de respostado sistema�. O me
anismo de bus
a na Web é representado por uma rede de �las aberta
omposta pelo broker e pelo subsistema de servidores de índi
e. Assumimos que os ser-vidores de índi
e têm re
ursos homogêneos (
omo seria o 
aso em vários 
enários reais) eque a 
oleção de do
umentos é uniformemente distribuída através de todos os servidores.Assim, 
onsideramos que a 
arga está balan
eada através de todos os servidores de índi
e.Finalmente, a rede que 
one
ta os servidores de índi
e e o broker é tipi
amente uma rede dealta velo
idade e, 
omo observado em nossos experimentos, introduz atrasos desprezíveisxiii



no tempo de resposta do sistema. Portanto, a rede não é expli
itamente representada emnosso modelo.Em nosso modelo de bus
a na Web, o subsistema 
omposto por todos os servidores deíndi
e é modelado 
omo uma rede de �las fork-join [37℄. Numa rede de �las fork-join, 
adatarefa (i.e., 
onsulta) que 
hega é dividida (i.e., fork) em p sub-tarefas idênti
as. Cada sub-tarefa é enviada para um servidor de índi
e diferente. A dis
iplina de �las em 
ada servidorde índi
e é �Primeiro a Chegar, Primeiro a ser Servido� (First-Come First-Served (FCFS)).Quando uma sub-tarefa termina a exe
ução, irá esperar até que todas as outras sub-tarefasterminem (i.e., join). Apenas neste momento a tarefa 
ompleta a exe
ução e sai da rede.Este 
omportamento imita o paralelismo no pro
essamento de 
onsultas pelos servidoresde índi
e e a sin
ronização introduzida no broker para 
ombinar os resultados par
iais. AAnálise do Valor Médio (Mean Value Analysis (MVA)) [43℄ ofere
e uma solução e�
ientepara redes de �las 
om solução do tipo forma-produto. Em parti
ular, MVA pode serusada para produzir estimativas de desempenho para 
ada servidor de índi
e individual.Entretanto, a 
ara
terísti
a fork-join viola as suposições requeridas pela solução MVAexata. Assim, usamos té
ni
as MVA aproximadas [37℄ para resolver o modelo 
ompleto debus
a na Web.Consultas típi
as podem ter demandas heterogêneas pela CPU e dis
o dos servidores deíndi
e dependendo do número de termos que elas 
ontém. Além disso, devido à lo
alidadede referên
ia nos termos das 
onsultas que 
hegam no me
anismo de bus
a, um servidorde índi
e pode en
ontrar algumas ou todas as listas invertidas no 
a
he do dis
o (emmemória). Assim, algumas 
onsultas podem não re
uperar nenhum dado do dis
o. Defato, durante nossos experimentos de validação, en
ontramos um número não desprezívelde tais 
onsultas.A �m de 
apturar o impa
to das demandas heterogêneas por re
ursos, re�namos nossomodelo do servidor de índi
e 
omo se segue. Primeiro, modelamos duas 
lasses de 
onsultasseparadamente: a 
lasse small (
onsultas 
om no máximo 2 termos) e a 
lasse large (
on-sultas 
om mais que 2 termos). Segundo, modelamos separadamente as demandas médiaspela CPU e dis
o, bem 
omo a probabilidade de a
erto total no 
a
he do dis
o (i.e., todasas listas invertidas são en
ontradas no 
a
he do dis
o), num servidor de índi
e para 
ada
lasse de 
onsultas. As 
onsultas da 
lasse large têm maiores demandas pela CPU e dis
ode um servidor de índi
e do que as 
onsultas da 
lasse small, enquanto as 
onsultas da
lasse small têm maiores probabilidades de a
erto total no 
a
he do dis
o de um servidorde índi
e do que as 
onsultas da 
lasse large. Além disso, assumimos que as 
onsultasxiv



podem ter demandas diferentes pela CPU dependendo se re
uperam algum dado do dis
o.Finalmente, dado que as 
onsultas são pro
essadas seqüen
ialmente por 
ada servidor deíndi
e, não existe �la em nenhum re
urso (nem na CPU nem no dis
o) de um servidor deíndi
e.Finalmente, o tempo gasto no broker 
onsiste prin
ipalmente de pro
essamento lo
alpara enviar a 
onsulta para todos os servidores de índi
e, re
eber os resultados par
iais detodos os servidores, e mes
lar os resultados par
iais re
ebidos, o que depende do número deservidores no 
luster. Observamos que o tempo de pro
essamento no broker é relativamentebaixo 
omparado ao tempo de resposta do sistema. Existem duas razões fundamentais paraisto. Primeiro, a operação do broker é realizada inteiramente usando a memória prin
ipal,assim demandando apenas o tempo da CPU ao 
ontrário da operação de um servidor deíndi
e que é 
omposta por demandas pela CPU e pelo dis
o. Segundo, todas as tarefasque o broker exe
uta são tarefas relativamente simples que não tomam muito tempo daCPU. Deve-se notar que o broker não tem que fazer 
omputações para gerar métri
as derelevân
ia para os do
umentos e não tem que exe
utar operações algébri
as, à ex
eção de
omparar identi�
adores de do
umentos. A Tabela 1 apresenta os parâmetros de entradado sistema e da 
arga de trabalho bem 
omo os parâmetros de saída do nosso modelo. Otempo médio de residên
ia de uma 
onsulta num re
urso é de�nido 
omo a soma entre otempo médio de espera e o tempo médio de serviço sobre todas as visitas ao re
urso.Modelo do Servidor de Índi
eEsta seção deriva o tempo médio de residên
ia de uma 
onsulta num servidor de índi
e.Considerando que as 
onsultas são pro
essadas uma de 
ada vez por 
ada servidor deíndi
e, não existe �la em nenhum re
urso (nem na CPU nem no dis
o) de um servidor deíndi
e. Assim, introduzimos aqui uma abstração para o servidor de índi
e 
omo um úni
o
entro de serviço, 
ujo tempo médio de serviço para a 
lasse r de 
onsultas é dado por:
Sserver

r = hitrD
server
cpuhit,r

+ (1− hitr)(D
server
cpumiss,r + Dserver

disk,r ) (1)O tempo médio de serviço de uma 
onsulta num servidor de índi
e é estimado 
omo amédia ponderada do tempo de serviço para 
ada 
lasse, 
om os pesos dados pelas vazõesrelativas:
Sserver =

R
∑

r=1

λr

λ
Sserver

r (2)xv



Tabela 1: Parâmetros de entrada e saída do nosso modelo.Entradas Des
rição
p Número de servidores de índi
e
R Número de 
lasses de 
onsultas
λr Taxa de 
hegada de 
onsultas da 
lasse r (r = 1 . . . R)
Sbroker

p Tempo médio de serviço de uma 
onsulta no broker para um 
luster 
om
p servidores de índi
e

Dserver
cpuhit,r

Demanda média pela CPU num servidor de índi
e para a 
lasse r de
onsultas que en
ontram todas as listas invertidas no 
a
he do dis
o
Dserver

cpumiss,r Demanda média pela CPU num servidor de índi
e para a 
lasse r de
onsultas que re
uperam dados do dis
o
Dserver

disk,r Demanda média pelo dis
o num servidor de índi
e para a 
lasse r de
onsultas
hitr Probabilidade de uma 
lasse r de 
onsultas en
ontrar todas as listasinvertidas no 
a
he do dis
oSaídas Des
rição
Rsystem Tempo médio de resposta do sistema
Rcluster Tempo médio de residên
ia de uma 
onsulta no subsistema de servidoresde índi
e
Rbroker

p Tempo médio de residên
ia de uma 
onsulta no broker para um 
luster
om p servidores de índi
e
Rserver Tempo médio de residên
ia de uma 
onsulta num servidor de índi
e
Rserver

r Tempo médio de residên
ia num servidor de índi
e para a 
lasse r de
onsultas
Sserver Tempo médio de serviço de uma 
onsulta num servidor de índi
e
Sserver

r Tempo médio de serviço num servidor de índi
e para a 
lasse r de 
on-sultas
Userver Utilização total de re
ursos de um servidor de índi
eUsando a Lei de Little [37℄, a utilização do 
entro de serviço representando um servidorde índi
e pela 
lasse r de 
onsultas pode ser estimado ao multipli
ar Sserver

r pela taxa dexvi




hegada de 
onsultas λr 
orrespondente. A utilização total do servidor pode ser 
al
ulada
omo:
Userver =

R
∑

r=1

λrS
server
r (3)Usando uma equação MVA para redes abertas [37℄, podemos estimar o tempo médiode residên
ia num servidor de índi
e para a 
lasse r de 
onsultas 
omo:

Rserver
r =

Sserver
r

1− Userver
(4)Finalmente, o tempo médio de residên
ia num servidor de índi
e é estimado 
omo amédia ponderada dos tempos de residên
ia para 
ada 
lasse 
omo:

Rserver =

R
∑

r=1

λr

λ
Rserver

r (5)Modelo do SistemaO tempo médio de resposta do sistema é a soma dos tempos médios de residên
ia no brokere no subsistema de servidores de índi
e. O tempo médio de residên
ia de uma 
onsultano broker para um 
luster 
om p servidores de índi
e pode ser fa
ilmente estimado usandoMVA 
omo:
Rbroker

p =
Sbroker

p

1− λSbroker
p

(6)Um limite inferior simples para o tempo médio de residên
ia no subsistema fork-joiné obtido ao ignorar os atrasos de sin
ronização e 
onsiderando que o tempo médio deresidên
ia no subsistema é igual ao tempo médio de residên
ia num servidor de índi
e (vejaEquação 5). Entretanto, à medida que o número de servidores de índi
e 
res
e, esperamosum desvio signi�
ante deste limite inferior devido aos 
ustos adi
ionais de sin
ronização.Um número de aproximações para modelos de �la 
om sin
ronização fork-join, 
omvários graus de 
omplexidade e pre
isão, estão disponíveis na literatura (veja [3,22,25,34,40, 54, 57�60, 64℄ e referên
ias nelas 
itadas). Nelson e Tantawi [40℄ propõem um limitesuperior muito simples para o tempo médio de resposta em redes de �las fork-join, quedepende apenas do número de servidores de índi
e p, e do tempo médio de serviço de uma
onsulta e utilização do servidor. Os dois últimos parâmetros são fa
ilmente estimadosusando as Equações 2 e 3. Dado o p-ésimo número harm�ni
o Hp = 1 + 1

2
+ 1

3
+ · · ·+ 1

p
, olimite superior é dado por:

Rcluster ≤ Hp

Sserver

1− Userver
(7)xvii



Combinando as Equações 5, 6, e 7, obtemos os seguintes limites para o tempo médiode resposta do sistema para nosso me
anismo de bus
a na Web:
Rserver + Rbroker

p ≤ Rsystem ≤ Hp

Sserver

1− Userver
+ Rbroker

p (8)Validação do SistemaUma série de experimentos de validação foram exe
utados num ambiente dedi
ado 
on-sistindo de um 
luster de 8 servidores de índi
e e um úni
o broker. Usamos uma 
oleção
omposta por 10 milhões de páginas 
oletadas pelo me
anismo de bus
a TodoBR da Webbrasileira em 2003. A 
oleção foi uniformemente distribuída através de 8 servidores deíndi
e, resultando numa sub
oleção lo
al de tamanho b = 1.25 milhões de páginas. O
onjunto de 
onsultas usado em nossos testes é 
omposto por 85, 604 
onsultas numa horade 
arga alta da série de 
onsultas TodoBR dobrada, que tem 
ara
terísti
as de tráfego
omumente en
ontradas em outras 
argas de me
anismos de bus
a no mundo.Os valores dos parâmetros de entrada do modelo foram fa
ilmente obtidos ao re
upe-rar estatísti
as 
oletadas pelo sistema opera
ional Linux e disponibilizadas no sistema dearquivos /pro
, durante o experimento. A Tabela 2 apresenta os valores dos parâmetrosde entrada do modelo obtidos em nossos experimentos. As demandas pelos re
ursos dosservidores de índi
e e as probabilidades de a
erto são médias para todos os servidores.A Figura 9 mostra o tempo médio de residên
ia de uma 
onsulta num servidor de índi
e,
al
ulada a média sobre todos os servidores de índi
e, em função da taxa de 
hegada de
onsultas. A 
urva �estimado� representa os resultados obtidos 
om a Equação 5, ao passoque a 
urva �medido� 
ontém a média dos tempos de residên
ia medidos em todos os
8 servidores de índi
e. Como mostrado na Figura 9, nosso modelo 
aptura razoavelmentebem o desempenho médio de um servidor de índi
e típi
o. Para uma taxa de 
hegada de
28 
onsultas/segundo, o servidor de índi
e está se aproximando do seu ponto de saturação.Para esta 
arga, o erro introduzido pelo nosso modelo é de apenas 25%, razoavelmentepequeno para estimativas de tempo de resposta [37℄.As Figuras 10 e 11 mostram resultados experimentais bem 
omo o limite inferior e su-perior, estimados pela Equação 8, em função da taxa de 
hegada e do número de servidoresde índi
e, respe
tivamente. Na Figura 11, a �m de fazer uma 
omparação justa, manti-vemos o tamanho da sub
oleção b �xa variando apenas o número total de servidores p e,indiretamente, o tamanho da 
oleção total n = pb.xviii



Tabela 2: Valores dos parâmetros de entrada do modelo.Parâmetro ValorClasse small Classe large
p (≤) 8 servidores
b 1.25 milhões de páginas
Sbroker

p , p = 2 0.33 ms
Sbroker

p , p = 4 0.39 ms
Sbroker

p , p = 8 0.52 ms
Dserver

cpuhit,r
87.72 ms 12.92 ms

Dserver
cpumiss,r 6.36 ms 18.71 ms

Dserver
disk,r 19.47 ms 46.12 ms

hitr 0.20 0.11

λr/λ 0.73 0.27Como as Figuras 10 e 11 mostram, o limite inferior é uma boa aproximação parasistemas 
om um número pequeno de servidores de índi
e e/ou servidores pou
o sobre
ar-regados. Entretanto, à medida que a 
arga ou o número de servidores de índi
e aumenta, otempo medido de resposta do sistema desvia signi�
ativamente do limite inferior devido ao
usto adi
ional de sin
ronização. Isto 
ontrasta 
om trabalhos anteriores que des
onside-ram o desbalan
eamento nos tempos de serviço das 
onsultas entre os servidores de índi
ehomogêneos [23℄. De fato, vemos que o tempo medido de resposta do sistema aproxima-sedo limite superior para números grandes de servidores de índi
e e 
argas pesadas. Emparti
ular, para p = 8 servidores de índi
e e uma taxa de 
hegada de λ = 28 
onsul-tas/segundo, o erro na aproximação é de apenas 7%. Portanto, o limite-superior provêum aproximação simples de 
omputar e razoavelmente pre
isa do tempo de resposta dosistema de me
anismos de bus
a na Web realísti
os e tipi
amente sobre 
arregados.Um Exemplo de Apli
abilidade do ModeloNesta seção, dis
utimos 
omo usar nosso modelo para o planejamento de 
apa
idade deme
anismos de bus
a na Web de larga es
ala. Assumimos uma 
oleção de 20 bilhões depáginas, que é o tamanho dos índi
es do Google e Yahoo levado a públi
o [24℄. Assumimosxix
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Figura 11: Tempo médio de resposta do sistema em função do número de servidores deíndi
e p (λ = 28 
onsultas/segundo).também que 
ada servidor de índi
e armazena uma sub
oleção de tamanho b = 10 mi-lhões de páginas � a maior 
oleção que temos disponível para experimentação, o querequer 2, 000 servidores de índi
e para hospedar a 
oleção inteira. Para obter os parâ-metros do modelo do servidor de índi
e, exe
utamos experimentos num úni
o servidor deíndi
e. Usamos uma 
oleção 
omposta por aproximadamente 10 milhões de páginas 
o-letadas pelo me
anismo de bus
a TodoBR da Web brasileira em 2003. Baseados nestesexperimentos, determinamos os valores dos parâmetros do modelo do servidor de índi
e,tais 
omo as demandas médias pela CPU e dis
o, e a probabilidade de a
erto total no
a
he do dis
o de um servidor de índi
e para 
ada 
lasse de 
onsultas. Para obter otempo médio de serviço de uma 
onsulta no broker em função de 2, 000 servidores de ín-di
e (Sbroker
p , p = 2, 000), ajustamos uma linha reta para os valores de Sbroker

p (p = 2, 4, 8)estimados durante nossos experimentos de validação (veja a Tabela 2). En
ontramos umaaproximação bastante pre
isa dada por Sbroker
p = 3.18e−5p + 0.000265, a qual usamos paraderivar Sbroker

p = 15.96 milisegundos para p = 2, 000. A Tabela 3 apresenta os novosvalores dos parâmetros de entrada do modelo usados em nosso exemplo.Uma vez que os parâmetros do modelo são 
omputados, pode-se apli
ar o modelo paraderivar as métri
as de desempenho de interesse. Considere que o gerente do me
anismoxxi



Tabela 3: Novos valores dos parâmetros de entrada do modelo usados em nosso exemplo.Parâmetro ValorClasse small Classe large
p 2, 000 servidores
b 10 milhões de páginas
Sbroker

p 15.96 ms
Dserver

cpuhit,r
27.13 ms 72.33 ms

Dserver
cpumiss,r 28.44 ms 92.24 ms

Dserver
disk,r 41.78 ms 111.39 ms

hitr 0.30 0.18

λr/λ 0.73 0.27

de bus
a na Web quer garantir que o tempo médio de resposta do sistema não ex
ederá
300 milisegundos. Considere também que o gerente tem o objetivo de suportar uma taxade 
hegada de 
onsultas de 1, 000 
onsultas/segundo. Usando o modelo 
om os parâmetrosdes
ritos na Tabela 3, 
al
ulamos o limite superior para o tempo médio de resposta dosistema em função da taxa de 
hegada de 
onsultas. A Figura 12 mostra o limite superiorpara o tempo médio de resposta do sistema em função da taxa de 
hegada de 
onsultas.A 
urva �sistema de base� representa os resultados derivados pelo modelo 
om os parâme-tros estimados experimentalmente (veja a Tabela 3). Os resultados para a 
urva �sistemade base� indi
am que, mesmo em baixas taxas, o limite superior para o tempo médio deresposta do sistema ex
ede o limite de�nido pela gerên
ia do me
anismo de bus
a na Web.Queremos avaliar que tipo de otimização nos re
ursos das máquinas pode reduzir o tempomédio de resposta do sistema para menos do que 300 milisegundos. Para isto, 
onsidera-mos três 
enários. Também na Figura 12, as 
urvas rotuladas de �dis
os 4x�, �CPUs 4x�, e�CPUs/dis
os 4x� representam o limite superior para o tempo médio de resposta do sistemapara os 
enários onde as CPUs são quatro vezes mais rápidas, os dis
os são quatro vezesmais rápidos, e as CPUs e dis
os são ambos quatro vezes mais rápidos, respe
tivamente.Estes são os três 
enários analisados a seguir.Cenário 1 - Dis
os são quatro vezes mais rápidos.No primeiro 
enário, queremos avaliar o impa
to no tempo de resposta de uma 
onsultaxxii



de dis
os que são quatro vezes mais rápidos do que aqueles em uso. Isto é re�etido noparâmetro do modelo ao dividir a demanda pelo dis
o por um fator de quatro. A soluçãodo modelo 
om os novos parâmetros produz o novo limite superior para o tempo médiode resposta do sistema. Os resultados mostram que o limite superior para o tempo médiode resposta do sistema diminui signi�
ativamente, 
om ganhos de 7.49 vezes aproxima-damente sobre o sistema de base quando o mesmo está se aproximando do seu ponto desaturação (λ = 10 
onsultas/segundo). Também observamos que a taxa de 
hegada supor-tada (λ = 15 
onsultas/segundo) aumenta 1.50 vezes aproximadamente quando 
omparadaà taxa de 
hegada suportada pelo sistema de base (λ = 10 
onsultas/segundo). Entretanto,o limite superior ainda ex
ede o limite de�nido mesmo em 
argas leves.Cenário 2 - CPUs são quatro vezes mais rápidas.No segundo 
enário, queremos avaliar o impa
to no tempo de resposta de uma 
onsulta deCPUs que são quatro vezes mais rápidas. A maneira de modelar as novas CPUs é dividira demanda pela CPU por um fator de quatro. Usando o modelo, 
al
ulamos o novo limitesuperior para o tempo médio de resposta do sistema. Os resultados indi
am que a 
on�-guração 
om CPUs mais rápidas supera ligeiramente o desempenho da 
on�guração 
omdis
os mais rápidos, 
om ganhos de 8.26 vezes aproximadamente quando o sistema de baseestá se aproximando da saturação. Também observamos que a taxa de 
hegada suportada(λ = 16 
onsultas/segundo) aumenta 1.60 vezes aproximadamente quando 
omparada àtaxa de 
hegada suportada pelo sistema de base (λ = 10 
onsultas/segundo). Entretanto,o limite superior ainda ex
ede o limite de�nido mesmo em 
argas leves (
omo no Cenário1).Cenário 3 - CPUs e dis
os são ambos quatro vezes mais rápidos.No ter
eiro 
enário, queremos veri�
ar o impa
to no tempo de resposta de uma 
onsultade CPUs e dis
os que são ambos quatro vezes mais rápidos. Para modelar os novos re-
ursos, dividimos as demandas pela CPU e pelo dis
o por quatro. A solução do modelo
om os novos parâmetros produz o novo limite superior para o tempo médio de respostado sistema. Os resultados indi
am que o tempo médio de resposta do sistema é menordo que 297 milisegundos numa taxa de 
hegada de 14 
onsultas/segundo, o que satisfazo objetivo de nível de serviço para o me
anismo de bus
a na Web de 300 milisegundospor 
onsulta. Os resultados também mostram uma redução notável no limite superiorpara o tempo médio de resposta do sistema, 
om ganhos de 35.90 vezes aproximadamentesobre o sistema de base quando o mesmo está se aproximando do seu ponto de saturaçãoxxiii



(λ = 10 
onsultas/segundo). Além disso, observamos um aumento expressivo na taxa de
hegada suportada (λ = 42 
onsultas/segundo), 
om ganhos de 4.20 vezes aproximada-mente sobre o sistema de base (λ = 10 
onsultas/segundo).Ainda temos que satisfazer o objetivo de suportar uma taxa de 
hegada de 
onsultas de
1, 000 
onsultas/segundo. Para suportar uma taxa de 
hegada de 
onsultas mais elevada, o
luster de servidores de índi
e é usualmente repli
ado [14,18,45℄. Repli
ação envolve 
ustosadi
ionais relativamente pequenos, podendo-se esperar ganhos aproximadamente linearesna taxa de 
hegada de 
onsultas suportada em função do número de sistemas repli
ados.O objetivo de suportar uma taxa de 
hegada de 
onsultas de 1, 000 
onsultas/segundopode ser atingido ao 
riar 72 répli
as do 
luster de 2, 000 servidores de índi
e, 
ada ré-pli
a suportando uma taxa de 
hegada de 14 
onsultas/segundo e garantindo um tempode resposta de 297 milisegundos. Portanto, nosso modelo indi
a que um 
luster 
ompostopor 144, 000 servidores de índi
e (72 répli
as do 
luster × 2, 000 servidores de índi
e num
luster) atingiria o desempenho desejado. Algumas espe
ulações sugerem que me
anismosde bus
a na Web de larga es
ala podem de fato adotar 
lusters 
om vários milhares de má-quinas, mas, até onde sabemos, não existem dados disponíveis publi
amente para suportaresta informação. Se 
ada servidor de índi
e manipular uma sub
oleção maior, o númerototal de servidores num 
luster pode ser menor. Assim, deve-se ser 
auteloso antes deextrapolar nossos resultados ilustrativos para um 
luster arbitrário de qualquer me
anismode bus
a na Web. Neste 
aso, para outras 
oleções de do
umentos e para outras máquinas,os parâmetros do nosso modelo podem ser estimados experimentalmente.Este exemplo mostra 
omo um modelo de planejamento de 
apa
idade razoavelmente pre-
iso provê uma ferramenta muito útil para a gerên
ia apropriada de serviços modernos debus
a na Web baseados em 
luster.
Con
lusõesNesta tese, provemos um ar
abouço para o projeto e análise da infra-estrutura de me
anis-mos de bus
a na Web. Neste ar
abouço (i) investigamos e analisamos o desbalan
eamentoentre os servidores de índi
e homogêneos num 
luster para pro
essamento paralelo de 
on-sultas e (ii) propusemos um modelo de planejamento de 
apa
idade para me
anismos debus
a na Web. xxiv
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Figura 12: Limite superior para o tempo médio de resposta do sistema em função da taxade 
hegada de 
onsultas derivado em nosso exemplo.Analisando o Desbalan
eamento entre os Servidores de Índi
e Ho-mogêneosComo resultado da nossa análise da questão do desbalan
eamento, veri�
amos que o 
e-nário idealizado, que supõe tempos de serviço balan
eados 
omo uma 
onseqüên
ia dadistribuição uniforme de dados entre os servidores de índi
e homogêneos, é improvável dea
onte
er na práti
a. Esta é uma 
ontribuição importante porque 
ontradiz uma suposi-ção usual de tempos de serviço balan
eados feita por muitos modelos teóri
os na literaturapara simpli�
ar sua tarefa de modelagem [20, 23, 44℄. Nossas des
obertas são derivadas deuma análise experimental detalhada usando um sistema de re
uperação de informação edados reais obtidos de um me
anismo de bus
a real. Além de veri�
ar a presença de um
erto nível de desbalan
eamento entre os servidores de índi
e homogêneos, identi�
amos e
ara
terizamos as prin
ipais fontes deste desbalan
eamento inesperado.O prin
ipal fator para o desbalan
eamento é o uso do 
a
he do dis
o nos diferentes ser-vidores de índi
e. Veri�
amos que o desbalan
eamento para 
ada 
onsulta aumenta 
om onúmero de servidores de índi
e que re
uperam os do
umentos ne
essários do 
a
he do dis
o.Por um lado, o pior 
aso para o desbalan
eamento é al
ançado quando um úni
o servidorxxv



de índi
e realmente a
essa o dis
o para re
uperar do
umentos enquanto todos os servidoresrestantes usam o 
a
he do dis
o para a mesma 
onsulta. Por outro lado, o melhor 
asopara evitar desbalan
eamento é al
ançado quando todos os servidores de índi
e operam naregião do 
a
he, levando assim a tempos de a
esso a dis
o relativamente menores e similaresatravés do 
luster de servidores. Outra fonte de desbalan
eamento identi�
ada é o tama-nho da memória prin
ipal dos servidores de índi
e homogêneos, que afeta a disponibilidadede re
ursos para o uso do 
a
he do dis
o nos servidores. Veri�
amos que o desbalan
ea-mento médio diminui enquanto o tamanho da memória prin
ipal aumenta. Outra fonte dedesbalan
eamento identi�
ada é o número de servidores de índi
e no 
luster. Veri�
amosque, para um tamanho �xo de memória prin
ipal, o desbalan
eamento médio nos temposde serviço entre os servidores de índi
e aumenta 
om o número de servidores no 
luster.
Um Modelo de Planejamento de Capa
idade para Me
anismos deBus
a na WebTambém, propusemos um modelo de planejamento de 
apa
idade para me
anismos debus
a na Web que 
onsidera o desbalan
eamento nos tempos de serviço de uma 
onsultaentre os servidores de índi
e homogêneos. Nosso modelo, baseado na teoria de �las, é sim-ples e razoavelmente pre
iso. Para ajustar o modelo, exe
utamos experimentos num 
lusterpequeno de servidores de índi
e. Uma vez ajustado, 
omparamos as predições do nossomodelo 
om os resultados medidos empiri
amente e en
ontramos grande 
on
ordân
ia. Atémesmo no ponto de saturação, as predições do nosso modelo foram razoavelmente pre
isas.Também, ilustramos 
omo apli
ar nosso modelo para predizer o tempo de resposta de uma
onsulta ao adotar CPUs e dis
os mais rápidos do que aqueles em uso. Consideramos um
enário realísti
o, onde uma 
oleção de 20 bilhões de do
umentos é distribuída através de
2, 000 servidores de índi
e. Em nosso exemplo, mostramos que o gerente de um me
anismode bus
a pode rapidamente predizer limites superiores para o tempo de resposta de uma
onsulta sem ter que exe
utar experimentos.Dada a 
omplexidade da manutenção de me
anismos de bus
a, e a simpli
idade erazoável pre
isão do nosso modelo, a
reditamos que nosso modelo pode ser muito útil napráti
a. xxvi



Trabalho FuturoUma direção para trabalho futuro é estender nosso modelo de planejamento de 
apa
idadepara suportar múltiplas threads de pro
essamento nos servidores de índi
e. Outra direçãopara pesquisa é melhorar nosso modelo para estimar a função de distribuição do tempo deresposta de uma 
onsulta. A partir desta distribuição, pode-se en
ontrar seus per
entis.Esta solução é útil se o gerente de um me
anismo de bus
a na Web exigir que o q-per
entildo tempo de resposta esperado de uma 
onsulta seja menor ou igual a um limite de�nido.Uma outra direção para pesquisa futura é modelar 
a
hing dos resultados das 
onsultas� que permite ao me
anismo de bus
a responder 
onsultas repetidas re
entemente a um
usto muito baixo desde que não é ne
essário pro
essar estas 
onsultas � e 
a
hing daslistas invertidas dos termos das 
onsultas � que melhora o tempo de pro
essamento de no-vas 
onsultas que in
luem pelo menos um termo 
uja lista está guardada em memória [48℄.Uma outra direção para pesquisa é identi�
ar e analisar as razões para o uso do 
a
hedo dis
o, e eventualmente modelar a probabilidade de a
erto no 
a
he do dis
o. Algunselementos que afetam o uso do 
a
he do dis
o são a lo
alidade de referên
ia temporal das
onsultas e termos das 
onsultas no tráfego de entrada, a lo
alidade de referên
ia espa
ialdas listas invertidas dos termos das 
onsultas no dis
o, e o tamanho da memória prin
ipal.Uma outra direção para trabalho futuro é veri�
ar, através de simulação, a pre
isão daspredições de nosso modelo para me
anismos de bus
a na Web de larga es
ala, que 
ontam
om 
lusters 
om milhares de servidores de índi
e para suportar 
oleções 
ompostas porbilhões de do
umentos. Seria importante 
onsiderar um 
luster 
omposto por p servidoresde índi
e, tal que p é grande o su�
iente para armazenar o índi
e de uma 
oleção de
20 bilhões de páginas, que é o tamanho dos índi
es do Google e Yahoo levado a públi
o [24℄.É difí
il obter grandes 
oleções de do
umentos usadas pelos me
anismos de bus
a na Webpara gerar uma página de resposta pra 
ada 
onsulta re
ebida. A razão é que o 
onjunto dedo
umentos 
oletados é visto 
omo informação estratégi
a e proprietária pelos prin
ipaisoperadores de bus
a na Web. De fato, durante o 
urso desta tese, tivemos a
esso apenasa uma 
oleção de do
umentos 
omposta por aproximadamente 10 milhões de páginas Web
oletadas pelo me
anismo de bus
a TodoBR da Web brasileira em 2003. Uma soluçãoseria gerar uma 
oleção sintéti
a de do
umentos grande, a partir de distribuições que sãobaseadas em estatísti
as provenientes de 
onjuntos de dados reais.Uma outra direção para pesquisa futura é desenvolver uma abordagem para en
ontrar aarquitetura ótima para um me
anismo de bus
a na Web em termos de 
usto, que 
ombineas estratégias de parti
ionamento e repli
ação a �m de satisfazer requisitos opera
ionaisxxvii



para o tempo de resposta de uma 
onsulta, vazão de 
onsultas, e utilização do servidor.O 
usto é dado pelo número de servidores de índi
e na arquitetura. Portanto, o objetivoseria satisfazer os três requisitos opera
ionais 
om o menor número de servidores de índi
e.Este objetivo pode ser formalizado ao minimizar a função de 
usto:
c = p× r (9)ao mesmo tempo satisfazendo os seguintes requisitos opera
ionais:

ft(p, r, X) ≤ T (10)
fu(p, r, X) ≤ Uonde r é o número de repli
ações (de um 
luster de servidores de índi
e); p é o númerode partições do índi
e (através dos servidores de índi
e num 
luster); T é o requisito parao tempo de resposta; U é o requisito para a utilização; X é o requisito para a vazão;e ft(p, r, X) e fu(p, r, X) 
al
ulam tempo de resposta e utilização, respe
tivamente, parauma dada vazão X e uma dada arquitetura onde o índi
e é parti
ionado em p divisões erepli
ado r vezes.
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Glossary
A
ronymsCCDF: Complementary Cumulative Distribution Fun
tion, a fun
tion 
omplementary tothe Cumulative Distribution Fun
tion.CDF: Cumulative Distribution Fun
tion, a fun
tion that 
ompletely des
ribes the prob-ability distribution of a random variable.FCFS: First-Come First-Served, a queueing dis
ipline in whi
h requests are served in theorder of arrival at a queue.PDF: Probability Density Fun
tion, a fun
tion that represents a probability distributionin terms of integrals.PMF: Probability Mass Fun
tion, a fun
tion that gives the probability that a dis
reterandom variable is exa
tly equal to some value. A probability mass fun
tion di�ersfrom a probability density fun
tion in that the values of the latter, de�ned only for
ontinuous random variables, are not probabilities; rather, its integral over a set ofpossible values of the random variable is a probability.MVA: Mean Value Analysis, an e�
ient algorithm to solve produ
t-form queueing net-works and obtain mean values for queue lengths and response times.Parameters
α: parameter of a Zipf's distribution.
b: size of the sub
olle
tion stored by an index server.i



Dserver
cpuhit,r

: average demand for CPU at an index server for 
lass r queries that �nd allinverted lists in the disk 
a
he.
Dserver

cpumiss,r: average demand for CPU at an index server for 
lass r queries that retrieve datafrom disk.
Dserver

disk,r : average disk demand at an index server for 
lass r queries.
hitr: probability of a 
lass r query �nding all inverted lists in the disk 
a
he.
idfi: inverse do
ument frequen
y of the term ki.
λ: query arrival rate.
λr: query arrival rate for 
lass r (r = 1 . . .R).
n: size of the whole do
ument 
olle
tion.
p: number of index servers in a 
luster.
R: number of query 
lasses.
Rbroker

p : average query residen
e time at the broker for a 
luster with p index servers.
Rcluster: average query residen
e time at the index server subsystem.
Rserver: average query residen
e time at an index server.
Rserver

r : average residen
e time for 
lass r queries at an index server.
Rsystem: average query system response time.
Sbroker

p : average query servi
e time at the broker for a 
luster with p index servers.
Sserver: average query servi
e time at an index server.
Sserver

r : average servi
e time for 
lass r queries at an index server.
tfi,j: number of times the term ki o

urs in do
ument dj.
Userver: total resour
e utilization of an index server.

j



Chapter 1Introdu
tion
1.1 MotivationThe World Wide Web dates from the end of the 1980s [17℄ and no one 
ould have imaginedits 
urrent impa
t. The boom in the use of the Web and its exponential growth are nowwell known. Just the amount of textual data available is estimated to be in the orderof hundreds of terabytes. In addition, other media, su
h as images, audio, and video,are also available. This triggers the need for e�
ient tools to manage, retrieve, and �lterinformation from this huge and diversi�ed database.Sear
h engines have be
ome an essential and popular tool for dealing with the hugeamount of information found on the Web. A survey by iProspe
t [30℄ reveals that 35.1%of the Internet users use sear
h engines at least on
e a day, 21.2% use sear
h engines fouror more times a day, and 22.7% use sear
h engines multiple times a week, whi
h indi
atesthat sear
h engine usage is a popular type of online a
tivity.Further, sear
h engines are 
urrently a 
riti
al 
omponent of Web e
onomy. The tremen-dous su

ess of keyword targeted advertising has fuelled Web e
onomy to new heights. Infa
t, in 2004 Ameri
an 
ompanies spent between 9 and 10 billion dollars in online adver-tising to promote their produ
ts and servi
es [29℄. Around 40 − 50% of this amount isestimated to have been spent on sear
h advertising. A

ording to JupiterResear
h pro-je
tions, by 2010, sear
h advertising alone will represent a market of 18.9 billion [29℄.Additionally, sear
h engines are expe
ted to play a major role in the 
ontext of 
orporatesear
h, i.e., installing sear
h engines in the Intranets of large 
ompanies to sift through thevast amounts of data produ
ed internally. Fairly re
ent announ
ements of new produ
ts bymajor players, su
h as Google [26℄ and Yahoo [63℄, indi
ate a rising interest in 
orporate1



2 CHAPTER 1. INTRODUCTIONsear
h. In this 
ase, the interest of the 
orporation is on 
ompiling and organizing theinformation it generates regarding its own business, using information on the business asa de fa
to asset.Web sear
h engines require a huge amount of 
omputational resour
es to handle thein
oming query tra�
, whi
h is often 
hara
terized by high peak requirements. Further,the fa
t that the number of do
uments available on the Web keeps growing 
onsistently�there are now at least 20 billion do
uments in the Web [24℄�makes the problem even more
hallenging. To 
ope with these requirements, modern Web sear
h engines rely on 
lustersof server ma
hines for query pro
essing [14, 18, 45℄.The ar
hite
ture of a typi
al Web sear
h engine is 
omposed of 
lusters of index servers,with the do
uments partitioned among them (ea
h index server stores a part of the do
u-ment 
olle
tion and an index for it). This ar
hite
ture is usually referred to as do
umentpartitioning and is preferred be
ause it simpli�es maintenan
e, simpli�es the generation ofthe index (whi
h 
an be done lo
ally), and degrades gra
efully (be
ause the failure of anindex server does not prevent any query from being answered, though the �nal answer setmight not 
ontain all the relevant do
uments in the 
olle
tion). The 
luster also in
ludesa broker that 
ommuni
ates with the various index servers.A new user query rea
hes the sear
h engine through the broker, whi
h sends a 
opyof it to ea
h index server for lo
al pro
essing. Typi
ally, ea
h index server returns its top
10 ranked do
uments to the broker, whi
h runs a merge in pla
e to determine the �nal
10 answers to be sent to the user.The pro
essing of a query 
an be split into two 
onse
utive major phases [14℄. A�rst phase whi
h 
onsists of retrieving referen
es to the do
uments that 
ontain all queryterms and ranking them a

ording to some relevan
e metri
 (usually done by the indexservers). A se
ond phase whi
h 
onsists of taking the top ranked answers, typi
ally 10,and generating snippets, title, and URL information for ea
h of them (usually done by a
luster of do
ument servers, ea
h one holding a part of the do
ument 
olle
tion). Whilethis se
ond phase has roughly 
onstant 
ost, independently of the size of the do
ument
olle
tion, the �rst phase has a 
ost that in
reases with the size of the 
olle
tion. Therefore,the performan
e of the �rst phase is 
ru
ial for maintaining the s
alability of modern sear
hengines that deal with an ever-in
reasing amount of Web do
uments.Given the 
omplexity involved in designing e�
ient Web sear
h engines and the key rolesu
h systems play in Internet usage nowadays, it is of utmost importan
e to understand thebehavior of Web sear
h engines. This is essential for the performan
e analysis and 
apa
ity



1.2. OBJECTIVES AND CONTRIBUTIONS 3planning of su
h systems in order to allow them to properly fa
e the ever-in
reasing demandusers are submitting them to.1.2 Obje
tives and ContributionsThe obje
tive of this thesis is to provide a performan
e framework for the design andanalysis of the infrastru
ture of Web sear
h engines. Our goal is to have a simple andreasonably a

urate tool that 
an answer 
apa
ity planning questions su
h as:(i) Given a 
olle
tion 
omposed of n do
uments distributed over p ma
hines, what kindof average query response time guarantees one 
an expe
t?(ii) What kind of optimization in ma
hine resour
es might yield a redu
tion in the averagequery response time to meet a servi
e level obje
tive de�ned by the management ofthe Web sear
h engine?(iii) What is the minimum number of repli
ations of the 
luster of index servers that willguarantee that, on the average, the query response time on a peak period will notex
eed the threshold de�ned by the management of the Web sear
h engine?In this thesis, we analyze the performan
e of retrieving the most relevant do
uments fora given user query, i.e., the �rst phase of the query pro
essing task. The major 
ontributionsof this thesis are:
• Investigation and analysis of the imbalan
e issue in a 
omputational 
luster for par-allel query pro
essing 
omposed of homogeneous index servers, as presented in Chap-ter 4. We verify in pra
ti
e a 
onsistent imbalan
e per query in the servi
e time atindex servers, even though the distribution of sizes of inverted lists at the variousservers are quite balan
ed. This is an important experimental result be
ause our �nd-ings 
ontradi
t the usual assumption of balan
ed servi
e times adopted by previoustheoreti
al models found in the literature. Moreover, we identify and fully analyzethe main sour
es of imbalan
e: the use of disk 
a
he, the size of main memory in thehomogeneous index servers, and the number of index servers in the 
luster.
• A 
apa
ity planning model for Web sear
h engines that 
onsiders the imbalan
e inquery servi
e times among homogeneous index servers, as presented in Chapter 5.Our model, whi
h relies on a queueing-based analyti
al model, is simple and yet



4 CHAPTER 1. INTRODUCTIONreasonably a

urate. To set up the parameters of our model, we run experimentson a small 
luster of index servers. On
e the key parameters have been estimated,we verify the a

ura
y of the model by 
omparing its predi
tions with experimentalresults also produ
ed using the small 
luster of index servers. Finally, we illustratehow to use our model to predi
t query response time when adopting faster CPUsand disks than those in use. We 
onsider a realisti
 s
enario, where a 
olle
tion of
20 billion do
uments is distributed over 2, 000 index servers.
• Chara
terization of four query datasets with millions of queries representing the queryworkload of two Brazilian sear
h engines, namely TodoBR1 [55℄ and Radix [42℄, andtwo worldwide sear
h engines, namely AllTheWeb [1℄ and Altavista [2℄, as presentedin Se
tion 5.2. A subset of 85, 604 queries in a high-load hour of the TodoBR querydataset is used for a series of validation experiments of the 
apa
ity planning modelfor Web sear
h engines. Our �ndings show that (i) the distribution of queries andof terms in queries through the four 
onsidered datasets follow a Zipf's distribution;(ii) queries 
ontaining two or fewer terms are the most frequent for all 
onsidereddatasets; (iii) there is a periodi
 behavior on the query workload through the fourquery datasets; and (iv) interarrival times of queries in the TodoBR dataset followan Exponential distribution.1.3 Organization of this ThesisThis thesis is organized as follows. Chapter 2 introdu
es basi
 
on
epts related to ourperforman
e framework for the design and analysis of the infrastru
ture of Web sear
hengines. Chapter 3 dis
usses the related work in four key areas to the 
apa
ity planning forWeb sear
h engines: index organization, system ar
hite
ture, workload 
hara
terization,and performan
e modeling. Chapter 4 investigates and analyzes the imbalan
e issue ina 
omputational 
luster 
omposed of homogeneous index servers. Chapter 5 proposes a
apa
ity planning model for Web sear
h engines. Our 
on
lusions and future work followin Chapter 6.
1TodoBR is a trademark of Akwan Information Te
hnologies, whi
h was a
quired by Google in July2005.



Chapter 2Basi
 Con
eptsIn this 
hapter, we introdu
e basi
 
on
epts related to our performan
e framework for thedesign and analysis of the infrastru
ture of Web sear
h engines. Se
tion 2.1 presents thear
hite
ture of our system, des
ribing the 
luster of index servers in Se
tion 2.1.1, the indexorganization in Se
tion 2.1.2, the ranking strategy in Se
tion 2.1.3, and the parallel querypro
essing te
hnique in Se
tion 2.1.4. Se
tion 2.2 presents queueing networks for systemperforman
e evaluation and predi
tion, in
luding multiple-
lass produ
t-form queueingnetworks in Se
tion 2.2.1 and fork-join queueing networks in Se
tion 2.2.2.2.1 An Ar
hite
ture for Web Sear
h Engines2.1.1 Cluster of Index ServersModern Web sear
h engines typi
ally rely on 
omputational 
lusters for query pro
ess-ing [14,18,45℄. Su
h 
luster is 
omposed of a single broker and p index servers. Figure 2.1illustrates this ar
hite
ture for a typi
al Web sear
h engine. Let n be the size of the wholedo
ument 
olle
tion. Assuming that the do
uments are uniformly distributed among the
p index servers, the size b of any lo
al sub
olle
tion is then given by b = n/p.The broker re
eives user queries from 
lient nodes and forwards them to the indexservers, triggering the parallel query pro
essing through the p lo
al sub
olle
tions. Ea
hindex server sear
hes its own lo
al sub
olle
tion and produ
es a partial ranked answer.These partial ranked answers are then sent to the broker where they are 
ombined throughan in-memory merging operation. The �nal list of ranked do
uments is then sent ba
k tothe user. 5
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Index
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Index
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Index
server p
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Client

. . .Figure 2.1: Ar
hite
ture of a typi
al sear
h engine.For the moment we disregard appli
ation-level 
a
hing�neither of query results at thebroker nor of lists of do
uments at the index servers. We model, however, the e�e
ts of disk
a
he at the index servers, whi
h is natively implemented by the lo
al operating system.We note that the des
ribed ar
hite
ture is for a single query pro
essing 
luster, whi
h
onstitutes the basi
 unit of modern sear
h engines. Large s
ale modern Web sear
h enginesbasi
ally repli
ates this 
luster unit for supporting a higher query arrival rate [14, 18, 45℄.2.1.2 Inverted IndexAn inverted index [12, 62℄ is typi
ally adopted as the indexing stru
ture for ea
h sub
ol-le
tion. Inverted �les are useful be
ause they 
an be sear
hed based mostly on the set ofdistin
t words in all do
uments of the 
olle
tion. They are simple data stru
tures that per-form well when the pattern to be sear
hed for is formed by 
onjun
tions and disjun
tionsof words.The stru
ture of our inverted indexes is as follows. It is 
omposed of a vo
abulary and aset of inverted lists. The vo
abulary is the set of all unique terms (words) in the do
ument
olle
tion. Ea
h term in the vo
abulary is asso
iated with an inverted list that 
ontains anentry for ea
h do
ument in whi
h the term o

urs. Ea
h entry is 
omposed of a do
umentidenti�er and the within-do
ument frequen
y tfi,j representing the number of o

urren
esof term ki within the do
ument dj.The do
uments of the whole 
olle
tion are randomly distributed among the p indexservers, a poli
y that works �ne in balan
ing the distributions of the sizes of the inverted
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ompose the lo
al inverted indexes [5, 7, 8℄, as further detailed in Se
tion 4.3.1.The size of ea
h lo
al inverted index is O(n/p), where n is the size of the whole do
ument
olle
tion. This type of index organization, hereafter referred to as do
ument partitioning,is 
urrently the de fa
to standard in all major sear
h engines [14, 45℄.2.1.3 Ve
tor Spa
e ModelIn this work, we use the standard ve
tor spa
e model [47℄ to rank the do
uments retrievedfrom the index servers. Modern sear
h engines also adopt link-based ranking, su
h asPageRank [19℄, 
ombined with a text-based ranking, su
h as the ve
tor spa
e model, to rankdo
uments. However, sin
e link information is pre-
omputed o�ine as a global measure,its usage has only modest impa
t on performan
e. Note that no matter the 
omplexityof the adopted information retrieval algorithm, our model 
an 
apture the behavior ofthe algorithm be
ause of its experimental basis (further details in Chapter 5). Thus, ourapproa
h remains realisti
.In the ve
tor spa
e model, do
uments and queries are represented as ve
tors in a spa
e
omposed of the terms in the vo
abulary of the 
olle
tion. With every term ki in a do
u-ment dj is asso
iated a weight wi,j. In this way, a do
ument dj is represented as a ve
torof term weights ~dj = (w1,j, w2,j, ..., wt,j), where t is the total number of distin
t termsin the entire do
ument 
olle
tion. Ea
h wi,j weight re�e
ts the importan
e of term ki indo
ument dj and is usually 
omputed as:
wi,j = tfi,j × idfi (2.1)The term frequen
y tfi,j is simply the number of times the term ki o

urs in do
u-ment dj. The tf fa
tor provides one measure of how well that term des
ribes the do
ument
ontents. The inverse do
ument frequen
y idfi is a measure of the general importan
e ofthe term ki and is usually 
omputed as:

idfi = log
N

ni

(2.2)where ni is the number of do
uments in whi
h ki o

urs and N is the total number ofdo
uments in the 
olle
tion. The motivation for usage of an idf fa
tor is that terms whi
happear in many do
uments are not very useful for distinguishing a relevant do
ument froma non-relevant one. The expression for wi,j is usually referred to as term frequen
y-inversedo
ument frequen
y or tf-idf weight. Its foundations lie in the observation that a term is
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urs many times in a do
ument and less important if it o

urs inmany do
uments in the 
olle
tion.In the ve
tor spa
e model, a query q is also represented as a ve
tor of term weights
~q = (w1,q, w2,q, ..., wt,q). For 
omparing a query with a do
ument, the most 
ommonly usedmeasure is the 
osine of the angle between the query and do
ument ve
tors. The similaritybetween a do
ument dj and a query q is de�ned as:

sim(dj , q) =
~dj • ~q

|~dj| × |~q|
(2.3)

=

∑t

i=1
wi,j × wi,q

√

∑t

i=1
w2

i,j ×
√

∑t

i=1
w2

i,qwhere |~dj| and |~q| are the norms of the do
ument and query ve
tors. The fa
tor |~q| doesnot a�e
t the ranking (i.e., the ordering of the do
uments) be
ause it is the same for alldo
uments. The fa
tor |~dj| provides a normalization in the spa
e of the do
uments. By
omputing the similarities between all the do
uments in a 
olle
tion D and a given query q,we obtain an ordered list of do
uments, where do
uments more likely to satisfy the queryhave higher similarities.A standard algorithm for ranking do
uments with the ve
tor spa
e model uses a setof a

umulators, one a

umulator for ea
h do
ument in a 
olle
tion, and a set of invertedlists. For ea
h query term ki, the 
ontribution sim(dj , q, ki)�made by the term ki to thedegree of similarity between a query q and ea
h do
ument dj in the inverted list�is addedto the value of the a

umulator of do
ument dj . This 
ontribution, 
alled partial similarity,is given by:
sim(dj , q, ki) = wi,j × wi,q = tfi,j × log

N

ni

× tfi,q × log
N

ni

(2.4)The �nal result is 
omposed by the do
uments with the highest a

umulator values. Asimple version of this algorithm is shown in Figure 2.2.Using the idf fa
tor implies global knowledge about the whole 
olle
tion to be availableat the index servers. In an ar
hite
ture 
hara
terized by a strategy of lo
al do
umentpartitioning, this 
ould be a

omplished if index servers ex
hange their lo
al idf fa
torsafter the lo
al index generation phase. Ea
h index server may then derive the globalidf fa
tor from the set of lo
al idf fa
tors [44℄.



2.1. AN ARCHITECTURE FOR WEB SEARCH ENGINES 91. For ea
h do
ument dj in the 
olle
tion, set a

umulator Adj
← 0.2. For ea
h term ki in the query q,(a) Retrieve the inverted list for ki from disk.(b) For ea
h term entry < dj , tfi,j > in the inverted list,set Adj

← Adj
+ sim(dj , q, ki).3. Divide ea
h non-zero a

umulator Adj

by the do
ument norm | ~dj |.4. Identify the f highest a

umulator values (where f is the number of do
umentsto be presented to the user) and retrieve the 
orresponding do
uments.Figure 2.2: Basi
 algorithm for ranking using the ve
tor spa
e model.2.1.4 Parallel Query Pro
essingIn our experiments, a 
lient ma
hine submits queries to the broker a

ording to a queryarrival distribution. This broker then broad
asts ea
h query to all index servers. On
eea
h index server re
eives a query, it retrieves the full inverted lists relative to the queryterms, interse
ts these lists to produ
e the set of do
uments that 
ontains all query terms(i.e., the 
onjun
tion of the query terms1), 
omputes a relevan
e s
ore for ea
h do
ument,and sorts them by de
reasing s
ore�this results in a partial ranked answer to be sent byea
h index server to the broker. Ea
h query term ki is pro
essed by de
reasing idfi, i.e.,by in
reasing order of the number ni of do
uments in the whole 
olle
tion 
ontaining theterm ki, thus leading to a signi�
antly more e�
ient 
onjun
tion of their inverted lists.As soon as the ranking is 
omputed, the top ranked do
uments at ea
h index server aretransferred to the broker ma
hine. The broker is then responsible for 
ombining the partialranked answers re
eived from the index servers through an in-memory merging operation.The �nal list of top ranked do
uments is then sent ba
k to the 
lient ma
hine.For simpli
ity, we adopt a single pro
essing thread at ea
h index server. Lu et al. [33℄verify that the query arrival rate supported by the system in
reases with the number ofthreads, until either CPUs or disks are overutilized. The use of multiple pro
essing threadsat index servers is left for future work.Noti
e that in this ar
hite
ture, 
hara
terized by a strategy of lo
al do
ument partition-ing, the response time of a parti
ular query basi
ally depends on the exe
ution time of the1Taking the 
onjun
tion of the query terms is now standard pra
ti
e on the Web



10 CHAPTER 2. BASIC CONCEPTSslowest index server to produ
e the 
orresponding partial answer set. Therefore, the higherthe imbalan
e in exe
ution times of index servers, the larger tends to be the response timeof a query pro
essed by the 
luster of servers. Thus, it is 
riti
ally important to avoid im-balan
e. If the do
ument 
olle
tion is partitioned among a 
ertain number of homogeneousindex servers in a balan
ed way, su
h that all of them manage a similar amount of datawhen pro
essing a query, it would be expe
ted that exe
ution times were also balan
ed.This idealized s
enario of supposing balan
ed exe
ution times as a dire
t 
onsequen
e of auniform 
olle
tion distribution among index servers is indeed a usual assumption taken bytheoreti
al models in the literature to simplify the modeling task. Nevertheless, su
h anidealized balan
e is unlikely to be found in pra
ti
e as we point out in this work. Su
h anobservation is based on the experimental analysis des
ribed in Chapter 4.2.1.5 The Broker is not the Main Bottlene
kObserving the ar
hite
ture for parallel query pro
essing in Figure 2.1, we noti
e that thebroker 
onstitutes a potential bottlene
k. Every query that is submitted to our 
luster ofindex servers is pro
essed by the broker, whi
h has to merge the partial results produ
edby the various index servers. However, this merging of partial results is done all in memoryand 
an be done qui
kly. As a result, the broker works at relatively low loads at all times,as we now evaluate.To stress the broker, we implemented a simulator for the 
luster with p index servers.By varying p we 
an stress the broker and observe how it behaves. The broker takes queriesat an arrival rate λ (whi
h we varied) and passes them to a single ma
hine that runs oursimulator. For ea
h query, the broker sends p query requests to our simulator, one for ea
hindex server. For ea
h query request it re
eives, the simulator does not pro
ess it. Instead,it sorts an answer from an array of pre-
omputed answers stored in main memory, andsends this answer to the broker. Thus, from the viewpoint of the broker everything goes onas if there were indeed p index servers in the 
luster, ex
ept for the negligible time spentby the simulator to generate partial answers to the broker. Figure 2.3 reports the averagetime at the broker per query. We observe that even at high loads and with a large numberof index servers, time at the broker is not a�e
ted. In fa
t, with 256 index servers andquery arrival rates around 100 queries/se
ond, average time at the broker per query is lessthan 10 millise
onds.This is be
ause of two fundamental reasons. First, all the work the broker does is
arried out fully in main memory. Se
ond, all the tasks the broker exe
utes are simple
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onds) at the broker per query as a fun
tion of the queryarrival rate (queries/se
ond).
tasks that do not take mu
h CPU time. The broker does not have to make ranking
omputations and does not have to exe
ute algebrai
 operations (other than 
omparingdo
ument identi�ers). Further, sin
e it has to wait for the partial results for ea
h query,it has plenty of free resour
es that 
an be shared with the various queries in the inputstream.Eventually the broker saturates as shown in Figure 2.3. In our 
ase saturation is abrupt.The reason is that saturation is 
aused by 
ontention at the network drive interfa
e. With
256 index servers, for instan
e, ea
h user query requires 256 write operations to sendthe queries out and another 256 read operations to retrieve the partial answers from thenetwork. At a rate above 150 queries/se
ond, the network drive interfa
e fails to handlethe load. This is not 
riti
al though be
ause the index servers saturate at a rate one orderof magnitude smaller (i.e., index servers approximate saturation at 28 queries/se
ond aswe later show in Se
tion 5.3.2). That is, a broker whose main task is to merge partialanswer sets is not the main bottlene
k.



12 CHAPTER 2. BASIC CONCEPTS2.2 Queueing NetworksQueueing networks have been extensively applied to represent and analyze 
omputer sys-tems. They have proved to be a powerful and versatile tool for system performan
e eval-uation and predi
tion. A queueing network is a network of inter
onne
ted queues thatrepresents a 
omputer system [36℄. A queue in a queueing network stands for a resour
e(e.g., CPU, disk, network) and the queue of requests waiting to use the resour
e. A queueis 
hara
terized by a fun
tion S(n) that represents the average servi
e time per requestwhen there are n requests at the queue. The number of requests n at the queue is 
alledthe queue length.Not all requests that �ow through the resour
es of a queueing network are similar interms of the resour
es used and the time spent at ea
h resour
e. The total workloadsubmitted to a 
omputer system may be broken down into several workload 
omponents,whi
h are represented in a queueing model by a 
lass of requests. Di�erent 
lasses mayhave di�erent servi
e demand parameters and di�erent workload intensity parameters. Theworkload intensity parameters provide a measure of the load pla
ed on a system, indi
atedby the number of units of work that 
ontend for system resour
es. In the 
ase of Websear
h engines, this measure 
orresponds to the number of in
oming queries per se
ond.The workload servi
e demand parameters spe
ify the total amount of servi
e time requiredby ea
h basi
 
omponent of the workload on ea
h resour
e of the system. In a Web sear
hengine, the servi
e time for a user query is equivalent to the amount of time needed tosele
t the most relevant do
uments for this query.Classes of requests may be 
lassi�ed as open or 
losed depending on whether the numberof requests in the queueing network is unbounded or �xed, respe
tively. Open 
lasses allowrequests to arrive, go through the various resour
es, and leave the system. Closed 
lasses are
hara
terized by having a �xed number of requests in the queueing network. A queueingnetwork in whi
h all 
lasses are open is 
alled an open queueing network. A queueingnetwork in whi
h all 
lasses are 
losed is 
alled a 
losed queueing network. A queueingnetwork in whi
h some 
lasses are open and others are 
losed is 
alled a mixed queueingnetwork.A 
entral 
on
ept in the solution and analysis of queueing networks is the state of thenetwork [37℄. The state represents a distribution of requests over 
lasses of requests andresour
es. The solution of queueing networks 
onsists of �nding the long term (i.e., thesteady state) probability of being in any parti
ular state. This refers to the probabilityof taking a random snapshot (or 
he
kpoint) of the system and �nding the system in a
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ular state. The analysis of queueing networks 
onsists of evaluating a set of perfor-man
e measures, su
h as system response time, system throughput, and server utilization.The popularity of queueing networks for system performan
e evaluation is due to a goodbalan
e between a relative high a

ura
y in the performan
e results and the e�
ien
yin model analysis and evaluation. In this framework, the 
lass of produ
t-form queueingnetworks has played a fundamental role.Produ
t-form queueing networks have a simple 
losed-form expression of the steady-state probability distribution that allow to de�ne e�
ient algorithms to evaluate averageperforman
e measures [13℄. The pre
ise 
hara
terization of the 
lass of produ
t-form net-work is not easy. The produ
t-form solution is related to some properties of the queueingnetwork model that are de�ned on the Markov pro
ess underlying the queueing model. Themost famous result 
on
erning produ
t-form queueing networks is the BCMP theorem [15℄,developed by Baskett, Chandy, Muntz, and Pala
ios. The BCMP theorem de�nes the well-known 
lass of BCMP queueing networks with produ
t-form solution for open, 
losed, ormixed models with multiple-
lasses of 
ustomers and various servi
e dis
iplines and servi
etime distributions. The steady-state probability distribution is expressed as the produ
tof the distributions of the single queues with appropriate parameters and, for 
losed net-works, with a normalization 
onstant. In the 
ase of servi
e 
enters with a First-ComeFirst-Served (FCFS) servi
e dis
ipline, under whi
h requests are servi
ed in the order inwhi
h they arrive, the servi
e time distributions are required to be exponential with thesame mean for all 
lasses. Although all 
lasses must have the same mean servi
e timeat any given resour
e, they may have di�erent visit ratios, whi
h allows the possibility ofdi�erent servi
e demands for ea
h 
lass at any given resour
e. In open networks, the timebetween su

essive arrivals is assumed to be exponentially distributed.In our work, the Web sear
h engine is represented as an open queueing network 
om-posed of the broker and the subsystem of index servers, as further dis
ussed in Chapter 5.The broker is modeled as a produ
t-form queueing network with a single 
lass, an indexserver as a produ
t-form queueing network with multiple-
lasses, and the subsystem ofindex servers as a fork-join queueing network.2.2.1 Multiple-Class Open Queueing NetworksMultiple-
lass produ
t-form queueing networks have e�
ient 
omputational algorithms fortheir solution. Be
ause of its simpli
ity and intuitive appeal, we adopt the MVA-basedalgorithm for approximate solution of open multiple-
lass models [37℄.



14 CHAPTER 2. BASIC CONCEPTSConsider the following notation for the multiple-
lass open model presented here.
• K: number of resour
es or servi
e 
enters of the model
• R: number of 
lasses of requests
• λr: arrival rate of 
lass r

• Si,r,: average servi
e time of 
lass r requests at resour
e i

• Vi,r: average visit ratio of 
lass r requests at resour
e i

• Di,r: average servi
e demand of 
lass r requests at resour
e i; Di,r = Vi,rSi,r

• Ri,r: average response time per visit of 
lass r requests at resour
e i

• R′

i,r: average residen
e time of 
lass r requests at resour
e i, i.e., the total time spentby 
lass r requests at resour
e i over all visits to the resour
e; R′

i,r, = Vi,rRi,r

• ni,r: average number of 
lass r requests at resour
e i

• ni: average number of requests at resour
e i

• Xi,r: 
lass r throughput at resour
e i

• X0,r: 
lass r system throughput
• Rr: 
lass r response timeIn steady-state, the throughput of 
lass r equals its arrival rate. Thus,

X0,r = λr (2.5)The appli
ation of Little's Law [37℄ to ea
h resour
e gives
ni,r = Xi,rRi,r (2.6)Using the For
ed Flow Law [37℄ and Equation 2.5, the throughput of 
lass r at re-sour
e i is

Xi,r = X0,rVi,r = λrVi,r (2.7)
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e time for the entire exe
ution is R′

i,r = Vi,rRi,r. Using Equation 2.7in Equation 2.6 the average queue length per resour
e for ea
h 
lass be
omes
ni,r = λrR

′

i,r (2.8)Combining the Utilization Law [37℄ and the For
ed Flow Law, the utilization of re-sour
e i by 
lass r requests 
an be written as
Ui,r = Xi,rSi,r = λrVi,rSi,r = λrDi,r (2.9)The average time a 
lass r request spends at a resour
e, from arrival until 
ompletion,has two 
omponents: the time for re
eiving servi
e and the time spent in queue. The latteris equal to the time required to servi
e requests that are 
urrently in the resour
e whenthe request arrives. Thus,

Ri,r = Si,r(1 + nA
i,r) (2.10)

Vi,rRi,r = Vi,rSi,r(1 + nA
i,r)

R′

i,r = Di,r(1 + nA
i,r)where nA

i,r is the average queue length at resour
e i seen by an arriving 
lass r request.Te arrival theorem [49℄ states that in an open produ
t-form queueing network, a 
lass rarriving request at servi
e 
enter i sees the steady-state probability distribution of theresour
e state, whi
h is given by the queue length. Thus,
nA

i,r = ni (2.11)From Equations 2.10 and 2.11, we get
R′

i,r = Di,r(1 + ni) (2.12)Substituting Equation 2.12 into Equation 2.8, yields
ni,r = λrDi,r(1 + ni) = Ui,r(1 + ni) (2.13)For any two 
lasses r and s, we have

ni,r

ni,s

=
Ui,r

Ui,s

(2.14)Using Equation 2.14 and 
onsidering the fa
t that ni =
∑R

s=1
ni,s, Equation 2.13 
anbe rewritten as

ni,r =
Ui,r

1− Ui

(2.15)



16 CHAPTER 2. BASIC CONCEPTSApplying Little's Law to Equation 2.15, the average residen
e time for 
lass r requestsat resour
e i is
R′

i,r =
Di,r

1− Ui

(2.16)The intera
tion among the open 
lasses of a multiple-
lass model is expli
itly rep-resented by the term Ui of Equation 2.16, whi
h 
orresponds to the total utilization ofresour
e i by all the 
lasses in the model.The analysis of a produ
t-form model with multiple open 
lasses begins with the 
on-straint that Ui ≤ 1 for all resour
es of the network. From Equation 2.9, the stability
ondition for an open model is
Ui ≤ 1 ∀ i (2.17)

R
∑

r=1

λrDi,r ≤ 1 ∀ i, r (2.18)2.2.2 Fork-Join Queueing NetworksParallelism in 
omputer systems 
an be modeled by fork-join queuing networks [37℄. Whenentering a 
on
urrent pro
essing stage, an arriving request forks into subtasks that areexe
uted independently either on di�erent servi
e 
enters or on the same servi
e 
enter.Upon 
ompleting exe
ution, ea
h subtask waits at the join point for its sibling tasks to
omplete exe
ution. The fork operation starts new 
on
urrent subtasks. The join operationfor
es one subtask to wait for sibling subtasks.Due to the wide-spread use of parallelism in 
omputer and storage systems, fork-joinqueueing networks have been studied extensively [3, 22, 25, 34, 40, 54, 57�60, 64℄. An exa
tanalysis of the fork-join queuing network is presented only for fork-join networks with
2 queues [25,40,58℄. There is no known 
losed-form solution for fork-join queuing networkswith more than 2 queues. Hen
e, the performan
e measures of su
h networks 
omputedusing approximation and bounding te
hniques.In our work, we use the upper-bound on the average response time proposed in [40℄ forfork-join queueing networks with exponential interarrival and servi
e times. The fork-joinqueueing network 
onsists of p (p > 1) servi
e 
enters 
onne
ted in parallel, as illustratedin Figure 2.4. A request to the fork-join network is split into p independent sub-requests,one for ea
h of the p servi
e 
enters. The original request 
ompletes when all subrequests
omplete, i.e., when all of them arrive at the join point. Thus, the time spent by a requestin the fork-join network is the maximum of the times spent in ea
h of the p servi
e 
enters.



2.2. QUEUEING NETWORKS 17The average servi
e time of a request is assumed to be the same at ea
h of the p servi
e
enters of a fork-join network.
.

.

.fork point join point

arriving queries

service center p

service center 2

service center 1

departing queries

Figure 2.4: Fork-join queueing network.Consider the following parameters for the fork-join queueing network:
• S: average servi
e time at a servi
e 
enter;
• p: number of parallel servi
e 
enters at the fork-join network;
• R: average response time at the fork-join network;
• U : utilization of a servi
e 
enter.The upper-bound on the average response time for the fork-join queueing network isbounded by:

R ≤ Hp

S

1− U
(2.19)where Hp is the p-th harmoni
 number de�ned as Hp =

∑p

i=1
(1/i). The harmoni
 numbera

ounts for the syn
hronization time at the joining point. The rationale for this approx-imation 
omes from the fa
t that the expe
tation of a random variable de�ned as themaximum of p exponentially distributed random variables with average S is equal to SHp.
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Chapter 3Related WorkIn this 
hapter, we dis
uss related work in four key areas to the 
apa
ity planning forWeb sear
h engines: index organization in Se
tion 3.1, system ar
hite
ture in Se
tion 3.2,workload 
hara
terization in Se
tion 3.3, and performan
e modeling in Se
tion 3.4.3.1 Index OrganizationDi�erent strategies for distributing the index of a do
ument 
olle
tion among ma
hines havebeen dis
ussed in the literature. Tomasi
 and Gar
ia-Molina [56℄ 
ompare the performan
eimpa
t on �boolean and� query pro
essing of two basi
 and distin
t options for storingthe inverted lists, namely do
ument partitioning and term partitioning, as illustrated inFigures 3.1 and 3.2 respe
tively.Do
ument partitioning: The do
uments are evenly distributed among index servers andea
h server generates a lo
al inverted �le for its do
uments. For pro
essing a query,a 
entral broker ma
hine (to whi
h all the queries are �rst dire
ted) broad
asts thequery to all index servers. A query is pro
essed by an index server by reading intomemory all the inverted lists related to query terms, interse
ting them, and produ
inga list of mat
hing do
uments. This partial answer set is sent to the broker, whi
h
on
atenates all the partial answer sets to produ
e the answer to the query.Term partitioning: A global inverted �le is generated for all do
uments, and the fullinverted lists are evenly distributed a
ross index servers. For pro
essing a query, thebroker determines whi
h index servers hold inverted lists relative to the query terms,breaks the query into subqueries, and sends them to the respe
tive servers. Ea
h19
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Figure 3.1: Do
ument partitioning.subquery is 
omposed by the terms whi
h are stored in the index servers it is sent to.If an index server re
eives a query with a single term, it fet
hes the 
orrespondinginverted list and returns it to the broker. If the subquery 
ontains multiple terms,the index server interse
ts the 
orresponding inverted lists and sends the result asthe partial answer set. The broker interse
ts (instead of 
on
atenating) the partialanswer sets to obtain the �nal answer.In the work by Tomasi
 and Gar
ia-Molina [56℄, simulation experiments attempt todetermine under what 
onditions ea
h index organization is better, how ea
h index or-ganization s
ales up to large systems (more do
uments, more pro
essors) and what is theimpa
t of key parameters, su
h as seeking time of the storage devi
e, load level, and numberof keywords in a query. They generate syntheti
 databases and queries, from probabilitydistributions that are based on a
tual statisti
s. Their results indi
ate that the do
umentpartitioning has the most balan
ed use of resour
es, whi
h leads to better performan
eunder more stressful s
enarios. The term partitioning performs poorly be
ause it saturatesthe LAN by transmitting many long inverted lists, and takes longer to read inverted listswhi
h are not split a
ross disks.



3.1. INDEX ORGANIZATION 21
...

...

...

Documents

31 2 4 5 6 7 8

AA

C xx x x

x x

D x x x x

G x xx x

...

H x x x

Z

O

N x x x

xxx

x x

x

x

x

x

xx

Terms

Figure 3.2: Term partitioning.Jeong and Omie
inski [31℄ 
onsider the do
ument partitioning and the term partition-ing approa
hes to physi
ally divide inverted indexes in a shared-everything multipro
essorma
hine with multiple disks. By simulation, they study the performan
e impa
t of theses
hemes on boolean query pro
essing under a number of workloads where the term frequen-
ies in the do
uments, the term frequen
ies in the queries, the number of disks, and themultiprogramming level are varied. In general, they found that when the term distributionis less skewed or when the term distribution in the user query is uniformly distributed thatthe term partitioning performed the best. However, when the term distribution is highskewed, the do
ument partitioning performed the best.Ribeiro-Neto and Barbosa [44℄ 
onsider the do
ument partitioning and the term par-titioning for a digital library distributed in a tightly 
oupled environment. The retrievalsystem uses the ve
tor spa
e model as ranking strategy. The operational environment isthat of a network of workstations 
onne
ted by fast swit
hing te
hnology, where ea
h ma-
hine has its own lo
al memory and disk. Experiments were based on an analyti
al model
oupled with a small simulator and investigate how query performan
e is a�e
ted by theindex organization, the network speed, and the disks transfer rate. All estimates are basedon the do
uments and queries in the TREC3 
olle
tion [27℄. The results indi
ate that term



22 CHAPTER 3. RELATED WORKpartitioning 
onsistently outperforms do
ument partitioning for disjun
tive queries in thepresen
e of fast 
ommuni
ation 
hannels, mainly be
ause term partitioning allows trad-ing seek operations in disk to network tra�
 and greater 
on
urren
y among the variousqueries.Ma
Farlane et al. [35℄ investigate the do
ument partitioning and term partitionings
hemes for distributing inverted lists. The retrieval model implemented is the probabilisti
and the system o�ers only a sequential query servi
e. The sear
h topology is that of amaster/slave with a top node and a number of leaf nodes, ea
h with its own disk. The dataused in experiments are part of the do
uments and queries in the TREC7 
olle
tion [28℄.Experimental results indi
ate that the do
ument partitioning is the preferable method forsequentially submitted queries. The problem with the term partitioning is that too mu
hdata has to be 
ommuni
ated from the leaf to the top pro
ess and the sort 
annot beparallelized without further 
ommuni
ation between leaves and top node.A previous work of ours [6℄ 
ompares the do
ument partitioning and term partition-ing strategies for distributing inverted lists. The retrieval system uses the ve
tor spa
emodel and addresses a 
on
urrent query servi
e. The ar
hite
ture adopts a network ofworkstations model and the 
lient-server paradigm. The data used in experiments 
om-prise do
uments and queries in TREC3 
olle
tion [27℄, besides an arti�
ial query set thatmimi
s Web-like queries. The impa
t of the two index partitioning strategies on querypro
essing performan
e was evaluated on a real 
ase framework. Experimental resultson retrieval e�
ien
y show that term partitioning outperforms do
ument partitioning fordisjun
tive queries spe
ially when the number of pro
essors ex
eeds the average numberof terms in query. The main reason is that term partitioning provides a high 
on
urrentquery servi
e, whi
h is parti
ularly eviden
ed when the number of pro
essors ex
eeds theaverage number of terms in query.Sornil and Fox [51℄ 
ombine the do
ument partitioning and term partitioning ap-proa
hes to organize inverted indexes in a hybrid partitioned s
heme. In the hybrid s
hemethey divide an inverted list into a number of equal sized 
hunks, whi
h are randomly dis-tributed to nodes in the system. Their system ar
hite
ture 
onsists of a number of nodesand an information retrieval server 
onne
ted through an inter
onne
tion network, ea
hnode 
ontaining one disk and one CPU. They return the entire inverted lists to the infor-mation retrieval server, that is, their network of pro
essing nodes 
an be regarded as onebig disk supplying inverted lists to the information retrieval server. They model 
olle
tions,query term sele
tion, disk nodes, and the network. Simulation results show that the hybrid



3.1. INDEX ORGANIZATION 23partitioning outperforms the do
ument partitioning and the term partitioning over a rangeof 
onditions, be
ause it allows load balan
ing a
ross nodes with a larger partitioning unitthan the do
ument partitioning. The term partitioning performs better than the do
umentpartitioning in most 
onditions, be
ause of the saturated nodes due to the amount of I/Oin
urred by the do
ument partitioning.In a previous work of ours [4℄, we 
ompare the performan
e of the hybrid partition-ing, introdu
ed by Sornil and Fox [51℄, against the do
ument partitioning and the termpartitioning. Our work di�ers from that presented in [51℄ in the following aspe
ts. Whilethey deal only with returning entire inverted lists to an information retrieval server, weaddress the 
omplete query pro
essing. Also, while they model do
uments and queries, weuse a real Web 
olle
tion as experimental data. Our results show that the hybrid parti-tioning is 
ompetitive and sometimes outperforms both do
ument and term partitioningfor disjun
tive queries. Regarding load balan
e, the hybrid partitioning outperforms theterm partitioning with gains rea
hing two times. Regarding response time, the hybridpartitioning and the term partitioning have similar performan
e on average, and both out-perform signi�
antly the do
ument partitioning, with gains that rea
hed �ve times. Asimilar result is observed regarding the system throughput. A di�
ulty with the hybridapproa
h is that it has disadvantages 
ompared to both do
ument partitioning�whereea
h node 
ompletely indexes a sub
olle
tion, so pro
essing 
an be node-oriented�, andterm partitioning�where the number of disk a

esses is minimized. Whether there areadvantages is un
lear.Mu
h of the literature 
omparing do
ument partitioning, term partitioning, and hybridpartitioning is in
onsistent. Using simulation and arti�
ial data, Tomasi
 and Gar
ia-Molina [56℄ and Jeong and Omie
inski [31℄ �nd in favor of do
ument partitioning. Onexperimentation and real data, but only 50 queries�insu�
ient to show disk 
a
he e�e
ts�Ma
Farlane et al. [35℄ �nd the same result. Contradi
ting all of these results, Ribeiro-Neto and Barbosa [44℄ and Badue et al. [6℄ �nd that term partitioning is superior. Usingarti�
ial data, Sornil and Fox [51℄ show that the hybrid partitioning outperforms both thedo
ument partitioning and the term partitioning. On real data, Badue et al. [4℄ 
on�rmthat the hybrid partitioning is 
ompetitive and sometimes outperforms both the do
umentpartitioning and term partitioning. Sornil and Fox [51℄ and Badue et al. [4℄ also showthat both hybrid partitioning and term partitioning outperform signi�
antly the do
umentpartitioning.



24 CHAPTER 3. RELATED WORKHowever, mu
h of these previous work is open to question. Arti�
ial or small sets ofdo
uments or queries are not likely to be predi
tive of real-world behavior, and simula-tions designed to estimate time must deal with a great many 
omplex variables�in
ludingdisk 
a
he operations performed by operating system, relativities of CPU speed, networkbandwidth, network delay, disk properties, term skew, and query skew�if they are to berealisti
.Mo�at et al. [39℄ introdu
es a pipelined query evaluation methodology, based on termpartitioning, in whi
h partially evaluated queries are passed amongst the set of indexservers that host the query terms. The broker then be
omes a tra�
 dire
tor rather thana ranking engine, and the 
omputational load is more e�e
tively shared among the indexservers. They 
ompare the pipelined approa
h to the do
ument partitioning and termpartitioning approa
hes experimentally. The various do
ument 
olle
tions used in theirexperiments are all derived from the TREC Terabyte 
olle
tion built in 2004 by 
rawlinga large number of sites in the .gov domain. In total, the 
olle
tion 
ontains 426 gigabytes.A stream of 20, 000 queries was derived from the Ex
ite query logs [53℄. Their resultsshow that the term partitioning is highly ine�
ient, the do
ument partitioning has fastresponse at low query loads, and the pipelining approa
h provides the best response timesand throughput rates at high query loads.Mo�at et al. [38℄ examine methods for load balan
ing in the pipelined query evaluationmethodology based on term partitioning [39℄ and propose a suite of te
hniques for redu
ingnet querying 
osts. In parti
ular, they explore the load distribution behavior that pipelin-ing displays, and show that the imbalan
es 
an be addressed by te
hniques that in
ludepredi
tive index list assignments to nodes and sele
tive index list repli
ation. Their re-sults are derived from live experimentation in a sear
h system testbed. The data used inexperiments 
omprise 426 gigabytes GOV2 
rawl of the .gov domain used in the TRECTerabyte Tra
k sin
e 2004, and a set SYNQ of queries that have been arti�
ially adaptedto the GOV2 
rawl to give term-frequen
y, repetition, and answer-frequen
y properties
lose to those of real queries (the Ex
ite97 query log) on general Web data (the TRECwt10g 
olle
tion) [61℄. In 
ombination, the te
hniques they propose in
rease the through-put of term-distributed indexing by 30%. Nevertheless, lo
al �u
tuations in workloadmean that ea
h node in the network is less than 100% busy, and while the �nal throughputrates attained in their experiments remain tantalizingly 
lose to the rates a
hieved by anequivalent do
ument-distributed 
omputation, they did not su

eed in beating do
umentdistribution, despite the heavier CPU 
onsumption of the latter. An important 
on
lusion



3.2. SYSTEM ARCHITECTURE 25of their investigation is thus that do
ument partitioning retains its leading position as themethod against whi
h others must be judged.Given its superior performan
e and popularity in large-s
ale sear
h engines [14, 45℄,we adopt the do
ument partitioning for distributing the index of our do
ument 
olle
tionamong index servers (see Se
tion 2.1).3.2 System Ar
hite
tureBarroso et al. [14℄ des
ribe the 
luster ar
hite
ture of the Google [26℄ sear
h engine, asillustrated in Figure 3.3. To provide su�
ient 
apa
ity to handle query tra�
, their servi
e
onsists of multiple 
lusters distributed worldwide, ea
h 
luster with around a few thousandma
hines. A DNS-based load-balan
ing system sele
ts a 
luster by a

ounting for the user'sgeographi
 proximity to ea
h physi
al 
luster, while also 
onsidering the available 
apa
ityat the various 
lusters. A hardware-based load balan
er in ea
h 
luster monitors theavailable set of Web servers (that we refer to as brokers) and performs lo
al load balan
ingof requests a
ross a set of them. After re
eiving a query, a broker 
oordinates the queryexe
ution and formats the results into a Hypertext Markup Language (HTML) responseto the user's browser.

Figure 3.3: Google query-serving ar
hite
ture.
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ution 
onsists of two major phases. In the �rst phase the index servers
onsult an inverted index, determine a set of relevant do
uments by interse
ting the hitlists of the individual query words, and 
ompute a relevan
e s
ore for ea
h do
ument. Thisrelevan
e s
ore determines the order of results on the output page. The sear
h pro
essis parallelized by dividing the index into pie
es, ea
h having a randomly 
hosen subset ofdo
uments from the full index (whi
h we refer to as do
ument partitioning). A pool ofindex servers serves requests for ea
h index pie
e, and the overall index 
luster 
ontainsone pool for ea
h index pie
e. Ea
h request 
hooses an index server within a pool usingan intermediate load balan
er. The �nal result of this �rst phase of query exe
ution isan ordered list of do
uments identi�ers. We note that index partitioning is used to 
reates
alability in 
olle
tion size, and repli
ation of ea
h index pie
e a
ross a pool of indexservers is used to 
reate s
alability in query throughput. Repli
ation also provides faulttoleran
e.The se
ond phase involves taking this list of do
ument identi�ers and 
omputing thea
tual title and Uniform Resour
e Lo
ator (URL) of these do
uments, along with query-spe
i�
 do
ument summary. Do
ument servers handle this job, fet
hing ea
h do
umentfrom disk to extra
t the title and the keyword-in-
ontext snippet. As with the index lookupphase, the strategy is to partition the pro
essing of all do
uments by randomly distributingdo
uments into smaller index pie
es, having multiple repli
as of do
ument servers respon-sible for handling ea
h index pie
e, and routing requests through a load balan
er. Whenall phases of query pro
essing are 
omplete, a broker generates the appropriate HTML forthe output page and returns it to the user's browser.Risvik et al. [45℄ des
ribe the 
luster ar
hite
ture of the Fast [1℄ sear
h engine 
omposedof a dispat
her (that we refer to as broker) and a set of index servers, as illustrated inFigure 3.4. Similarly to the Google ar
hite
ture des
ribed in [14℄, Fast sear
h enginear
hite
ture also adopts do
ument partitioning for s
aling on data volume and repli
ationof index partitions for s
aling on performan
e and providing fault toleran
e. Let I denotethe full index and Sj
i an index server in a n × m 
luster. By data partitioning, the fullindex I is partitioned a
ross index servers Sj

i in the row j, ea
h server having a disjointsubset Ii of do
uments from the full index. By data repli
ation, index servers Sj
i in the
olumn i repli
ate the index partition Ii.Similarly to the works presented in [14, 45℄, we 
onsider a Web ar
hite
ture 
omposedof a single broker and a 
luster of index servers (see Se
tion 2.1). The whole 
olle
tionof do
uments is partitioned a
ross the index servers, su
h that ea
h server stores its own
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Figure 3.4: Fast sear
h 
luster overview.lo
al sub
olle
tion. Upon the arrival of a given user query, the task of retrieving the mostrelevant do
uments for this query is then shared among the index servers, so that ea
hserver performs the retrieving task for the query only on its partition of the do
ument
olle
tion. A broker is responsible for merging the partial ranked answers from the serversto produ
e the �nal ranked answer. Note that we fo
us on the performan
e of the �rstphase of the query pro
essing task, i.e., the retrieval of the most relevant do
uments for agiven user query.Orlando et al. [41℄ present the ar
hite
ture of a parallel and distributed engine forsear
hing the Web on whi
h they explore three main parallelization strategies: (i) a taskparallel strategy, by whi
h queries are exe
uted independently by a set of homogeneousindex servers; (ii) a data parallel strategy (that we refer to as do
ument partitioning),by whi
h ea
h query is pro
essed in parallel by index servers a

essing disjoint subsetsof do
uments of the database; and (iii) a hybrid strategy, whi
h is a 
ombination of thetask parallel and data parallel strategies. They have 
ondu
ted real experiments thathighlighted the better performan
e of the hybrid strategy due to a good exploitation ofmemory hierar
hies, in parti
ular of the bu�er 
a
he whi
h virtualizes the a

ess to the



28 CHAPTER 3. RELATED WORKdisk-resident inverted lists. This work presents a similar analysis to ours in terms ofidentifying the disk 
a
he operations as a fa
tor for a

elerating disk a

ess times. In fa
t,it inherently 
onsiders any imbalan
e on servi
e times among index servers in its resultsbe
ause they are derived from real experimentation. Nevertheless, this experimentation-based approa
h fails to be aware of the imbalan
e and to 
hara
terize its impa
t on theperforman
e of a Web sear
h engine, as we do in our work (see Chapter 4).
3.3 Workload Chara
terizationPrevious work on query 
hara
terization for Web sear
h engines mainly fo
uses on the
hara
terization of user sear
h behavior and user sear
h goals to enhan
e the relevan
e tousers of the provided answers, i.e., to improve the sear
h e�
a
y. Silverstein et al. [50℄present an analysis of individual queries, query dupli
ation, and query se
tions in a querylog from the AltaVista Sear
h Engine. Spink et al. [52℄ examine the query reformulationby users, and parti
ularly the use of relevan
e feedba
k by users of the Ex
ite Web sear
hengine. Rose and Levinson [46℄ des
ribe a framework for understanding the underlyinggoals of user sear
hes. Baeza-Yates et al. [11℄ analyze query log data and show severalmodels about how users sear
h and how users use sear
h engine results. Chau et al. [21℄study the information needs and sear
h behavior of the users for a Web site sear
h engineand 
ompare them with those of general-purpose sear
h engine users. Kammenhuberet al. [32℄ use 
lient-side logs to evaluate user behavior in what they 
all Web sear
h
li
kstreams, i.e., sear
h-indu
ed 
li
ks on the answer page provided by the sear
h engineand the subsequently visited hyperlinked pages. Nevertheless, 
hara
terizing interarrivaltimes of queries in typi
al Web sear
h engines is 
ru
ial for a performan
e evaluation ofsear
h e�
ien
y in terms of, for instan
e, query response times. This is our fo
us in ourwork. Beizel et al. [16℄ analyze hourly variations in query tra�
 and remark that thenumber of queries issued is substantially lower during non-peak hours than peak hours.In our work, besides 
on�rming this result for four di�erent real-world sear
h engines, weprovide as an out
ome the 
hara
terization of queries issued in these sear
h engines withperforman
e evaluation and 
apa
ity planning in mind (see Se
tion 5.2).
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e ModelingAlthough many performan
e models exist for 
apa
ity planning of di�erent systems [37℄,the availability in the literature of performan
e models for Web sear
h engines is ratherlimited.Ca
heda et al. [20℄ present a 
ase study of di�erent ar
hite
tures for a distributedinformation retrieval system, in order to provide a guide to approximate the optimal ar-
hite
ture with a spe
i�
 set of resour
es. Using a simulator based on an analyti
al modelfor query pro
essing (similar to the one des
ribed in [44℄), they analyze the e�e
tive-ness of a distributed, repli
ated, and 
lustered ar
hite
ture simulating a variable numberof workstations. A do
ument model generates syntheti
 do
uments from probability dis-tributions that are based on a
tual statisti
s from the SPIRIT 
olle
tion, 
omposed ofapproximately 94 million do
uments and 1 terabytes of text, and a query model sele
tsuniformly the number of terms between 1 and 4 terms per query, based on the terms usedin the TREC10 topi
-relevan
e queries. Their results show that in a purely distributedinformation retrieval system, the brokers be
ome the bottlene
k due to the high numberof lo
al answer sets to be sorted. In a repli
ated system, the network is the bottlene
k dueto the high number of query servers and the 
ontinuous data inter
hange with the brokers.Finally, they demonstrate that a 
lustered system will outperform a repli
ated system if ahigh number of query servers is used, essentially due to the redu
tion of the network load.However, a 
hange in the distribution of the users' queries 
ould redu
e the performan
eof a 
lustered system.The analyti
al model presented in the work by Ca
heda et al. [20℄ assumes that servi
etimes are balan
ed if index servers manage a similar amount of data when pro
essing aquery. On the 
ontrary, we found that even with a balan
ed distribution of the do
ument
olle
tion among index servers, relations between the frequen
y of a query in the 
olle
tionand the size of its 
orresponding inverted lists lead to imbalan
es in query servi
e timesat these same servers, be
ause these relations a�e
t disk 
a
he behavior (see Chapter 4).Also, their simulation results show that the brokers be
ome the bottlene
k in a distributedsystem, and the network is the bottlene
k in a repli
ated system. In 
ontrast, we observedin our experiments that the average query residen
e time at the broker is relatively low
ompared to the average query system response time, and the network introdu
es negligibledelays to the average query system response time (see Se
tion 5.3).Chowdhury and Pass [23℄ introdu
e a framework based on queueing theory for analyzingand 
omparing ar
hite
tures for sear
h systems in terms of their operational requirements:



30 CHAPTER 3. RELATED WORKthroughput, response time, and utilization. Using this framework, they also examine as
alability strategy that 
ombines index partitioning and repli
ation to meet operationalrequirements imposed on sear
h systems. Lastly, they introdu
e a new 
ost-based analysismodel that �nds an optimal set of solutions to 
onsider when designing a sear
h system.Nevertheless, their queueing model obliviously assumes a perfe
t balan
e among the ser-vi
e times of index servers that pro
ess an equal number of do
uments per query. Also,they do not verify the a

ura
y of their model by 
omparing its predi
tions with experi-mental results. In 
ontrast, based on eviden
e from pra
ti
al experiments in our work (seeChapter 4), we propose a performan
e model for 
apa
ity planning purposes that 
onsidersthe imbalan
e in query servi
e times among homogeneous index servers, while providing amodel validation with pra
ti
al experiments in a real-world testbed (see Chapter 5).In short, to the best of our knowledge, ours is the �rst work to propose a 
apa
ityplanning model for Web sear
h engines based on experimental work using a
tual data andsystem implementation.



Chapter 4Analyzing Imbalan
e amongHomogeneous Index ServersIn this 
hapter, we investigate and analyze the imbalan
e among homogeneous index serversin a 
luster for parallel query pro
essing. Se
tion 4.1 motivates the experimental analysisof the imbalan
e among homogeneous index servers. Se
tion 4.2 
hara
terizes the workloadused in the experimental analysis. Se
tion 4.3 
hara
terizes imbalan
e in the servi
e timesof homogeneous index servers, des
ribing the experimental setup in Se
tion 4.3.1, and thesour
es for the veri�ed imbalan
e in Se
tions 4.3.2 and 4.3.3. Our 
on
luding remarksfollow in Se
tion 4.4.4.1 Introdu
tionIn the ar
hite
ture for parallel query pro
essing, 
hara
terized by a lo
al partitioning ofthe do
ument 
olle
tion, the response time of a query is determined by the servi
e time ofthe slowest index server. As a 
onsequen
e, imbalan
e in servi
e times among index serversin
reases the response time of a query exe
uted by the 
luster of servers. Therefore, it is
riti
ally important to avoid imbalan
e among index servers if higher performan
e is to bea
hieved.A 
ommon 
ounter-measure against imbalan
e is to distribute the whole 
olle
tion ofdo
uments among homogeneous index servers in a balan
ed way, su
h that ea
h serverhandles a similar amount of data for pro
essing any given query. Homogeneous indexservers have identi
al 
on�guration of hardware and software. At a �rst glan
e, as a 
onse-quen
e of having similar data volumes handled at ea
h server for a given query, one would31



32 CHAPTER 4. ANALYZING IMBALANCE AMONG HOMOGENEOUS INDEX SERVERSexpe
t that servi
e times at the homogeneous index servers would also be approximatelybalan
ed. Indeed, this idealized s
enario of balan
ed servi
e times is a usual assumptiontaken by theoreti
al models for Web sear
h engines [20, 23, 44℄. However, in a real 
ases
enario, relations between the frequen
ies of queries in the 
olle
tion and the sizes of the
orresponding inverted lists lead to imbalan
es in query servi
e times.In this 
hapter, we 
arefully investigate and analyze the imbalan
e issue in a 
omputa-tional 
luster 
omposed of homogeneous index servers. As a major 
ontribution, we verifythat the idealized s
enario of balan
ed servi
e times at homogeneous index servers withsimilar data volumes is unlikely to be found in pra
ti
e. Our results are derived from ex-periments in an information retrieval testbed fed with real data obtained from a real-worldsear
h engine. This is an important experimental result be
ause our �ndings shed lighton a usual assumption that is obliviously taken as valid by previous theoreti
al models,whereas imbalan
e masks possibilities for performan
e improvements. Moreover, we iden-tify and fully analyze the main sour
es of imbalan
e: the use of disk 
a
he, the size of mainmemory in the homogeneous index servers, and the number of servers in the 
luster.4.2 Workload Chara
terizationThe test 
olle
tion is 
omposed of 10 million Web pages 
olle
ted by the TodoBR sear
hengine from the Brazilian Web in 2003. The inverted index for the whole 
olle
tion o

u-pies roughly 12 gigabytes. The query set used in our tests is 
omposed of 100 thousandqueries, extra
ted from a partial log of queries submitted to the TodoBR sear
h engine inSeptember 2003.The distribution of text terms in both do
uments and queries follows a Zipf's distri-bution [9, 10℄. Figure 4.1 shows the normalized frequen
y of text terms in do
uments andthe normalized frequen
y of text terms in queries. The x-axis shows the resulting rank ofea
h text term when these are sorted by de
reasing order of o

urren
e in do
uments or inqueries. Therefore, the frequen
y in do
uments (or in queries) that are expe
ted for the xmost frequent term is given by
f(x) = O(x−α), α > 0. (4.1)Fitting a straight line to the log-plot of the data presented in Figure 4.1, we 
an estimatethe value of the parameter α that is equal to the slope of the line. Our data shows thatthis value is 0.93 and 0.80 for the distribution of text terms in do
uments and in queries,respe
tively.
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Figure 4.1: Frequen
y of text terms in do
uments and in queries.The query vo
abulary has 21, 552 terms and the text vo
abulary has 3, 541, 678 terms.Common terms between both 
olle
tions are 17, 468. Figure 4.2 shows the normalized fre-quen
y of text terms in the do
ument 
olle
tion as a fun
tion of the normalized frequen
yof text terms in the query 
olle
tion, thus 
onsidering only the 17, 468 
ommon terms be-tween both distributions. Comparing the normalized frequen
y of text terms in do
umentsand in queries, we observe that�even if dealing with rare query terms�it is likely thatquery terms are mentioned in a large number of do
uments. This is important be
ausethis indi
ates that su
h a query set 
onsistently generates a signi�
ant query pro
essingload in our system.In fa
t, there are some very rare terms in our 
olle
tion, thus leading to small invertedlists. As a 
onsequen
e, when we partition the 
olle
tion among the index servers, someof them may not store any portion of the inverted lists related to rare terms. In the 
aseof queries 
on
erning su
h rare terms, the imbalan
e is 
al
ulated as the ratio between themaximum servi
e time and average servi
e time of index servers that have inverted lists forthe query terms and e�e
tively parti
ipate in the parallel query pro
essing. The numberof unparti
ipating index servers tends to in
rease with the total number of servers. In ourtest 
olle
tion, this 
ase o

urs in only 2% of our queries and does not signi�
antly impa
tthe overall performan
e.
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Normalized frequency of terms in queriesFigure 4.2: Relationship between the frequen
y of terms in do
uments and in queries.
It is important to investigate if there is a uniform distribution of do
ument partitionsamong index servers, be
ause otherwise this would be an expe
ted sour
e of imbalan
e.Consider our 
luster with 7 index servers (detailed in Se
tion 4.3.1), su
h that do
umentsare randomly distributed in 7 sub
olle
tions. Table 4.1 shows the 
oe�
ient of 
orrelationbetween the normalized frequen
y of text terms in the sub
olle
tions of do
uments and thenormalized frequen
y of text terms in the query 
olle
tion. We observe that the 
orrelationpattern between the do
ument 
olle
tion and query remains virtually un
hanged afterthe partition of the whole 
olle
tion among the index servers. This indi
ates that datadistribution in our experiments seems unlikely to be a signi�
ant sour
e of imbalan
e inthe servi
e time of parallel query pro
essing.Figure 4.3 shows the PMF of the sizes of queries in our query log. The size of a queryis given by the sum of the sizes of the inverted lists related to its terms. It is interesting topoint out that the distribution of servi
e times of unrelated queries with respe
t to theirsize and their frequen
y in the 
olle
tion (Figure 4.9) follows the same kind of distributionof sizes of queries.



4.3. CHARACTERIZING IMBALANCE 35Table 4.1: Correlation between the frequen
y of text terms in queries and in sub
olle
tions.Sub
olle
tion Coe�
ient of 
orrelation
1 0.309722

2 0.309536

3 0.309643

4 0.309901

5 0.309465

6 0.309528

7 0.309692Whole 
olle
tion 0.309645
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Query size (megabytes)Figure 4.3: PMF of the sizes of queries.4.3 Chara
terizing Imbalan
eWe de�ne the imbalan
e of a given query as the ratio between the maximum servi
e timeand average servi
e time of index servers parti
ipating in the parallel pro
essing for thisparti
ular query. The servi
e time is de�ned as the time for re
eiving servi
e at an indexserver, whi
h does not in
lude the waiting time in queue. This imbalan
e metri
 equals 1



36 CHAPTER 4. ANALYZING IMBALANCE AMONG HOMOGENEOUS INDEX SERVERSin a perfe
tly balan
ed s
enario that yields the maximum servi
e time exa
tly mat
hingthe average servi
e time. As the imbalan
e metri
 progressively gets higher than 1, thereis a stronger indi
ation that the query response time is dominated by a mu
h larger servi
etime of a single index server.In Se
tion 4.3.1, we des
ribe our experimental setup, in
luding the homogeneous 
lusterof index servers and the uniform distributions of sizes of inverted lists a
ross index servers.Based on this experimental study, we verify the presen
e of a signi�
ant level of imbalan
ein servi
e time among the servers in despite of the 
olle
tion being uniformly distributedamong these same servers. Moreover, we identify and analyze the main sour
es for thisimbalan
e: the use of disk 
a
he in Se
tion 4.3.2, and the size of main memory and thenumber of index servers in the 
luster in Se
tion 4.3.3.4.3.1 Experimental SetupFor the experiments reported in this 
hapter, we use a 
luster of 7 homogeneous indexservers. In our setup, ea
h index server is a Pentium IV with a 2.4 gigahertz pro
essor,
1 gigabytes of main memory and a ATA IDE disk of 120 gigabytes. The broker is anATHLON XP with a 2.2 gigahertz pro
essor and 1 gigabytes of main memory. The 
lientma
hine, responsible for managing the stream of user queries, is an AMD-K6-2 with a
500 megahertz pro
essor and 256 megabytes of main memory. All of them run the DebianLinux operating system kernel version 2.6. Index servers and broker are 
onne
ted by a
100 megabits/se
ond high-speed network.The do
ument 
olle
tion used in our experiments is relatively small 
ompared to theenormous 
olle
tions handled by modern sear
h engines. In order to over
ome this limi-tation and establish a s
enario to 
ondu
t our experiments where the absen
e of enough
apa
ity for disk 
a
he may happen, we maintain a bounded ratio between the size of thesub
olle
tions and the size of the main memory at ea
h index server by limiting the latterto 200 megabytes, unless otherwise stated.In our experiments, we adopt the standard ve
tor spa
e model to rank the do
umentsretrieved from the index servers (see Se
tion 2.1.3). Combined to the text-based rankingperformed by the ve
tor spa
e model, a link-based ranking might be used to improvethe relevan
e evaluation of retrieved do
uments, i.e., the do
uments resulting from theinterse
tion of inverted lists related to the query terms. Sin
e link information for ea
hdo
ument is pre-
omputed o�ine, its usage 
an be fully 
arried out using main memory,thus not generating imbalan
e in query servi
e times among homogeneous index servers,
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ause the main sour
es of imbalan
e are related to disk operations, as further detailed inSe
tions 4.3.2 and 4.3.3. Also, we evaluate the full inverted lists (see Se
tion 2.1.4). Modernsear
h engines that deal with huge do
ument 
olle
tions perform a partial evaluation ofinverted lists instead of a full one. If we adopt partial evaluation of inverted lists�meaningshorter inverted lists�imbalan
e in query servi
e times among homogeneous index serverswould be expe
ted to be smaller. Nevertheless, partial evaluation of a huge do
ument
olle
tion may 
ause a similar load as the one in our full evaluation 
ase.To avoid imbalan
e among index servers, we opt for balan
ing the distributions of thesizes of the inverted lists that 
ompose the lo
al inverted indexes. To a
hieve this we simplyassign ea
h do
ument to an index server randomly. A random distribution of do
umentsamong index servers works well be
ause it naturally spreads do
uments of various sizesa
ross the 
luster. As a result, the distributions of do
ument sizes in the index serversbe
ome similar in shape, thus leading to inverted lists whose size distributions are alsosimilar. Our motivation is to balan
e the storage spa
e utilization at the di�erent indexservers and, as a 
onsequen
e, redu
e imbalan
e in servi
e time at the servers [5,7,8℄, thusminimizing the e�e
ts of this possible sour
e of imbalan
e.Figure 4.4 illustrates the probability mass fun
tion (PMF)1 of the size of the invertedlists that 
ompose the 7 lo
al inverted indexes in our 
luster with 7 index servers (detailedin Se
tion 4.3.1). We observe that the distribution of storage use is very similar in shapethroughout the di�erent index servers (a
tually, they overlap ea
h other in Figure 4.4),indi
ating that the random assignment of do
uments to servers works �ne to balan
estorage use among servers.Although the utilization of disk spa
e at index servers is balan
ed, as shown in Fig-ure 4.4, we investigate if this balan
ed storage use among the sub
olle
tions re�e
ts onbalan
ed lo
al servi
e times among index servers, or not. Figure 4.5 illustrates the distri-butions of average, maximum, and minimum lo
al servi
e times per query. These statisti
son servi
e time for a query are 
omputed from lo
al servi
e times of index servers that ef-fe
tively parti
ipate in the parallel query pro
essing in our 
luster. Interval bars representthe minimum and maximum servi
e times for ea
h query. To allow visual inspe
tion, wedisplay results for sele
ted queries at intervals of 2000 queries.As an out
ome of these experimental results, we verify in pra
ti
e a 
onsistent imbal-an
e per query in the servi
e time at index servers, even though the distribution of sizes1For dis
rete random variables, su
h as the size of inverted lists, we use a probability mass fun
tion(PMF). For 
ontinuous random variables des
ribed later, su
h as the servi
e time of queries, we use aprobability density fun
tion (PDF).
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Figure 4.4: PMF of the sizes of inverted lists.
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e times per query.of inverted lists at the various index servers are quite balan
ed. Motivated by this unex-pe
ted result, whi
h 
ontradi
ts the usual assumption of balan
ed servi
e times adopted



4.3. CHARACTERIZING IMBALANCE 39by theoreti
al models found in the literature, we 
ondu
t a 
omprehensive experimentalanalysis to investigate the sour
es for the observed imbalan
e. As a 
onsequen
e, we iden-tify the main sour
es for imbalan
e: the use of disk 
a
he, the size of main memory in thehomogeneous index servers, and the number of servers in the 
luster. We analyze the �rstsour
e of imbalan
e in Se
tion 4.3.2 and the other ones in Se
tion 4.3.3.4.3.2 In�uen
e of Disk Ca
heWe identify the use of disk 
a
he at the di�erent index servers as the major sour
e ofimbalan
e. To illustrate the 
onsequen
es of this e�e
t on query performan
e, we refer toa sample query pro
essing observed in our real experiments, where we 
onsider our 
lusterwith 7 index servers and a user query q with the following servi
e times (in millise
onds)at servers: 31.83, 26.41, 30.12, 24.43, 5.27, 35.09, 28.18. For the same sample, the diska

ess times (in millise
onds) at index servers is: 27.62, 22.18, 25.67, 20.25, 1.01, 30.87,
23.94, and the number of bytes retrieved from disk by the servers is: 374, 128, 375, 920,
378, 328, 375, 712, 374, 376, 373, 864, 373, 352. Even though index servers read from thedisk a similar amount of data, the servi
e time of server 5 is mu
h smaller than the others(1.01 millise
onds). A possible explanation for this relatively small disk a

ess time is thatinverted lists were found in the disk 
a
he of the operating system, thus a

elerating diskI/O at this parti
ular index server in 
omparison with the disk a

ess time observed at theother servers.Figure 4.6 shows the PDF of lo
al disk a

ess times in our 
luster. Note that thedistributions of disk a

ess time in the distin
t index servers overlap ea
h other, indi
atingthat the behavior of disk a

ess throughout the servers is very similar. We observe thatthe disk a

ess times at all index servers are basi
ally grouped in two main regions: the�rst region is related to disk a

ess times less than 4.5 millise
onds and the se
ond regionto disk a

ess times greater than 4.5 millise
onds. We attribute the �rst region of smallerlo
al disk a

ess times to queries whose inverted lists are found in the disk 
a
he (referredto as 
a
he region), and the se
ond region of larger disk a

ess times to queries whoselists had to be a
tually retrieved from disk (referred to as disk region). It is interestingto observe that the boundary between these two regions (
a
he region and disk region)and the peak in the disk region a
tually 
orrespond to two te
hni
al spe
i�
ations of theadopted storage devi
es: the average rotational laten
y (4.5 millise
onds) and the laterplus the average seek laten
y (13.5 millise
onds). Seek laten
y is the time taken to movedisk heads to the right tra
k and rotational laten
y refers to the waiting time until theright se
tor is under the read/write head.
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Figure 4.6: PDF of lo
al disk a

ess times.Note that the disk a

ess 
an be some orders of magnitude faster if the index server�nds the needed data in the 
a
he region, thus avoiding the mu
h slower a
tual a

ess tothe disk. For a given query q, if the lo
al disk a

ess time at a single index server is inthe disk region and the lo
al disk a

ess times at the other servers are in the 
a
he region,then the imbalan
e of query q might be severe.Indeed, we verify that imbalan
e in servi
e times among index servers in
reases withthe number of servers operating in the 
a
he region, as shown in Figure 4.7. The pointsin Figure 4.7 show the imbalan
e for ea
h query and the line shows the average imbalan
eover queries as a fun
tion of the number of index servers operating in the 
a
he region.This value is of 
ourse 
omplementary to the number of index servers operating in thedisk region. For example, for a parti
ular query being pro
essed in our 
luster of 7 indexservers, if Figure 4.7 shows that 2 of them operate in the 
a
he region, then ne
essarily theother 5 are in disk region, dire
tly in�uen
ing the imbalan
e magnitude.To better understand how disk 
a
he dire
tly impa
ts imbalan
e, it is important to takea 
areful look at the average imbalan
e in Figure 4.7 for some representative s
enarios: no
a
he, the worst 
ase, and the best 
ase. In the no 
a
he s
enario (i.e., 0 in the x-axis ofFigure 4.7), all index servers a
tually a

ess the disk to retrieve the needed data, obtainingthe lowest imbalan
e (1.38) among the 
ases where there is at least one server operating in
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e 
aused by the number of index servers operating in the 
a
he region.the disk region. The worst 
ase for imbalan
e (i.e., 6 in the x-axis of Figure 4.7) presentsa mu
h higher imbalan
e (3.45) be
ause a single index server has a mu
h larger servi
etime than the 
orresponding servi
e times at all remaining servers, thus leading to a highimbalan
e value. This happens be
ause there is one single index server that has a largeservi
e time and a set of other servers that have mu
h smaller servi
e times be
ause theyretrieve the needed information from the disk 
a
he. In 
ontrast, the best 
ase to avoidimbalan
e (i.e., 7 in the x-axis of Figure 4.7) results in an average imbalan
e of 1.08 andis a
hieved when all index servers operate in the 
a
he region, thus resulting in a smallimbalan
e value due to the relatively small and similar disk a

ess times throughout the
luster of servers.The best 
ase and the no 
a
he s
enarios present the two smallest imbalan
ed results,a 
onsequen
e of having all index servers operating in the same (
a
he or disk) region,thus providing no abrupt di�eren
e among the servi
e times of the parti
ipating servers.Nevertheless, the no 
a
he s
enario still yields a signi�
antly higher imbalan
e with respe
tto the best 
ase, whi
h 
an be explained by the higher varian
e found in dire
t disk a

esswhen 
ompared to the varian
e found in memory a

ess. Besides having the lowest imbal-an
e, the best 
ase also provides the fastest response time sin
e all needed data to pro
essa query are found in the disk 
a
hes at the index servers.



42 CHAPTER 4. ANALYZING IMBALANCE AMONG HOMOGENEOUS INDEX SERVERSWe further analyze the relationship between the size of queries and the frequen
y ofqueries in the 
olle
tion, investigating if there are any links to the use of disk 
a
he. Aspreviously explained, the size of a query is given by the sum of the sizes of the invertedlists related to its terms. Therefore, we 
onsider separately the queries that �nd a 
ertainlevel of relation between the size of the inverted lists they demand and their frequen
yin the 
olle
tion, and those that do not. To a
hieve this, we 
al
ulate the relation as theratio between the query size and the query frequen
y. If this ratio is greater than or equalto 0.25 and less than or equal to 4, then the size and the frequen
y of the query are relatedby a fa
tor of 4, whi
h we 
onsider as representing a reasonable level of relation betweenthem. Therefore, queries that fall into this 
riterion are 
onsidered related, otherwise theyare 
onsidered unrelated.In Figure 4.8, we plot the normalized size of queries as a fun
tion of the normalizedfrequen
y of queries in the 
olle
tion, but we make a distin
tion between the related andthe unrelated queries. When we make this distin
tion, it is interesting to analyze sepa-rately three di�erent representative regions that show up in Figure 4.8: (i) Region 1 is
hara
terized by unrelated data where the size of queries is prevailing over the frequen
yof queries; (ii) Region 2 
ontains the related queries; and (iii) Region 3 is 
hara
terized byan unrelated region where the frequen
y of queries is prevailing over the size of queries.
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ompares the servi
e time for related and unrelated queries with respe
t totheir size and their frequen
y in the 
olle
tion. This 
omparison 
learly shows that the wellrelated queries (Region 2) have taken a better bene�t of disk 
a
he. This happens be
ausethey have the best tradeo� between the size of their inverted lists and their frequen
y in the
olle
tion. On the one hand, the largest inverted lists are demanded by the most frequentqueries, favoring disk 
a
hing of these large inverted lists. On the other hand, rare queries,unlikely to �nd the inverted lists they need in the disk 
a
he, require the smallest invertedlists that do not demand large transfer times from the disk. For the unrelated data fromRegion 1, the frequen
y of queries is proportionally smaller than the size of queries. Thisimplies that rare queries demand for large inverted lists, thus resulting in no use of disk
a
he and large transfer delays. The unrelated data from Region 3 fa
e the opposite: queryterms impose relatively small data volumes to be retrieved in the system, thus getting smallservi
e times either through small transfer delay or through the use of disk 
a
he. Althoughthese queries have small servi
e times they are not as numerous as the related ones or theunrelated ones in Region 1. Therefore, related queries prevail as a group in getting thesmallest servi
e time. Furthermore, to 
orroborate this analysis it is important to noti
ethat in Figure 4.9 the unrelated distribution mimi
s the size distribution (Figure 4.3) whilethe related one mimi
s the e�e
t of disk 
a
he (Figure 4.6).
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Figure 4.9: PDF of exe
ution times for related and unrelated queries.



44 CHAPTER 4. ANALYZING IMBALANCE AMONG HOMOGENEOUS INDEX SERVERSThese results on the in�uen
e of disk 
a
he on imbalan
e also suggest that the morememory available for disk 
a
he at the index servers, the lower the imbalan
e, and thelarger the number of servers in the 
luster, the higher the imbalan
e, as we will dis
uss inthe following.4.3.3 In�uen
e of Main Memory Size and Number of Index ServersThe results from Se
tion 4.3.2 indi
ate that other sour
e of imbalan
e is the size of themain memory of index servers be
ause this a�e
ts the availability of data in the 
a
heregion at servers and, as a 
onsequen
e, the imbalan
e. Therefore, we investigate in thisse
tion how the main memory size at the index servers a
tually in�uen
es on the imbalan
ein parallel query pro
essing.Figure 4.10 shows the average imbalan
e as a fun
tion of the number of index serversin our 
luster, while varying the size of the main memory at ea
h server. We observethat the average imbalan
e in servi
e time of index servers in
reases as the size of mainmemory de
reases, as would be expe
ted. For the average imbalan
e shown in Figure 4.10,the best �tting we found was a logarithm growth of the number of index servers given by
O(log1.24(x)), O(log1.04(x)), O(log1.08(x)), O(log1.21(x)), O(log1.27(x)), for 200, 300, 400,
500, and 600 megabytes of main memory, respe
tively.
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Figure 4.10: Average imbalan
e as a fun
tion of the main memory size at index servers.



4.4. CONCLUDING REMARKS 45On the one hand, when the main memory size is relatively large as 
ompared to thesize of the lo
al index stored at the index servers, there is more memory 
apa
ity availablefor the operating system to perform disk 
a
he operations. This implies that lo
al diska

ess times at all index servers fall into the 
a
he region for a high per
entage of queriesin our 
olle
tion and this is exa
tly the best 
ase s
enario that produ
es the smallestimbalan
e (see Se
tion 4.3.2). On the other hand, 
onsidering a relatively small mainmemory available for disk 
a
he, index servers need to a
tually retrieve the inverted listsfrom the disk. In this s
enario, the queries are more sus
eptible to imbalan
e as some diskblo
ks might be found in the disk 
a
he of a few index servers and not be found in thedisk 
a
he of the remaining servers. We also point out that there is a diminishing returnin terms of imbalan
e while the RAM memory 
apa
ity in
reases.The results presented in Se
tion 4.3.2 also indi
ates that another sour
e of imbalan
eis the number of index servers in the 
luster, be
ause the probability to o

ur varian
eamong lo
al servi
e times in
reases with the number of index servers parti
ipating inthe parallel query pro
essing. We observe in Figure 4.10 that, for a �xed size of mainmemory, the average imbalan
e in servi
e times of index servers in
reases with the numberof index servers parti
ipating in the parallel query pro
essing. We have already dis
ussedin Se
tion 4.3.2 that the average imbalan
e in
reases with the number of index serversoperating in the 
a
he region, as shown in Figure 4.7. Therefore, this indi
ates that thelarger the number of index servers parti
ipating in the parallel query pro
essing, the higherthe probability of in
reasing the ratio between the number of servers operating in the 
a
heregion and those in the disk region. As a 
onsequen
e, this leads to larger imbalan
e inservi
e times per query in the 
luster.4.4 Con
luding RemarksIn this 
hapter, we investigated and analyzed the imbalan
e among homogeneous indexservers in a 
luster for parallel query pro
essing. We veri�ed a 
onsistent imbalan
e perquery in the servi
e time at index servers, even though the distribution of sizes of invertedlists at the servers are quite balan
ed. Our results are derived from a 
omprehensiveexperimental analysis using an information retrieval testbed and real data obtained from areal-world sear
h engine. This is an important experimental result be
ause it sheds light onthe usual assumption of balan
ed servi
e times adopted by many theoreti
al models in theliterature to simplify their modeling task [20, 23, 44℄. Further, we have also identi�ed and



46 CHAPTER 4. ANALYZING IMBALANCE AMONG HOMOGENEOUS INDEX SERVERSfully analyzed the main sour
es for this unexpe
ted imbalan
e: the use of disk 
a
he, thesize of main memory in the homogeneous index servers, and the number of index serversin the 
luster.



Chapter 5A Capa
ity Planning Model for WebSear
h EnginesIn this 
hapter, we propose a 
apa
ity planning model for Web sear
h engines. Se
tion 5.1introdu
es our model. Se
tion 5.2 
hara
terizes the query datasets used in our experimentalanalysis. Se
tion 5.3 des
ribes our 
apa
ity planning strategy for modernWeb sear
h enginear
hite
tures. Our 
on
luding remarks follow in Se
tion 5.4.5.1 Introdu
tionAlthough many performan
e models exist for 
apa
ity planning of di�erent systems [37℄,the availability in the literature of performan
e models for Web sear
h engines is ratherlimited. Ca
heda et al. [20℄ present a 
ase study of di�erent ar
hite
tures for a distributedinformation retrieval system, in order to provide a guide to approximate the optimal ar-
hite
ture with a spe
i�
 set of resour
es. Using a simulator based on an analyti
al modelfor query pro
essing, they analyze the e�e
tiveness of a distributed, repli
ated, and 
lus-tered ar
hite
ture simulating a variable number of workstations. Chowdhury and Pass [23℄introdu
e an approa
h based on queueing theory for modeling and analyzing ar
hite
turesfor sear
h systems in terms of their operational requirements: throughput, response time,and utilization. Both the analyti
al model in [20℄ and the queueing model in [23℄ simplyassume balan
ed servi
e times among homogeneous index servers that pro
ess an equalnumber of do
uments per query. However, even with a balan
ed distribution of the do
-ument 
olle
tion among index servers, relations between the frequen
y of a query in the47
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olle
tion and the size of its 
orresponding inverted lists lead to imbalan
es in query servi
etimes at these same servers, be
ause these relations a�e
t disk 
a
he behavior.In this 
hapter, we propose a 
apa
ity planning model for Web sear
h engines that
onsiders the imbalan
e in query servi
e times among homogeneous index servers. Ourmodel, whi
h is based on a queueing network, is simple and reasonably a

urate. To set upthe parameters of our model, we run experiments on a small 
luster of index servers thatwe have available. On
e the key parameters have been estimated, we 
an use our modelto very qui
kly gain insight into the behavior of the Web sear
h engine. To illustratethe appli
ability of our model in realisti
 s
enarios, we 
onsider a 
olle
tion of 20 billiondo
uments partitioned among 2, 000 index servers and analyze the impa
t of adoptingfaster CPUs and disks on the query system response time.Despite the use of sto
hasti
 modeling te
hniques, our work has a strong experimentalnature. We rely on experimental measurements taken using an a
tual 
luster of indexservers to �ne tune the parameters in our model. Further, we verify the a

ura
y of themodel by 
omparing its predi
tions with experimental results also produ
ed using the
luster of index servers.Given the simpli
ity of our model, and its yet reasonable a

ura
y, we believe that it
an be used su

essfully to study the behavior of large and 
omplex modern sear
h enginesin a variety of s
enarios.5.2 Workload Chara
terizationIn this se
tion, we 
hara
terize the query arrival pro
ess based on a
tual a

ess logs fromtypi
al Web sear
h engines. We analyze query datasets representing the query workload offour di�erent real-world Web sear
h engines: TodoBR [55℄, Radix [42℄, AllTheWeb [1℄, andAltavista [2℄. TodoBR and Radix fo
us on the Brazilian Web, whereas AllTheWeb andAltavista are worldwide sear
h engines. We remark that the 
urrent availability of querydatasets from modern operational sear
h engines is rather restri
ted be
ause su
h data areusually 
onsidered sensitive to sear
h engine operators.We �rst 
hara
terize the query 
olle
tion provided by ea
h 
onsidered dataset. Table 5.1presents the length of ea
h query dataset in di�erent dimensions su
h as the number ofobserved days and the total number of registered queries. We also analyze how diversequeries are as well as how popular are the terms in queries found in ea
h dataset. Figure 5.1
ompares the frequen
y of unique queries and the frequen
y of unique terms in queries



5.2. WORKLOAD CHARACTERIZATION 49throughout the four datasets. We verify that�although the query datasets 
over di�erenttime periods, query loads, users, and languages�the distribution of queries and of termsin queries throughout the datasets are quite similar and follow a Zipf's distribution [9,10℄.Fitting a straight line to the log-plot of the data presented in Figure 5.1, we 
an estimatethe value of the parameter α that is equal to the slope of the line. For the distributionof queries, the values of the parameter α of the Zipf's distribution are 0.82, 0.89, 0.75,and 0.74 for the TodoBr, Radix, AllTheWeb, and Altavista datasets, respe
tively. For thedistribution of terms in queries, the values of the parameter α of the Zipf's distributionare 0.98, 1.09, 0.90, and 0.88 for the TodoBr, Radix, AllTheWeb, and Altavista datasets,respe
tively. Table 5.1: Length of the 
onsidered query datasets.TodoBR Radix AllTheWeb AltavistaDataset begins at Jan 01 2003 Jan 01 2003 Sep 01 2003 Sep 28 2001Dataset ends at Aug 31 2003 Aug 31 2003 Sep 21 2003 O
t 03 2001Number of days 243 243 21 6Number of queries 6,806,795 19,934,196 25,080,586 7,169,365Number of unique queries 1,552,735 2,830,854 6,902,160 2,096,598Number of unique terms 228,396 358,406 4,408,672 820,817Average number of queriesper day 28,012 82,034 1,194,314 1,194,893
Ea
h query 
omprises a 
ertain number of terms, thereby di�erent queries impose avarying pro
essing demand for do
ument retrieval on the sear
h engine 
olle
tions. Theperforman
e e�e
ts of this heterogeneous demand on the Web sear
h engine as a fun
tionof the number of terms in ea
h query are further investigated in Chapter 5. For query
hara
terization purposes, as in this se
tion, we fo
us on the distribution of query lengthsthrough the 
onsidered query datasets. On one hand, the maximum number of termsper query we observe in ea
h dataset is 282 (TodoBR), 287 (Radix), 841 (AllTheWeb),171 (Altavista), basi
ally from a few users that 
opied a whole text snippet into the querybox. On the other hand, however, the median query length is 1 for AllTheWeb, and 2 forTodoBR, Radix, and Altavista datasets, while the mean query length a
ross the datasetsis 2.02 (TodoBR), 1.91 (Radix), 1.70 (AllTheWeb), and 2.22 (Altavista). These results
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(b) Frequen
y of terms in queriesFigure 5.1: Frequen
y of unique queries and unique terms in queries.suggest a signi�
ant trend towards queries 
omposed of just one to a few terms. We thusde�ne two 
lasses to investigate the performan
e e�e
ts of queries with di�erent lengths,namely 
lass small (queries with at most 2 terms) and 
lass large (queries with more than
2 terms). Table 5.2 shows the distribution of queries in the observed datasets onto ea
h



5.2. WORKLOAD CHARACTERIZATION 51de�ned 
lass. The presented results 
on�rm the prevalen
e of very short queries�i.e.,queries 
ontaining two or fewer terms�for all datasets.Table 5.2: Query 
lass distribution.Class TodoBR Radix AllTheWeb Altavistasmall 0.73 0.78 0.84 0.68large 0.27 0.22 0.16 0.32A periodi
 behavior on the query workload is 
onsistently observed in the four 
onsid-ered query datasets. Figure 5.2 presents the query workloads measured in terms of thenumber of queries within 60-minute bins over the whole duration of ea
h dataset. Figure 5.3shows the mean query workload over all weeks. The query workload 
learly presents dailyload variations. In parti
ular, working days present similar loads among them that aredi�erent from those observed on weekend days.Table 5.3 shows the mean query arrival rate (in queries per se
ond) over all weeks forall queries and queries in ea
h 
lass for all datasets. AllTheWeb and Altavista datasetspresent a heavier query load than TodoBR and Radix. This is an expe
ted result sin
e theformer are worldwide sear
h engines and the latter regional ones.In spite of the number of available query datasets being rather limited, it is even harderto obtain datasets for the 
olle
tion of do
uments used by Web sear
h engines to generatean answer page for ea
h re
eived query. This is so be
ause the set of 
olle
ted do
umentsis seen as strategi
 and proprietary information by the major Web sear
h operators. In
ontrast, having a

ess to the do
ument 
olle
tion is fundamental for analyzing the per-forman
e of a Web sear
h engine in fa
e of a given query workload using real experimentsas we do in Chapter 5. Although we have a

ess to four di�erent query datasets, we onlyhave a

ess to the do
ument 
olle
tion of one of them, namely TodoBR. This would besomewhat 
onstraining for the performan
e analysis be
ause this Web sear
h engine is rel-atively light-loaded in terms of query arrival rates as 
ompared to other worldwide ones(e.g., AllTheWeb and Altavista).The solution we adopt is to apply a folding pro
edure on the TodoBR dataset to boostits query arrival rate. Therefore, we fold the TodoBR dataset by merging all queries of ea
hday of a week using data from the entire dataset, while still keeping the original 
hara
-teristi
s of workload aspe
ts with key impa
t on system performan
e, su
h as distributionof queries, distribution of terms in queries, distribution of the number of terms in queries,
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Time (60-minute bins)(d) AltavistaFigure 5.2: Query load variation through the 
onsidered datasets.and distribution of the interarrival times of queries 
hara
terized later. Figure 5.4 presentsthe daily load variation in the resulting folded TodoBR dataset. We highlight that thefolded TodoBR dataset a
hieves query arrival rates similar to those observed in the moreheavy-loaded Web sear
h engines we study. This 
an be observed as we 
ompare the resultsfrom Table 5.4 (for the query arrival rate of the folded TodoBR dataset) with the resultspresented in Table 5.3 for AllTheWeb and Altavista query datasets, and the results fromFigure 5.4 (for the daily load variation in the folded TodoBR dataset) with the resultspresented in Figures 5.3(
) and 5.3(d) for the AllTheWeb and Altavista datasets, respe
-tively. Through this folding pro
edure we are able to analyze and model the performan
eof a Web sear
h engine in Chapter 5 based on the handling of this folded query dataset bya 
luster of index servers with the 
orresponding do
ument 
olle
tion of the same sear
hengine.
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Time (60-minute bins)(d) AltavistaFigure 5.3: Mean number of queries over time (modulo one week) for the 
onsidereddatasets.We also 
hara
terize the interarrival pro
ess of the folded version of the TodoBRdataset, whi
h is used as input stream in the analysis and modeling further des
ribedin Chapter 5. We evaluate the �tting provided by a diverse set of well-known distributionsto the interarrival time distribution observed per query 
lass in several high-load hours withstable arrival rate of the folded TodoBR dataset. For all time periods analyzed, we ver-ify that the Exponential distribution�although not providing the best-�t of all�presentsa fairly reasonable �tting (for both small and large 
lasses of queries) 
ompared to theGamma and Weibull distributions, whereas the Lognormal and Pareto distributions fail tomodel the observed data by far. Table 5.5 presents the sum of the squares of the di�eren
esbetween the observed interarrival time distribution per query 
lass in a high-load hour andthe best-�t provided by ea
h of these well-known distributions.



54 CHAPTER 5. A CAPACITY PLANNING MODEL FOR WEB SEARCH ENGINESTable 5.3: Query arrival rate (queries/se
ond).TodoBR RadixDay All Class small Class large Day All Class small Class largeSun 0.48 0.36 0.12 Sun 1.88 1.46 0.42Mon 0.69 0.51 0.18 Mon 1.36 1.06 0.30Tue 0.70 0.51 0.19 Tue 1.45 1.13 0.32Wed 0.67 0.49 0.18 Wed 1.40 1.09 0.31Thu 0.70 0.53 0.17 Thu 1.40 1.11 0.29Fri 0.61 0.42 0.19 Fri 1.33 1.05 0.28Sat 0.47 0.33 0.14 Sat 1.80 1.40 0.40AllTheWeb AltavistaDay All Class small Class large Day All Class small Class largeSun 15.24 13.10 2.14 Sun 21.16 14.55 6.61Mon 19.68 16.53 3.15 Mon 29.64 20.77 8.87Tue 21.16 17.72 3.44 Tue 29.36 20.15 9.21Wed 19.46 16.36 3.10 Wed 27.54 19.05 8.49Thu 19.19 16.17 3.02 Thu � � �Fri 18.99 16.07 2.92 Fri 13.61 9.32 4.29Sat 14.78 12.66 2.12 Sat 18.97 13.03 5.94
For the sake of simpli
ity in modeling, we 
hoose to pro
eed based on the assumption ofan exponential interarrival pro
ess for queries. We point out that this de
ision is based onthe fa
t that the Exponential distribution is mu
h simpler to model than the other ones andthat our results demonstrate that the Exponential distribution approximates the observedinterarrival pro
ess of queries within quite a

eptable bounds. In order to illustrate how
lose the �tting provided by the Exponential distribution is to the observed interarrivaltime distribution for the two 
lasses of queries, we show the exponential �tting of queryinterarrival times in a high-load hour of the folded TodoBR dataset in Figure 5.5.
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Time (60-minute bins)Figure 5.4: Daily load variation in the folded TodoBR log.Table 5.4: Query arrival rate in the folded TodoBR log (queries/se
ond).Day All Class small Class largeSun 16.27 12.08 4.19Mon 23.58 17.42 6.16Tue 23.79 17.30 6.49Wed 22.77 16.67 6.10Thu 23.80 18.03 5.77Fri 20.77 14.21 6.56Sat 16.05 11.20 4.855.3 Capa
ity Planning for Sear
h EnginesThis se
tion des
ribes our 
apa
ity planning strategy for modern Web sear
h engine ar-
hite
tures, des
ribed in Se
tion 2.1. Our 
apa
ity planning strategy relies on a queueing-based analyti
al model to estimate the average query system response time. Its design wasdriven by the empiri
al observation that a tool to be useful to Web engineers should beeasy to 
on�gure and to apply in pra
ti
al s
enarios. Thus, model simpli
ity is of utmost
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(b) Class largeFigure 5.5: Distribution of interarrival times per query 
lass.importan
e, even if it 
omes at the 
ost of a reasonable 
ompromise in model a

ura
y. Asit will be shown, our model is simple, relies on easy-to-
olle
t data, and still has reasonablea

ura
y.



5.3. CAPACITY PLANNING FOR SEARCH ENGINES 57Table 5.5: Sum of the squares of the di�eren
es between the measured and �tted distribu-tion of interarrival times per query 
lass.Distribution Class small Class largeExponential 0.003703 0.003777Gamma 0.004901 0.001215Weibull 0.002582 0.000874Lognormal 0.382970 0.958472Pareto 5.062961 9.8617885.3.1 Performan
e Model OverviewThe Web sear
h engine is represented by the queueing network des
ribed in Figure 5.6. Wemodel the system as an open queueing network 
omposed of the broker and the subsystemof index servers. We assume the index servers have homogeneous resour
es (as would be the
ase in several real s
enarios) and that the 
olle
tion of do
uments is uniformly distributedover all servers. Thus, the load is assumed to be balan
ed a
ross all index servers. Finally,the network 
onne
ting index servers and broker is typi
ally a high-speed network and,as observed in our experiments, introdu
es negligible delays to the query system responsetime. Therefore, it is not expli
itly represented in our model.In our Web sear
h model, the subsystem 
omposed of all index servers is modeled as afork-join queueing network [37℄. In a fork-join queueing network, ea
h arriving task (i.e.,query) is split (i.e., fork) into p identi
al sub-tasks. Ea
h sub-task is sent to a di�erent indexserver. The queueing dis
ipline at ea
h index server is FCFS (First-Come First-Served).When a sub-task �nishes exe
ution, it will wait until all the other sub-tasks �nish (i.e., join).Only at this moment the task 
ompletes exe
ution and leaves the network. This behaviormimi
s the parallelism in pro
essing queries by the index servers and the syn
hronizationintrodu
ed at the broker for 
ombining partial results. Mean Value Analysis (MVA) [43℄o�ers an e�
ient solution for produ
t-form queueing networks. In parti
ular, MVA 
anbe used to produ
e performan
e estimates for ea
h individual index server. However, thefork-join feature violates the assumptions required by the exa
t MVA solution. Thus, weuse approximate MVA and bounding te
hniques [37℄ (see Se
tions 2.2.1 and 2.2.2) to solvethe 
omplete Web sear
h model.As indi
ated in Se
tion 5.2, typi
al queries may have heterogeneous demands for dif-ferent resour
es of the index servers depending on the number of terms they 
ontain.
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h engine.Moreover, re
all that in order to pro
ess a query, an index server needs to retrieve theinverted lists related to the query terms from disk. Thus, query servi
e time at the indexserver is dominated by disk time and, possibly, CPU time. However, due to the lo
ality ofreferen
e in the terms of queries that rea
h the sear
h engine, an index server might �ndsome or all the inverted lists in the disk 
a
he (in memory). Thus, some queries may notretrieve any data from disk. In fa
t, during our validation experiments (see Se
tion 5.3.2),we found a non-negligible number of su
h queries in all 
lasses of our workloads.In order to 
apture the impa
t of query heterogeneous resour
e demands, we re�ne ourindex server model as follows. First, we separately model two query 
lasses (as de�ned inSe
tion 5.2), namely 
lass small (queries with at most 2 terms) and 
lass large (querieswith more than 2 terms). Se
ond, we separately model the average demands for CPU anddisk, as well as the probability of full disk 
a
he hit (i.e., all inverted lists are found inthe disk 
a
he) at an index server for ea
h query 
lass. Queries of 
lass large have largerdemands for CPU and disk of an index server than queries of 
lass small, while queries of
lass small have higher probabilities of full disk 
a
he hit at an index server than queriesin 
lass 
lass large. Note that the impa
t of partial disk 
a
he hits is indire
tly 
aptured
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h 
lass. We further assume that queries may havedi�erent CPU demands depending on whether they retrieve any data from the disk. Giventhat queries are pro
essed sequentially by ea
h index server (see Se
tion 2.1), there is noqueueing at any resour
e (CPU nor disk) of an index server.Finally, the query residen
e time at the broker 
onsists of lo
al pro
essing for broad-
asting the query to all index servers, re
eiving partial results from all servers, and mergingthe re
eived partial results, whi
h depends on the number of servers in the 
luster. We re-mark that the average query residen
e time at the broker is relatively low 
ompared to theaverage query system response time. Indeed, for our experiments with varied parameters,the average query residen
e time at the broker is negligible, rea
hing at most 0.01% of theaverage query system response time. There are two fundamental reasons for this. First,broker's operation is fully 
arried out using main memory, thus demanding only CPU timeas opposed to an index server's operation that is 
omposed of CPU and disk demands.Se
ond, all the tasks the broker exe
utes are relatively simple tasks that do not take mu
hCPU time. It should be noted that the broker does not have to make ranking 
omputa-tions and does not have to exe
ute algebrai
 operations, other than 
omparing do
umentidenti�ers. Table 5.6 presents the system and workload input parameters as well as theoutput parameters of our model. The average residen
e time of a query at a resour
e isde�ned as the sum of the average waiting time in queue and the average servi
e time (i.e.,the average time for re
eiving servi
e at the resour
e).5.3.2 Model SolutionThis se
tion des
ribes our solution to estimate the average query system response time of aWeb sear
h engine, modeled as shown in Figure 5.6. Re
all that our main design goals aresimpli
ity and reasonable a

ura
y. Moreover, we are parti
ularly interested in solutionsthat deliver a good tradeo� for heavy load s
enarios, when the sear
h engine is approa
hingsaturation (i.e., server utilization 
lose to 100%).Index Server ModelThis se
tion derives the average query residen
e time at one index server. Consideringthat queries are pro
essed one at a time by ea
h index server (see Se
tion 2.1), there is noqueueing at any resour
e (CPU nor disk) of an index server. Thus, we introdu
e here an



60 CHAPTER 5. A CAPACITY PLANNING MODEL FOR WEB SEARCH ENGINESTable 5.6: Input and output parameters of our model.Inputs Des
ription
p Number of index servers
R number of query 
lasses
λr Query arrival rate for 
lass r (r = 1 . . .R)
Sbroker

p Average query servi
e time at the broker for a 
luster with p index servers
Dserver

cpuhit,r
Average demand for CPU at an index server for 
lass r queries that �ndall inverted lists in the disk 
a
he

Dserver
cpumiss,r Average demand for CPU at an index server for 
lass r queries thatretrieve data from disk

Dserver
disk,r Average disk demand at an index server for 
lass r queries

hitr Probability of a 
lass r query �nding all inverted lists in the disk 
a
heOutputs Des
ription
Rsystem Average query system response time
Rcluster Average query residen
e time at the index server subsystem
Rbroker

p Average query residen
e time at the broker for a 
luster with p indexservers
Rserver Average query residen
e time at an index server
Rserver

r Average residen
e time for 
lass r queries at an index server
Sserver Average query servi
e time at an index server
Sserver

r Average servi
e time for 
lass r queries at an index server
Userver Total resour
e utilization of an index serverabstra
tion for the index server as a single servi
e 
enter, whose average servi
e time of a
lass r query (i.e., the average time required to pro
ess it) is given by:

Sserver
r = hitrD

server
cpuhit,r

+ (1− hitr)(D
server
cpumiss,r + Dserver

disk,r ) (5.1)The average query servi
e time at an index server is estimated as the weighted averageof the servi
e time for ea
h 
lass, with the weights given by their relative throughputs:
Sserver =

R
∑

r=1

λr

λ
Sserver

r (5.2)



5.3. CAPACITY PLANNING FOR SEARCH ENGINES 61Using Little's Result [37℄, the utilization of the servi
e 
enter representing an indexserver by 
lass r queries 
an be estimated by multiplying Sserver
r by the 
orrespondingquery arrival rate λr. The total server utilization 
an be 
al
ulated as:

Userver =
R

∑

r=1

λrS
server
r (5.3)Using an MVA equation for open networks [37℄ (see Se
tions 2.2.1), we estimate theaverage residen
e time of a 
lass r query at an index server as:

Rserver
r =

Sserver
r

1− Userver
(5.4)Finally, the average query residen
e time at an index server is estimated as the weightedaverage of the residen
e times for ea
h 
lass as:

Rserver =
R

∑

r=1

λr

λ
Rserver

r (5.5)System ModelThe average query system response time is the sum of the average query residen
e timesat the broker and at the index server subsystem. The average query residen
e time at thebroker for a 
luster with p index servers 
an be easily estimated using MVA as:
Rbroker

p =
Sbroker

p

1− λSbroker
p

(5.6)Re
all that the index server subsystem (i.e., 
luster of index servers) is modeled asa fork-join network. There is no known 
losed-form solution for fork-join networks withmore than 2 queues. Hen
e, the performan
e metri
s of su
h networks must be 
omputedusing approximation and bounding te
hniques. An easy lower-bound on the average queryresiden
e time in the fork-join subsystem is obtained by ignoring the syn
hronization delaysand 
onsidering the average query residen
e time in the fork-join subsystem equals to theaverage query residen
e time at an index server (see Equation 5.5). However, as the numberof index servers in
reases, we expe
t a signi�
ant deviation from this lower-bound due tothe syn
hronization overhead.A number of approximations for queueing models with fork-join syn
hronization, withvarious degrees of 
omplexity and a

ura
y, are available in the literature (see [3, 22, 25,34,40,54,57�60,64℄ and referen
es within). Nelson and Tantawi [40℄ propose a very simple



62 CHAPTER 5. A CAPACITY PLANNING MODEL FOR WEB SEARCH ENGINESupper-bound on the average response time for fork-join queueing networks, whi
h dependsonly on the number of index servers p, and on the average query servi
e time and serverutilization (see Se
tion 2.2.2). The last two parameters are easily estimated using Equa-tions 5.2 and 5.3. Given the pth harmoni
 number Hp = 1+ 1

2
+ 1

3
+· · ·+ 1

p
, the upper-boundon the average query residen
e time at the index server subsystem is given by:

Rcluster ≤ Hp

Sserver

1− Userver
(5.7)As will be shown in the next se
tion, we found this upper-bound�although quitesimple�to yield reasonably a

urate estimates of the average query residen
e time at theindex server subsystem. Combining equations 5.5, 5.6 and 5.7, we obtain the followingbounds on the average query system response time for our Web sear
h engine:

Rserver + Rbroker
p ≤ Rsystem ≤ Hp

Sserver

1− Userver
+ Rbroker

p (5.8)Model ValidationA series of validation experiments were exe
uted in dedi
ated environment 
onsisting ofa 
luster of 8 homogeneous index servers and a single broker. Ea
h index server runson a 2.4 gigahertz Pentium IV pro
essor with 256 megabytes of main memory and a
120 gigabytes ATA IDE hard disk. The broker is an ATHLON XP with a 2.2 gigahertzpro
essor and 1 gigabytes of main memory. All of them run the Debian Linux operatingsystem kernel version 2.6. Index servers and broker are 
onne
ted by a 100 megabits/se
ondhigh-speed network.We used a test 
olle
tion 
omposed of roughly 10 million Web pages 
olle
ted by theTodoBR sear
h engine from the Brazilian Web in 2003. The 
olle
tion was uniformlydistributed over the 8 index servers, resulting in a lo
al sub
olle
tion of size b = 1.25 millionpages. The query dataset used in our tests is 
omposed of 85, 604 queries in a high-load hourof the folded TodoBR dataset whi
h, as dis
ussed in Se
tion 5.2, has tra�
 
hara
teristi
s
ommonly found in other sear
h engine workloads in the world.The values of the model input parameters were easily obtained by retrieving statisti
s
olle
ted by the Linux operating system and made available at the /proc pseudo-�lesystem,during the experiment. We 
olle
ted the value of ea
h parameter for ea
h query in ourtest dataset, averaging the results for ea
h 
lass at the end of the experiment. CPU anddisk demands for a query are 
olle
ted from the /proc/stat pseudo-�le. To estimate thefra
tion of queries that found all inverted lists in the disk 
a
he (hitr), we monitored the
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tors su

essfully retrieved from disk by ea
h query from ea
h 
lass,available in the I/O statisti
 �eld of the /proc/diskstats pseudo-�le. Table 5.7 presentsthe model input parameter values obtained in our experiments. The index server resour
edemands and hit probabilities are averages for all servers.Table 5.7: Model input parameter values.Parameter ValueClass small Class large
p (≤) 8 servers
b 1.25 million pages
Sbroker

p , p = 2 0.33 ms
Sbroker

p , p = 4 0.39 ms
Sbroker

p , p = 8 0.52 ms
Dserver

cpuhit,r
8.72 ms 12.92 ms

Dserver
cpumiss,r 6.36 ms 18.71 ms

Dserver
disk,r 19.47 ms 46.12 ms

hitr 0.20 0.11

λr/λ 0.73 0.27Figure 5.7 shows the average query residen
e time at an index server, averaged overall index servers, as a fun
tion of the total query arrival rate. The �estimated" 
urverepresents the results obtained with Equation 5.5, whereas the �measured" 
urve 
ontainsthe average query residen
e times measured in all 8 index servers. As shown, our model
aptures reasonably well the average performan
e of a typi
al index server. For an arrivalrate of 28 queries/se
ond, the average utilization of the disk, the bottlene
k resour
e atthe index servers, is already almost 75%, and the estimated aggregated utilization of theindex server resour
es (Userver) approa
hes 91%. Thus, the index server is approa
hingsaturation. For this load, the error introdu
ed by our model is only 25%, reasonably smallfor response time estimates [37℄.We now turn to the validation of the average query system response time. Figures 5.8and 5.9 show experimental results as well as the lower and upper-bounds on the averagequery system response time, estimated via Equation 5.8, as fun
tions of the arrival rateand of the number of index servers, respe
tively. In Figure 5.9, in order to make a fair



64 CHAPTER 5. A CAPACITY PLANNING MODEL FOR WEB SEARCH ENGINES

0.0

0.2

0.4

0.6

0.8

1.0

 16  18  20  22  24  26  28

R
es

id
en

ce
 ti

m
e 

(s
ec

on
ds

)

Query arrival rate (queries/second)

measured
estimated

Figure 5.7: Average query residen
e time at an index server as a fun
tion of the queryarrival rate (p = 8).

omparison, we kept the size of the sub
olle
tion b �xed (i.e., 1.25 million pages per indexserver), varying only the total number of servers p and, indire
tly, the size of the total
olle
tion n = pb.As the �gures show, the lower-bound on the average query system response time is agood approximation for systems with a small number of index servers and/or light loadedservers. However, as either the load or the number of index servers in
rease, the measuredaverage query system response time deviates signi�
antly from the lower-bound due to thesyn
hronization overhead. This 
ontrast with previous work that disregards imbalan
e inquery servi
e times among homogeneous index servers. In fa
t, we see that the measuredaverage query system response time approa
hes the upper-bound for large number of in-dex servers and heavy loads. In parti
ular, for p = 8 index servers and an arrival rate
λ = 28 queries/se
ond, the approximation error is only 7%. Therefore, the upper-boundprovides a simple-to-
ompute and yet reasonably a

urate approximation of the averagequery system response time of realisti
, typi
ally heavy-loaded, Web sear
h engines.
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Figure 5.8: Average query system response time as a fun
tion of the query arrival rate(p = 8).
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tion of the number of indexservers p (λ = 28 queries/se
ond).



66 CHAPTER 5. A CAPACITY PLANNING MODEL FOR WEB SEARCH ENGINES5.3.3 An Example of Model Appli
abilityIn this se
tion, we dis
uss how to use our model for the 
apa
ity planning of large s
aleWeb sear
h engines. This is important be
ause the number of index servers in a real 
lusteris usually large and maintaining large 
lusters operational is quite expensive. Furthermore,our model is easy to use and depends only on information that is usually available in bothWeb sear
h logs and standard operating systems.We 
onsider �what if� questions, 
on
erning future s
enarios for a Web sear
h engine.We assume a 
olle
tion of 20 billion pages, whi
h is the size of the indexes for Googleand Yahoo that has been made publi
 [24℄. We also assume that ea
h index server storesa sub
olle
tion of size b = 10 million pages�the largest 
olle
tion we have available forexperimentation, whi
h requires 2, 000 index servers to host the whole 
olle
tion. To obtainthe parameters of the index server model, we exe
uted experiments in a single index serverthat runs on a 2.4 gigahertz Pentium IV pro
essor with 1 gigabytes of main memory and a
120 gigabytes ATA IDE hard disk. We used a test 
olle
tion 
omposed of roughly 10 millionWeb pages 
olle
ted by the TodoBR sear
h engine from the Brazilian Web in 2003. Basedon these experiments, we determine parameter values for the index server model, su
h asthe average demands for CPU and disk, and the probability of full disk 
a
he hit at anindex server for ea
h query 
lass. To obtain the average query servi
e time at the broker asa fun
tion of 2, 000 index servers (Sbroker

p , p = 2, 000), we �t a straight line to the values of
Sbroker

p (p = 2, 4, 8) estimated during our validation experiments (see Table 5.7). We founda rather a

urate �tting given by Sbroker
p = 3.18e−5p + 0.000265, whi
h we used to derive

Sbroker
p = 15.96 millise
onds for p = 2, 000. Table 5.8 presents the new parameter valuesused in our example.On
e the model parameters are 
omputed, one 
an apply the model to derive the per-forman
e metri
s of interest. Consider that the manager of the Web sear
h engine wantsto guarantee that the average query system response time will not ex
eed 300 millise
-onds. Also 
onsider that the manager has the goal of supporting a query arrival rate of

1, 000 queries/se
ond. Using the model with the parameters des
ribed in Table 5.8, we
al
ulate the upper-bound on the average query system response time as a fun
tion ofthe query arrival rate. Figure 5.10 shows the upper-bound on the average query systemresponse time as a fun
tion of the query arrival rate. The �baseline� 
urve representsthe results derived by the model with the experimentally estimated parameters (see Ta-ble 5.8). The results for the baseline 
urve indi
ate that, even at low rates, the responsetime upper-bound ex
eeds the threshold de�ned by the management of the Web sear
h



5.3. CAPACITY PLANNING FOR SEARCH ENGINES 67Table 5.8: New model input parameter values used in our example.Parameter ValueClass small Class large
p 2, 000 servers
b 10 million pages
Sbroker

p 15.96 ms
Dserver

cpuhit,r
27.13 ms 72.33 ms

Dserver
cpumiss,r 28.44 ms 92.24 ms

Dserver
disk,r 41.78 ms 111.39 ms

hitr 0.30 0.18

λr/λ 0.73 0.27

engine. It is interesting to note that the average query residen
e time at the broker is
7.83% of the upper-bound on the average query system response time at an arrival rate of
1 query/se
ond, and only 1.87% at an arrival rate of 10 queries/se
ond when the systemis approa
hing the point of saturation. Therefore, the average query residen
e time at thebroker in the baseline system is negligible for high query loads.We want to evaluate what kind of optimization in the resour
es of ma
hines might yielda redu
tion in the average query system response time to less than 300 millise
onds. Forthis, we 
onsider three s
enarios. Also in Figure 5.10, the 
urves labeled �disks 4x�, �CPUs4x�, and �CPUs/disks 4x� represent the upper-bound on the average query system responsetime for the s
enarios where disks are four times faster, CPUs are four times faster, andCPUs and disks are both four times faster, respe
tively. These are the three s
enariosanalyzed in the following.S
enario 1 - Disks are four times faster.In the �rst s
enario, we want to evaluate the impa
t on query system response time ofdisks that are four times faster than those in use. This is re�e
ted in the model parameterby dividing the demands for disks by a fa
tor of four. The solution of the model with thenew parameters yields the new average response time upper-bound. The results show thatthe upper-bound on the average query system response time de
reases signi�
antly, withgains that rea
h 7.49 times approximately over the baseline system when it is approa
h-
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ond). We also observe that the supported arrival rate(λ = 15 queries/se
ond) in
reases 1.50 times approximately when 
ompared to the arrivalrate supported by the baseline system (λ = 10 queries/se
ond). Nevertheless, the upper-bound still ex
eeds the de�ned threshold even at light loads. We note that the averagequery residen
e time at the broker is 12.05% of the upper-bound on the average querysystem response time at an arrival rate of 1 query/se
ond, and 31.91% at an arrival rateof 15 queries/se
ond when the system is approa
hing the saturation point. Although itis relatively low 
ompared to the average query system response time, the average queryresiden
e time at the broker in this s
enario is not negligible for high query loads.S
enario 2 - CPUs are four times faster.In the se
ond s
enario, we want to assess the impa
t on query system response time of CPUsthat are four times faster. For modeling the new CPUs, we divide the demands for CPUsby a fa
tor of four. Using the model, we 
al
ulate the new average response time upper-bound. The results indi
ate that the 
on�guration with faster CPUs slightly outperformsthe 
on�guration with faster disks, with gains of 8.26 times approximately over the baselinesystem when it is approa
hing saturation (λ = 10 queries/se
ond). We also observe thatthe supported arrival rate (λ = 16 queries/se
ond) in
reases 1.60 times approximately when
ompared to the arrival rate supported by the baseline system (λ = 10 queries/se
ond).Nevertheless, the upper-bound still ex
eeds the de�ned threshold even at light loads (asin S
enario 1). We point out that the average query residen
e time at the broker is
3.13% of the upper-bound on the average query system response time at an arrival rate of
1 query/se
ond, and only 0.33% at an arrival rate of 16 queries/se
ond when the system isapproa
hing saturation. Therefore, the average query residen
e time at the broker in thiss
enario is negligible at any query load.S
enario 3 - CPUs and disks are both four times faster.In the third s
enario, we want to verify the impa
t on query system response time ofCPUs and disks that are both four times faster. For modeling the new resour
es, wedivide the demands for CPUs and disks by four. The solution of the model with thenew parameters yields the new average response time upper-bound. The results indi-
ate that the average query system response time is less than 297 millise
onds at anarrival rate of 14 queries/se
ond, whi
h satis�es the servi
e level obje
tive for the Websear
h engine of 300 millise
onds per query. The results also show a remarkable redu
tionin the upper-bound on the average query system response time, with gains that rea
h
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35.90 times approximately over the baseline system when it is approa
hing the saturationpoint (λ = 10 queries/se
ond). Further, we observe an expressive in
rease in the sup-ported arrival rate (λ = 42 queries/se
ond), with gains that rea
h 4.20 times approximatelyover the baseline system (λ = 10 queries/se
ond). We note that the average query resi-den
e time at the broker is 7.78% of the upper-bound on the average query system responsetime at an arrival rate of 1 query/se
ond, 6.91% at an arrival rate of 14 queries/se
ond,and only 0.90% at an arrival rate of 42 queries/se
ond when the system is approa
hingthe point of saturation. Therefore, the average query residen
e time at the broker in thiss
enario is negligible at high query loads (as in the baseline system).We still have to meet the obje
tive of supporting an arrival rate of 1, 000 queries/se
ond.For supporting a higher query arrival rate, the 
luster of index servers is usually repli-
ated [14,18,45℄. Repli
ation involves relatively small overheads, and approximately lineargains in the query arrival rate supported 
an be expe
ted as a fun
tion of the number ofmirrored systems. The obje
tive of supporting an arrival rate of 1, 000 queries/se
onds 
anbe a
hieved by 
reating 72 repli
as of the 
luster of 2, 000 index servers, ea
h repli
a sup-porting an arrival rate of 14 queries/se
ond and guaranteeing a query system response timeof 297 millise
onds. Therefore, our model indi
ates that a 
luster 
omposed of 144, 000 in-dex servers (72 
luster repli
as × 2, 000 index servers in a 
luster) would a
hieve the desiredperforman
e. Some spe
ulations suggest that large s
ale Web sear
h engines may indeedadopt 
lusters with several thousands of ma
hines, but, to the best of our knowledge, thereis no publi
ly available data to ba
k up this information. If ea
h index server handlesa larger sub
olle
tion, the number of total servers in a 
luster 
ould be smaller. Thus,one must be 
autious before extrapolating our illustrative results to an arbitrary 
lusterof any Web sear
h engine. In this 
ase, for other do
ument 
olle
tions and ma
hines, theparameters of our model 
ould be estimated experimentally.This example shows how a reasonably a

urate 
apa
ity planning model provides avery useful tool for the proper management of modern 
luster-based Web sear
h engines.Re
all that our goal is to have a simple and reasonably a

urate model that 
an answerthree important 
apa
ity planning questions stated in Se
tion 1.2. The �rst question isfully answered during our validation experiments (see Se
tion 5.3.2), while the se
ond andthird questions are not 
ompletely answered in this example be
ause the model predi
tionsare not validated experimentally.
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Figure 5.10: Upper-bound on the average query system response time as a fun
tion of thequery arrival rate derived in our example.5.4 Con
luding RemarksIn this 
hapter, we proposed a 
apa
ity planning model for Web sear
h engines that 
on-siders the imbalan
e in query servi
e times among homogeneous index servers. Our model,whi
h relies on a queueing-based analyti
al model, is simple and yet reasonably a

urate.To estimate the parameters of our model, we ran experiments on a small 
luster of indexservers. On
e the key parameters were estimated, we veri�ed the a

ura
y of our modelby 
omparing its predi
tions with the results measured empiri
ally and found great 
on-
ordan
e. Finally, we illustrated how to apply our model to predi
t query response timewhen adopting faster CPUs and disks than those in use. We 
onsidered a realisti
 s
enario,where a 
olle
tion of 20 billion do
uments is distributed over 2, 000 index servers. In ourexample, we showed that the manager of the sear
h engine 
an qui
kly rea
h predi
tionsfor upper-bounds on the average query system response time without having to run anylive experiments.Given the reasonable a

ura
y of the model in estimating average query system responsetime, and its simpli
ity to 
on�gure and to apply in pra
ti
al s
enarios, we believe that itis useful to predi
t the behavior of modern 
luster-based Web sear
h engines.



Chapter 6Con
lusions and Future WorkIn this 
hapter, we summarize our main �ndings and present �nal 
on
lusions in Se
tion 6.1.We also outline a number of dire
tions for future work in Se
tion 6.2.6.1 Con
lusionsIn this thesis, we provided a performan
e framework for the design and analysis of theinfrastru
ture of Web sear
h engines. In this framework we (i) investigated and analyzedthe imbalan
e among homogeneous index servers in a 
luster for parallel query pro
essing;(ii) proposed a 
apa
ity planning model for Web sear
h engines; and (iii) 
hara
terized thequery workload of four di�erent real-world Web sear
h engines.6.1.1 Analyzing Imbalan
e among Homogeneous Index ServersAs an out
ome of our analysis of the imbalan
e issue, we veri�ed that the idealized s
enario,that supposes balan
ed servi
e times as a 
onsequen
e of an uniform data distributionamong homogeneous index servers, is unlikely to be found in pra
ti
e. This is an important
ontribution be
ause it sheds light on the usual assumption of balan
ed servi
e times takenby many theoreti
al models in the literature to simplify their modeling task [20,23,44℄. Our�ndings derive from a 
omprehensive experimental analysis using an information retrievaltestbed and real data obtained from a real-world sear
h engine. Besides verifying thepresen
e of a 
ertain level of imbalan
e among homogeneous index servers, we have alsoidenti�ed and 
hara
terized the main sour
es for this unexpe
ted imbalan
e.71



72 CHAPTER 6. CONCLUSIONS AND FUTURE WORKThe key fa
tor for imbalan
e is the use of disk 
a
he at the di�erent index servers.We veri�ed that imbalan
e for ea
h query in
reases with the number of index servers thatretrieve the needed do
uments from the disk 
a
he. On the one hand, the worst 
asefor imbalan
e is a
hieved when a single index server must a
tually a

ess the disk fordo
uments while all remaining servers are using the disk 
a
he for the same query. Theworst 
ase presents a mu
h higher average imbalan
e of 3.45�
omputed as a ratio betweenthe maximum and the average servi
e time among index servers�be
ause in this 
ase asingle server has a servi
e time mu
h larger than the 
orresponding servi
e times at allthe remaining servers, thus resulting in a high imbalan
e. On the other hand, the best
ase to avoid imbalan
e results in an average imbalan
e of 1.08. It is a
hieved when allindex servers operate in the 
a
he region, thus leading to a relatively small and similardisk a

ess times throughout the 
luster of servers.Other identi�ed sour
e of imbalan
e is the size of the main memory of the homogeneousindex servers, whi
h a�e
ts the availability of resour
es for disk 
a
he at servers. Weveri�ed that the average imbalan
e de
reases as the size of main memory in
reases, butthis happens with a diminishing return with an in
rease in memory 
apa
ity. When themain memory size is relatively large as 
ompared to the size of the lo
al index stored atthe index servers, all servers retrieve data from their disk 
a
hes for a high per
entage ofqueries, whi
h is the best 
ase s
enario that produ
es the lowest imbalan
e. In 
ontrast,
onsidering a relatively small main memory 
apa
ity available for disk 
a
he, for a givenquery some index servers might a

ess their disk 
a
hes while the others might need toa
tually a

ess the disk, thus leading to a higher imbalan
e. In our 
luster with 7 indexservers, the average imbalan
e is 1.32 and 1.18 for 200 and 400 megabytes of main memoryat ea
h server, respe
tively.Another identi�ed sour
e of imbalan
e is the number of index servers in the 
luster.We veri�ed that, for a �xed size of main memory, the average imbalan
e in servi
e timesof index servers in
reases with the number of servers in the 
luster. The reason is that thelarger the number of index servers parti
ipating in the parallel query pro
essing, the higherthe probability of some servers to operate in the 
a
he region and, as a 
onsequen
e, thehigher the imbalan
e in servi
e times of those servers. For 200 megabytes of main memory,the average imbalan
e is 1.09 and 1.32 in our 
luster with 2 and 7 index servers, respe
tively.Overall, the primary sour
e of imbalan
e per query is the heterogeneous use of disk 
a
heamong the homogeneous index servers. Main memory size at index servers and the numberof servers are a
tually indire
t sour
es of imbalan
e be
ause they 
ause heterogeneous useof disk 
a
he.



6.1. CONCLUSIONS 736.1.2 A Capa
ity Planning Model for Web Sear
h EnginesWe also proposed a 
apa
ity planning model for Web sear
h engines that 
onsiders theimbalan
e in query servi
e times among homogeneous index servers. Our model, basedon queueing theory, is simple and reasonably a

urate. To �ne tune the model, we ranexperiments on a small 
luster of index servers. On
e tuned, we 
ompared the predi
tionsof our model with the results we measured empiri
ally and found a high quality mat
hing.Even at the saturation point, the predi
tions of our model were reasonably a

urate.Following, we illustrated how to apply our model to predi
t average query systemresponse time when adopting faster CPUs and disks than those in use. We 
onsidered arealisti
 s
enario, where a 
olle
tion of 20 billion do
uments is distributed over 2, 000 indexservers. In our example, we showed that the manager of the sear
h engine 
an qui
kly rea
hpredi
tions for upper-bounds on the average query system response time without havingto run any live experiments.Given the 
omplexity of maintaining large s
ale Web sear
h engines, and the simpli
ityand reasonable a

ura
y of our model, we believe our model 
an be quite useful in pra
ti
e.6.1.3 Query Workload Chara
terization of Four Web Sear
h En-ginesWe further 
hara
terized four query datasets 
omposed of millions of queries represent-ing the query workload of four di�erent real-world Web sear
h engines, namely TodoBR,Radix, AllTheWeb, and Altavista. A subset of the TodoBR query dataset is used in theexperiments to validate the 
apa
ity planning model for Web sear
h engines. We veri�edthat�although the query datasets 
over di�erent time periods, query loads, users, andlanguages�the distribution of queries and of terms in queries throughout the datasetsare quite similar and follow a Zipf's distribution. Also, our results 
on�rmed the preva-len
e of very short queries�i.e., queries 
ontaining two or fewer terms�for all datasets.Further, a periodi
 behavior on the query workload was 
onsistently observed throughthe four 
onsidered query datasets. The query workload 
learly presents daily load vari-ations. In parti
ular, working days present similar loads among them that are di�erentfrom those observed on weekend days. Finally, we 
hara
terized the interarrival pro
ess ofthe folded version of the TodoBR dataset, whi
h is used as input stream in the validationexperiments for the 
apa
ity planning model for Web sear
h engines. We veri�ed that theExponential distribution approximates the observed interarrival pro
ess of queries withinquite a

eptable bounds.
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tion for future work is to extend our 
apa
ity planning model to support multiplepro
essing threads at index servers. Other dire
tion for resear
h is to improve our model toestimate the distribution fun
tion of the query system response time of a 
luster of indexservers. From this distribution, one 
an �nd out its per
entiles. This solution is useful ifthe management of the Web sear
h engine requires the q-per
entile of the expe
ted querysystem response time to be less or equal than a threshold.Another dire
tion for further resear
h is to model 
a
hing of query results�that allowsthe sear
h engine to answer re
ently repeated queries at a very low 
ost sin
e it is notne
essary to pro
ess those queries�and 
a
hing of the inverted lists of query terms�thatimproves the query pro
essing time for the new queries that in
lude at least one term whoselist is 
a
hed [48℄. Another dire
tion for resear
h is to identify and analyze the reasons forthe use of disk 
a
he, and eventually model the probability of disk 
a
he hit. Some of theelements that a�e
t the use of disk 
a
he are the temporal lo
ality of queries and terms ofqueries in the input tra�
, the spatial lo
ality of the inverted lists of query terms in thedisk, and the size of the main memory.Another dire
tion for future work is to verify by simulation the a

ura
y of our modelpredi
tions for large 
lusters with thousands of index servers for supporting a 
olle
tionwith billions of do
uments, as illustrated in Se
tion 5.3.3. It would be important to 
onsidera 
luster with p index servers, su
h that p is large enough to store the index for a 
olle
tionof 20 billion pages, whi
h is the size of the indexes for Google and Yahoo that has beenmade publi
 [24℄. A di�
ulty is that it is hard to obtain large datasets for the 
olle
tionof do
uments used by Web sear
h engines to generate an answer page for ea
h re
eivedquery. This is so be
ause the set of 
olle
ted do
uments is seen as strategi
 and proprietaryinformation by the major Web sear
h operators. In fa
t, during the 
ourse of this thesis,we only had a

ess to a do
ument 
olle
tion 
omposed of roughly 10 million Web pages
olle
ted by the TodoBR sear
h engine from the Brazilian Web in 2003. A solution wouldbe to generate a large syntheti
 do
ument 
olle
tion from probability distributions thatare based on statisti
s from real datasets.Another dire
tion for further resear
h is to develop an approa
h for �nding the optimalar
hite
ture for a Web sear
h engine in terms of 
ost, that 
ombines partitioning andrepli
ation strategies to satisfy operational requirements for query response time, querythroughput, and server utilization. It is important to establish 
onstraints on the utilizationof index servers to avoid wasting ma
hine resour
es. By 
ost we mean the number of index
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hite
ture. Therefore, the goal would be to satisfy the three operationalrequirements with the fewest number of index servers. On the one hand, for s
aling ondata volume, the index of a do
ument 
olle
tion 
an be partitioned among a set of indexservers organized in a 
omputational 
luster for parallel query pro
essing. On the otherhand, for s
aling on query throughput, the 
luster of index servers 
an be repli
ated, anda load-balan
ing system 
an be used to dire
t queries to one of a set of mirrored 
lustersby a

ounting their available 
apa
ity. Repli
ation involves relatively small overheads, andapproximately linear gains in throughput 
apa
ity 
an be expe
ted as a fun
tion of thenumber of mirrored systems. Partitioning and repli
ation strategies are usually 
ombinedby Web sear
h engines to handle huge do
ument 
olle
tions and high query loads whilesatisfying servi
e level obje
tives.Given operational requirements of query response time, query throughput, and serverutilization, the goal would be to minimize the needed number of index servers. This goal
an be formalized by minimizing a 
ost fun
tion:
c = p× r (6.1)while meeting the following operational 
onstraints

ft(p, r, X) ≤ T (6.2)
fu(p, r, X) ≤ Uwhere r is the number of repli
ations (of a 
luster of index servers); p is the number ofindex partitions (a
ross the index servers in a 
luster); T is the response time requirement;

U is the utilization requirement; X is the throughput requirement; and ft(p, r, X) and
fu(p, r, X) 
al
ulate the response time and utilization, respe
tively, for a given through-put X and a given ar
hite
ture where the index is partitioned into p divisions and repli
ated
r times.
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