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Abstract

Web search engines are expensive to maintain, expensive to operate, and hard to design.
Modern search engines rely on clusters of server machines for query processing. Thus, the
performance of parallel query processing in a cluster of index servers is crucial for modern
Web search engines. The objective of this thesis is to provide a performance framework
for the design and analysis of the infrastructure of Web search engines. In this framework
we (i) investigate and analyze the imbalance issue in a computational cluster composed
of homogeneous index servers and (ii) propose a capacity planning model for Web search
engines.

In a cluster of index servers, the response time basically depends on the service time
of the slowest server to generate a partial ranked answer. Previous approaches investigate
performance issues in this context using simulation, analytical modeling, experimentation,
or a combination of them. Nevertheless, these approaches simply assume balanced service
times among homogeneous index servers, a scenario that we did not observe in our ex-
perimentation. On the contrary, we found that even with a balanced distribution of the
document collection among index servers, relations between the frequency of a query in
the collection and the size of its corresponding inverted lists lead to imbalances in query
service times at these same servers, because these relations affect disk cache behavior. Fur-
ther, the relative sizes of the main memory at each index server (with regard to disk space
usage) and the number of servers participating in the parallel query processing also affect
imbalance of local query service times.

Predicting the performance of a Web search engine is usually done empirically through
experimentation, requiring a costly setup. Thus, modeling is of natural appeal in this
context. We introduce a capacity planning model for Web search engines that considers
the imbalance in query service times among homogeneous index servers. Our model, which
is based on a queueing network, is simple and yet reasonably accurate. We discuss how we
tune it up and how we apply it to predict, for instance, the impact on the query response
time when parameters such as CPUs and disks are changed. This allows the manager of
the search engine to determine a priori whether a new configuration of the system will keep
the query response under specified constraints. Our approach is distinct and, we believe,
useful to predict the performance of real Web search engines.






Resumo

Mecanismos de busca na Web sao caros para manter, caros para operar, e dificeis de
projetar. Mecanismos modernos de busca contam com clusters de maquinas servidoras
para processamento de consultas. Assim, o desempenho do processamento paralelo de
consultas num cluster de servidores de indice é crucial para os mecanismos modernos de
busca na Web. O objetivo desta tese é prover um arcabougo para o projeto e anélise
da infra-estrutura de mecanismos de busca na Web. Neste arcabouco (i) investigamos
e analisamos a questao do desbalanceamento num cluster computacional composto por
servidores de indice homogéneos e (ii) propomos um modelo de planejamento de capacidade
para mecanismos de busca na Web.

Num cluster de servidores de indice, o tempo de resposta depende basicamente do
tempo de servico do servidor mais lento para gerar uma resposta ordenada parcial. Abor-
dagens anteriores investigam questoes de desempenho neste contexto usando simulagao,
modelagem analitica, experimentagao, ou uma combinacao delas. Entretanto, estas abor-
dagens simplesmente assumem tempos de servi¢o balanceados entre os servidores de indice
homogéneos, um cenério que nao observamos em nossa experimentacao. Ao contrario, ve-
rificamos que mesmo com uma distribuicao balanceada da colecao de documentos entre os
servidores de indice, relacoes entre a freqiiéncia de uma consulta na cole¢ao e o tamanho
de suas listas invertidas correspondentes levam a desbalanceamentos nos tempos de servico
de uma consulta nestes mesmos servidores, porque estas relagoes afetam o comportamento
do cache do disco. Além disso, os tamanhos relativos da memoéria principal em cada ser-
vidor de indice (com referéncia ao uso do espago em disco) e o nimero de servidores que
participam do processamento paralelo de consultas também afetam o desbalanceamento
nos tempos locais de servico de uma consulta.

A predi¢ao do desempenho de um mecanismo de busca na Web é usualmente feita em-
piricamente através de experimentacao, requerendo uma configuracao custosa. Assim, a
modelagem tem um apelo natural neste contexto. Introduzimos um modelo de planeja-
mento de capacidade para mecanismos de busca na Web que considera o desbalanceamento
nos tempos de servico de uma consulta entre os servidores de indice homogéneos. Nosso
modelo, que é baseado numa rede de filas, é simples e razoavelmente preciso. Discutimos
como ajusta-lo e como usa-lo para predizer, por exemplo, o impacto no tempo de resposta
da consulta quando parametros tais como CPUs e discos sao alterados. Isto permite ao
gerente da maquina de busca determinar a priori se uma nova configuracao do sistema ira
manter o tempo de resposta sob determinadas restricoes. Nossa abordagem é distinta e,
acreditamos, 1til para predizer o desempenho de mecanismos de busca reais.
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Resumo Estendido

Introducao

Motivacgao

A World Wide Web data do fim da década dos anos 80 [17] e ninguém poderia ter imaginado
seu impacto atual. A explosao no uso da Web e seu crescimento exponencial sdo agora
bem conhecidos. Apenas a quantidade de dados textuais disponiveis é estimada para
estar na ordem de terabytes. Adicionalmente, outros meios, tais como imagens, audio, e
video, também estao disponiveis. Isto provoca a necessidade de ferramentas eficientes para
administrar, recuperar, e filtrar informacao desta base de dados enorme e diversificada.

Os mecanismos de busca transformaram-se numa ferramenta essencial e popular para
lidar com a enorme quantidade de informacao encontrada na Web. Um estudo feito por
iProspect [30] revela que 35.1% dos usuérios da Internet usam os mecanismos de busca
pelo menos uma vez ao dia, 21.2% usam os mecanismos de busca quatro ou mais vezes ao
dia, e 22.7% usam os mecanismos de busca multiplas vezes por semana, o que indica que
o uso de mecanismos de busca é um tipo popular de atividade online.

Os mecanismos de busca na Web requerem uma enorme quantidade de recursos compu-
tacionais para lidar com o trafego entrante de consultas, que é caracterizado freqiientemente
por altos picos. Além disso, o fato do nimero de documentos disponiveis na Web cres-
cer constantemente — existem agora pelo menos 20 bilhoes de documentos na Web [24]

torna o problema ainda mais desafiador. Para lidar com estas exigéncias, os meca-
nismos modernos de busca na Web contam com clusters de méaquinas servidoras para o
processamento das consultas [14, 18, 45].

A arquitetura de um mecanismo de busca tipico na Web é composta por clusters de
servidores de indice, com os documentos divididos entre eles (cada servidor de indice ar-

mazena uma parte da cole¢ao de documentos e um indice para ela). Esta arquitetura é



geralmente referida como “particionamento por documento” e é preferida porque simplifica
a manutengao, simplifica a geragao do indice (que pode ser feita localmente), e degrada-se
suavemente (porque a falha de um servidor de indice ndo impede que qualquer consulta
seja respondida, embora o conjunto de resposta final possa nao conter todos os documentos
relevantes na colegdo). O cluster inclui também um broker que se comunica com os varios

servidores de indice, como ilustrado na Figura 1.
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Figura 1: Arquitetura de um mecanismo de busca tipico.

Uma consulta de usuério chega no mecanismo de busca através do broker, que envia uma
cOpia da consulta para cada servidor de indice para processamento local. Tipicamente, cada
servidor de indice retorna seus 10 documentos mais relevantes para o broker, que executa
uma mesclagem em memoria para determinar as 10 respostas finais a serem enviadas para
0 Usuario.

O processamento de uma consulta pode ser dividido em duas fases principais consecu-
tivas [14]. Uma primeira fase que consiste em recuperar referéncias aos documentos que
contém todos os termos da consulta! e ordena-los de acordo com alguma métrica de re-
levancia (feito geralmente pelos servidores de indice). Uma segunda fase que consiste em
tomar as respostas mais relevantes, tipicamente 10, e gerar fragmentos (do documento),
titulo, e informacao sobre a URL para cada uma delas (usualmente feito por um cluster
de servidores de documento, cada servidor detendo uma parte da cole¢ao de documentos).
Enquanto a segunda fase tem custo aproximadamente constante, independente do tamanho
da colecao de documentos, a primeira fase tem um custo que cresce com o tamanho da

colecao. Portanto, o desempenho da primeira fase é crucial para manter a escalabilidade de

!Usar a intersecdo dos termos da consulta é agora prética padrao na Web
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mecanismos modernos de busca que lidam com uma quantidade crescente de documentos
da Web.

Dada a complexidade envolvida no projeto de mecanismos eficientes de busca na Web
e o papel chave que tais sistemas desempenham no uso da Internet hoje em dia, é de
importancia maxima compreender o comportamento de mecanismos de busca na Web. Isto
é essencial para a anélise de desempenho e planejamento de capacidade de tais sistemas, a

fim de permiti-los enfrentar adequadamente a demanda crescente dos usuarios.

Objetivos e Contribuicoes

O objetivo desta tese é prover um arcabougo para o projeto e analise da infra-estrutura de
mecanismos de busca na Web. Nosso objetivo é ter uma ferramenta simples e razoavelmente

precisa que possa responder questoes de planejamento de capacidade tais como:

i) Dada uma colecao composta por n documentos distribuida através de p maquinas,
i) Dad leca t d tos distribuida através d Aqui
que tipo de garantias de tempo médio de resposta de uma consulta que se pode

esperar?

(ii) Que tipo de otimizagdao nos recursos da maquina pode produzir uma redugao no
tempo médio de resposta de uma consulta para satisfazer um objetivo de nivel de

servico definido pelo gerente do mecanismo de busca na Web?

(iii) Qual & o nimero minimo de réplicas do cluster de servidores de indice que garan-
tird que, na média, o tempo de resposta de uma consulta num periodo de pico nao
Y Y

excedera o limite definido pelo gerente do mecanismo de busca na Web?

Nesta tese, analisamos o desempenho da recuperacao dos documentos mais relevantes
para uma dada consulta de um usuério, i.e., a primeira fase da tarefa de processamento da

consulta. As principais contribuicoes desta tese sao:

e Investigacao e analise da questao do desbalanceamento num cluster computacional
para processamento paralelo de consultas composto por servidores de indice homogé-
neos, como apresentado no Capitulo 4. Verificamos na pratica um desbalanceamento
consistente por consulta no tempo de servico nos servidores de indice, apesar da dis-
tribuicao dos tamanhos das listas invertidas nos varios servidores ser completamente

balanceada. Este é um resultado experimental importante porque nossas descobertas

il



contradizem a suposicao usual de tempos balanceados de servico adotada pelos mode-
los teoricos anteriores encontrados na literatura [20,23,44|. Além disso, identificamos
e analisamos as fontes principais de desbalanceamento: o uso do cache do disco, o
tamanho da memoria principal nos servidores de indice homogéneos, e o nimero de

servidores de indice no cluster.

e Um modelo de planejamento de capacidade para mecanismos de busca na Web que
considera o deshalanceamento nos tempos de servigo das consultas entre os servidores
de indice homogéneos, como apresentado no Capitulo 5. Nosso modelo, baseado
em redes de filas, é simples e razoavelmente preciso. Para ajustar os parametros
do nosso modelo, executamos experimentos num cluster pequeno de servidores de
indice. Uma vez que os parametros chave foram estimados, verificamos a precisao
do modelo comparando suas predi¢oes com os resultados experimentais produzidos
também usando o cluster pequeno de servidores de indice. Finalmente, ilustramos
como usar nosso modelo para predizer o tempo de resposta de uma consulta ao
adotarmos CPUs e discos mais rapidos do que aqueles em uso. Em nosso exemplo,
consideramos um cenério realistico, onde uma colecao de 20 bilhoes de documentos

é distribuida através de 2,000 servidores de indice.

Analisando o Desbalanceamento entre Servidores de In-

dice Homogéneos

Nesta secao, investigamos e analisamos o desbalanceamento entre os servidores de indice
homogéneos num cluster para processamento paralelo de consultas. Servidores de indice
homogéneos tém a mesma configuracao de hardware e software.

Na arquitetura para processamento paralelo de consultas, caracterizada por um par-
ticionamento local da colecao de documentos, o tempo de resposta de uma consulta é
determinado pelo tempo de servico do servidor de indice mais lento. Como conseqiiéncia,
desbalanceamento nos tempos de servico entre o servidores de indice aumenta o tempo de
resposta de uma consulta executada pelo cluster de servidores.

Uma medida comum contra o desbalanceamento é distribuir a colecao inteira de do-
cumentos entre os servidores de indice homogéneos de forma balanceada, tal que cada
servidor manipule uma quantidade similar de dados para processar uma dada consulta.

Como conseqiiéncia, espera-se que os tempos de servico nos servidores de indice homo-
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géneos também sejam aproximadamente balanceados. De fato, este cenario idealizado de
tempos de servico balanceados é uma suposicao usual considerada por modelos tedricos
para mecanismos de busca na Web [20,23,44|. Entretanto, num cenario real, relagoes entre
as freqiiéncias das consultas e os tamanhos das listas invertidas correspondentes levam a

desbalanceamentos nos tempos de servico das consultas.

Nesta secao, investigamos e analisamos a questao do desbalanceamento num cluster
computacional composto por servidores de indice homogéneos. Como principal contribui-
¢ao, verificamos que o cendrio idealizado de tempos de servico balanceados nos servidores
de indice homogéneos com volumes de dados similares nao é provavel de ser encontrado na
pratica. Este é um resultado experimental importante porque nossas descobertas contra-
dizem a suposicao usual que é obviamente considerada como valida por modelos tedricos
anteriores. Além disso, identificamos e analisamos as principais fontes de desbalancea-
mento: o uso do cache do disco, o tamanho da memoria principal nos servidores de indice

homogéneos, e o niimero de servidores no cluster.

Para os experimentos relatados nesta secao, usamos um cluster de 7 servidores de indice
homogéneos. A colecao de teste é composta por 10 milhoes de paginas Web coletadas pelo
mecanismo de busca TodoBR da Web brasileira em 2003. O conjunto de consultas usados
em nossos testes ¢ composto por 100 mil consultas, extraidas de um registro parcial de

consultas submetidas ao mecanismo de busca TodoBR em Setembro de 2003.

Definimos o “desbalanceamento de uma dada consulta” como a razao entre o tempo de
servico maximo e o tempo de servico médio dos servidores de indice que participam do
processamento paralelo desta consulta em particular. Esta métrica de desbalanceamento é
igual a 1 num cenério perfeitamente balanceado que produz um tempo de servico maximo
exatamente igual ao tempo de servico médio. A medida que a métrica de desbalanceamento
torna-se progressivamente maior que 1, existe uma forte indicagao de que o tempo de
resposta de uma consulta é dominado por um tempo de servico muito maior de um tinico

servidor de indice.

Para evitar desbalanceamento entre os servidores de indice, optamos por balancear as
distribuicoes do tamanho das listas invertidas que compoem os indices invertidos locais.
Para isto, simplesmente atribuimos cada documento a um servidor de indice de forma
aleatoria. A Figura 2 ilustra a fungao de probabilidade do tamanho das listas invertidas
que compoem os 7 indices invertidos locais em nosso cluster com 7 servidores de indice.
Observamos que as distribui¢oes do uso do armazenamento sao muito similares através dos

diferentes servidores de indice  na verdade, elas se sobrepoem na Figura 2, indicando que



a atribuicao aleatoria dos documentos nos servidores funciona muito bem para balancear

0 uso do armazenamento entre os servidores.
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Figura 2: Funcao de probabilidade do tamanho das listas invertidas.

Embora a utilizagao do espaco em disco nos servidores de indice seja balanceada, como
mostrado na Figura 2, investigamos se este uso balanceado do armazenamento entre as
subcole¢oes reflete em tempos locais de servigo balanceados entre os servidores de indice,
ou nao. A Figura 3 ilustra as distribuigoes dos tempos (médio, maximo, e minimo) locais
de servigco por consulta. As barras de intervalo representam os tempos minimo e maximo

de servico para cada consulta.

Como resultado dos nossos experimentos, verificamos na pratica um desbalanceamento
consistente por consulta nos tempos de servico entre os servidores de indice, apesar da
distribuicao do tamanho das listas invertidas nos varios servidores de indice ser comple-
tamente balanceada. Motivados por este resultado inesperado, que contradiz a suposi¢ao
usual de tempos balanceados de servico adotada pelos modelos tedricos encontrados na
literatura, conduzimos uma anélise experimental detalhada para investigar as fontes do
desbalanceamento observado. Conseqiientemente, identificamos as fontes principais de des-
balanceamento: o uso do cache do disco, o tamanho da memoria principal nos servidores

de indice homogéneos, e o niimero de servidores no cluster.
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Figura 3: Distribuicao dos tempos locais de servico por consulta.

Influéncia do Uso do Cache do Disco

Identificamos o uso do cache do disco nos diferentes servidores de indice como a principal
fonte de desbalanceamento. A Figura 4 mostra a funcao densidade de probabilidade dos
tempos locais de acesso ao disco no nosso cluster com 7 servidores de indice. Observamos
que os tempos de acesso ao disco em todos os servidores de indice estao agrupados basi-
camente em duas regides principais: a primeira regiao ¢ relacionada aos tempos de acesso
ao disco menores que 4,5 milisegundos e a segunda regiao aos tempos de acesso ao disco
maiores que 4,5 milisegundos. Atribuimos a primeira regiao de tempos locais de acesso
ao disco menores as consultas cujas listas invertidas sao encontradas no cache do disco
(referida como “regiao do cache”), e a segunda regiao de tempos locais de acesso ao disco
maiores as consultas cujas listas invertidas tiveram que ser realmente recuperadas do disco

(referida como “regiao do disco”).

Verificamos que o desbalanceamento nos tempos de servico entre os servidores de indice
aumenta com o numero de servidores operando na regiao do cache, como mostrado na
Figura 5. Os pontos na Figura 5 mostram o desbalanceamento para cada consulta e a linha
mostra o desbalanceamento médio sobre as consultas em funcao do nimero de servidores
de indice operando na regiao do cache. Este valor é complementar ao niimero de servidores

de indice operando na regiao do disco. Por exemplo, para uma consulta particular sendo
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Figura 4: Funcao densidade de probabilidade dos tempos locais de acesso ao disco.

processada em nosso cluster de 7 servidores de indice, se a Figura 5 mostra que 2 deles
operam na regiao do cache, entao necessariamente os outros 5 estao na regiao do disco,

diretamente influenciando a magnitude do desbalanceamento.

Para melhor entender como o cache do disco diretamente impacta o desbalanceamento,
é importante olhar atentamente para o desbalanceamento médio na Figura 5 para alguns
cendrios representativos: sem cache, o pior caso, e o melhor caso. No cenario sem cache
(i.e., 0 no eixo-z da Figura 5), todos os servidores de indice realmente acessam o disco
para recuperar os dados necessarios, obtendo o menor desbalanceamento (1.38) entre os
casos onde existe pelo menos um servidor operando na regiao do disco. O pior caso para
o desbalanceamento (i.e., 6 no eixo-z da Figura 5) apresenta um desbalanceamento muito
maior (3.45) porque um unico servidor de indice tem um tempo de servico muito maior
que os tempos de servico correspondentes em todos os servidores restantes, levando assim
a um alto valor de desbalanceamento. Isto acontece porque existe um tnico servidor de
indice que tem um tempo de servigo grande e um conjunto de outros servidores que tém
tempo de servigo muito menor porque recuperam os dados necessarios do cache do disco.
Pelo contrario, o melhor caso a evitar desbalanceamento (i.e., 7 no eixo-z da Figura 5)
resulta num desbalanceamento médio de 1.08, sendo alcancado quando todos os servidores

de indice operam na regiao do cache, resultando assim num valor de desbalanceamento
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menor devido aos tempos de acesso ao disco relativamente menores e similares através do

cluster de servidores.

Deshal anceamento
N

1 I ! 1 1 L
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Numero de servidores operando naregiao do cache

Figura 5: Desbalanceamento causado pelo ntimero de servidores de indice operando na

regiao do cache.

O melhor caso e o cenario sem cache apresentam os dois menores resultados desba-
lanceados, como conseqiiéncia de terem todos os servidores de indice operando na mesma
regiao (do cache ou do disco), assim provendo uma diferenga nao abrupta entre os tempos
de servico dos servidores participantes. Entretanto, o cenario sem cache ainda produz um
desbalanceamento significativamente mais alto com respeito ao melhor caso, o que pode ser
explicado pela variancia mais alta encontrada no acesso direto ao disco quando comparada
com a variancia encontrada no acesso a memoria. Além de ter o menor desbalanceamento,
o melhor caso também prové o tempo de resposta mais rapido desde que todos os dados ne-
cessarios para processar uma consulta sao encontrados nos caches dos discos dos servidores
de indice.

Além disso, analisamos o relacionamento entre o tamanho das consultas e a freqiiéncia
das consultas na colecao, investigando se existem ligacoes com o uso do cache do disco. O
tamanho de uma consulta é dado pela soma dos tamanhos das listas invertidas relativas
a seus termos. Portanto, consideramos separadamente as consultas que encontram um

determinado nivel de relacao entre o tamanho das listas invertidas que demandam e sua
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freqiiéncia na colecao, e aquelas que nao. Para isto, calculamos a relacao como a razao
entre o tamanho da consulta e a freqiiéncia da consulta. Se esta razao é maior ou igual
a 0.25 e menor ou igual a 4, entao o tamanho e a freqiiéncia da consulta sao relacionados
por um fator de 4, o que consideramos como representando um razoéavel nivel de relagao
entre eles. Portanto, consultas que caem neste critério sao consideradas relacionadas, caso
contrario elas sao consideradas nao-relacionadas.

A Figura 6 mostra o tamanho normalizado das consultas em fung¢ao da freqiiéncia nor-
malizada das consultas na colecao, mas fazemos a distincao entre consultas relacionadas e
consultas nao-relacionadas. Quando fazemos esta distincao, é interessante analisar separa-
damente trés diferentes regioes representativas que aparecem na Figura 6: (i) a Regido 1 é
caracterizada por dados nao-relacionados onde o tamanho das consultas esta prevalecendo
sobre a freqiiéncia das consultas; (ii) a Regido 2 contém consultas relacionadas; e (iii) a
Regiao 3 é caracterizada por uma regiao nao-relacionada onde a freqiiéncia das consultas

estd prevalecendo sobre o tamanho das consultas.
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Figura 6: Comparando a freqiiéncia das consultas e o tamanho das consultas.

A Figura 7 compara o tempo de servigo para consultas relacionadas e nao-relacionadas
com respeito ao seu tamanho e sua freqiiéncia na colecao. Esta comparacao mostra cla-
ramente que as consultas bem relacionadas (Regido 2) tiram um proveito maior do cache

do disco. Isto acontece porque elas tém o melhor compromisso entre o tamanho de suas



listas invertidas e sua freqiiéncia na colecao. Por um lado, as listas invertidas maiores sao
demandadas pelas consultas mais freqiientes, favorecendo o uso do cache do disco por estas
listas invertidas grandes. Por outro lado, consultas raras, cujas listas invertidas sao impro-
vaveis de serem encontradas no cache do disco, requerem as listas invertidas menores que
nao demandam tempos grandes de transferéncia do disco. Para os dados nao-relacionados
na Regiao 1, a freqiiéncia das consultas é proporcionalmente menor que o tamanho das
consultas. Isto implica que consultas raras demandam listas invertidas maiores, assim
resultando em nao uso do cache do disco e grandes atrasos de transferéncias. Os dados
nao-relacionados na Regiao 3 enfrentam o oposto: os termos das consultas impoem vo-
lumes de dados relativamente pequenos a serem recuperados no sistema, assim obtendo
tempos de servico pequenos através de atrasos pequenos de transferéncia ou através do
uso do cache do disco. Embora estas consultas tenham tempos de servico pequenos elas
nao sao tao numerosas quanto as consultas relacionadas ou as consultas nao-relacionadas
na Regiao 1. Portanto, consultas relacionadas prevalecem como um grupo que obtém os

menores tempos de servico.
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Figura 7: Funcgao densidade de probabilidade dos tempos de servi¢o das consultas relacio-

nadas e nao-relacionadas.

Estes resultados sobre a influéncia do cache do disco no desbalanceamento também

sugerem que quanto maior a memoria disponivel para o cache do disco, menor o desbalan-

xi



ceamento, e quanto maior o nimero de servidores de indice no cluster, maior o desbalan-

ceamento, como discutiremos a seguir.

Influéncia do Tamanho da Memoéria Principal e do Nimero de Ser-

vidores de Indice

Outra fonte de desbalanceamento é o tamanho da memoria principal dos servidores de
indice porque isto afeta a disponibilidade dos dados na regiao do cache nos servidores e,
conseqiientemente, o desbalanceamento. A Figura 8 mostra o desbalanceamento médio em
funcao do ntimero de servidores de indice em nosso cluster com 7 servidores de indice, ao
variar o tamanho da memoria principal em cada servidor. Observamos que o desbalan-
ceamento médio nos tempos de servico entre os servidores de indice aumenta enquanto o
tamanho da memoria principal diminui, como era de se esperar. Por um lado, quando o
tamanho da memoéria principal é relativamente grande comparado ao tamanho do indice
local armazenado nos servidores de indice, existe maior capacidade de memoria disponivel
para o sistema operacional executar operacoes do cache do disco. Isto implica que os tem-
pos locais de acesso ao disco em todos os servidores de indice caem na regiao do cache para
um alto percentual de consultas na nossa colecao e este é exatamente o melhor cenario que
produz o menor desbalanceamento. Por outro lado, considerando uma meméoria principal
relativamente menor disponivel para o cache do disco, os servidores de indice precisam
realmente recuperar as listas invertidas do disco. Neste cenario, as consultas estao mais
susceptiveis ao desbalanceamento porque alguns blocos do disco podem ser encontrados
no cache do disco de uns poucos servidores de indice e nao serem encontrados no cache do
disco dos servidores restantes.

Uma outra fonte de desbalanceamento é o niimero de servidores de indice no cluster,
porque a probabilidade de ocorrer variacao entre os tempos locais de servico aumenta com
o numero de servidores de indice que participam no processamento paralelo da consulta.
Observamos na Figura 8 que, para um tamanho fixo da memoria principal, o desbalancea-
mento médio nos tempos de servico entre os servidores de indice aumenta com o niimero de
servidores de indice que participam no processamento paralelo da consulta. Ja discutimos
que o desbalanceamento médio aumenta com o niimero de servidores de indice que operam
na regiao do cache, como mostrado na Figura 5. Entretanto, isto indica que quanto maior
o nimero de servidores de indice que participam no processamento paralelo da consulta,

maior a probabilidade de aumentar a razao entre o nimero de servidores que operam na
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Figura 8: Desbalanceamento médio em fungao do tamanho da memoria principal nos

servidores de indice.

regiao do cache e aqueles que operam na regiao do disco. Como conseqiiéncia, isto leva a

desbalanceamentos maiores nos tempos de servigo por consulta no cluster.

Um Modelo de Planejamento de Capacidade para Meca-

nismos de Busca na Web

Nesta secao, propomos um modelo de planejamento de capacidade para mecanismos de
busca na Web que considera o desbalanceamento nos tempos de servico de uma consulta
entre os servidores de indice homogéneos. Nossa estratégia de planejamento de capacidade
conta com um modelo analitico baseado em filas para estimar o “tempo médio de resposta
do sistema”. O mecanismo de busca na Web é representado por uma rede de filas aberta
composta pelo broker e pelo subsistema de servidores de indice. Assumimos que o0s ser-
vidores de indice tém recursos homogéneos (como seria o caso em vérios cenarios reais) e
que a colecao de documentos é uniformemente distribuida através de todos os servidores.
Assim, consideramos que a carga estd balanceada através de todos os servidores de indice.
Finalmente, a rede que conecta os servidores de indice e o broker é tipicamente uma rede de

alta velocidade e, como observado em nossos experimentos, introduz atrasos despreziveis
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no tempo de resposta do sistema. Portanto, a rede nao é explicitamente representada em
nosso modelo.

Em nosso modelo de busca na Web, o subsistema composto por todos os servidores de
indice é modelado como uma rede de filas fork-join [37|. Numa rede de filas fork-join, cada
tarefa (i.e., consulta) que chega é dividida (i.e., fork) em p sub-tarefas idénticas. Cada sub-
tarefa é enviada para um servidor de indice diferente. A disciplina de filas em cada servidor
de indice é “Primeiro a Chegar, Primeiro a ser Servido” (First-Come First-Served (FCFS)).
Quando uma sub-tarefa termina a execucao, ira esperar até que todas as outras sub-tarefas
terminem (i.e., join). Apenas neste momento a tarefa completa a execugdo e sai da rede.
Este comportamento imita o paralelismo no processamento de consultas pelos servidores
de indice e a sincronizacao introduzida no broker para combinar os resultados parciais. A
Analise do Valor Médio (Mean Value Analysis (MVA)) |43] oferece uma solugao eficiente
para redes de filas com solucao do tipo forma-produto. Em particular, MVA pode ser
usada para produzir estimativas de desempenho para cada servidor de indice individual.
Entretanto, a caracteristica fork-join viola as suposi¢oes requeridas pela solugao MVA
exata. Assim, usamos técnicas MVA aproximadas [37| para resolver o modelo completo de
busca na Web.

Consultas tipicas podem ter demandas heterogéneas pela CPU e disco dos servidores de
indice dependendo do niimero de termos que elas contém. Além disso, devido a localidade
de referéncia nos termos das consultas que chegam no mecanismo de busca, um servidor
de indice pode encontrar algumas ou todas as listas invertidas no cache do disco (em
memoria). Assim, algumas consultas podem nao recuperar nenhum dado do disco. De
fato, durante nossos experimentos de validacao, encontramos um ntimero nao desprezivel

de tais consultas.

A fim de capturar o impacto das demandas heterogéneas por recursos, refinamos nosso
modelo do servidor de indice como se segue. Primeiro, modelamos duas classes de consultas
separadamente: a classe small (consultas com no maximo 2 termos) e a classe large (con-
sultas com mais que 2 termos). Segundo, modelamos separadamente as demandas médias
pela CPU e disco, bem como a probabilidade de acerto total no cache do disco (i.e., todas
as listas invertidas sdo encontradas no cache do disco), num servidor de indice para cada
classe de consultas. As consultas da classe large tém maiores demandas pela CPU e disco
de um servidor de indice do que as consultas da classe small, enquanto as consultas da
classe small tém maiores probabilidades de acerto total no cache do disco de um servidor

de indice do que as consultas da classe large. Além disso, assumimos que as consultas

Xiv



podem ter demandas diferentes pela CPU dependendo se recuperam algum dado do disco.
Finalmente, dado que as consultas sao processadas seqiiencialmente por cada servidor de
indice, nao existe fila em nenhum recurso (nem na CPU nem no disco) de um servidor de
indice.

Finalmente, o tempo gasto no broker consiste principalmente de processamento local
para enviar a consulta para todos os servidores de indice, receber os resultados parciais de
todos os servidores, e mesclar os resultados parciais recebidos, o que depende do ntiimero de
servidores no cluster. Observamos que o tempo de processamento no broker é relativamente
baixo comparado ao tempo de resposta do sistema. Existem duas razoes fundamentais para
isto. Primeiro, a operacao do broker ¢ realizada inteiramente usando a memoéria principal,
assim demandando apenas o tempo da CPU ao contrario da operacao de um servidor de
indice que é composta por demandas pela CPU e pelo disco. Segundo, todas as tarefas
que o broker executa sao tarefas relativamente simples que nao tomam muito tempo da
CPU. Deve-se notar que o broker nao tem que fazer computacoes para gerar métricas de
relevancia para os documentos e nao tem que executar operacoes algébricas, a excecao de
comparar identificadores de documentos. A Tabela 1 apresenta os parametros de entrada
do sistema e da carga de trabalho bem como os parametros de saida do nosso modelo. O
tempo médio de residéncia de uma consulta num recurso é definido como a soma entre o

tempo médio de espera e o tempo médio de servico sobre todas as visitas ao recurso.

Modelo do Servidor de Indice

Esta secao deriva o tempo médio de residéncia de uma consulta num servidor de indice.

Considerando que as consultas sao processadas uma de cada vez por cada servidor de

indice, ndo existe fila em nenhum recurso (nem na CPU nem no disco) de um servidor de

indice. Assim, introduzimos aqui uma abstracao para o servidor de indice como um tnico
centro de servico, cujo tempo médio de servico para a classe r de consultas é dado por:

server _ server N server server
Sr = hit Dcpuh it,T (1 - hu?‘)(Dcpumlss, + Ddisk,r ) (1)
O tempo médio de servico de uma consulta num servidor de indice é estimado como a

média ponderada do tempo de servigo para cada classe, com os pesos dados pelas vazoes

relativas:

RO,
SS@T’U@T Z 7 867“’!)67” (2)



Tabela 1: Parametros de entrada e saida do nosso modelo.

Entradas | Descricao

P Numero de servidores de indice

R Numero de classes de consultas

Ar Taxa de chegada de consultas da classe r (r=1...R)

ngker Tempo médio de servico de uma consulta no broker para um cluster com

p servidores de indice

Dzwer. | Demanda média pela CPU num servidor de indice para a classe r de
1ty

consultas que encontram todas as listas invertidas no cache do disco

server Demanda média pela CPU num servidor de indice para a classe r de

CPUmiss,T
consultas que recuperam dados do disco
diska Demanda média pelo disco num servidor de indice para a classe r de
consultas
hit, Probabilidade de uma classe r de consultas encontrar todas as listas
invertidas no cache do disco
Saidas Descricao

Rsystem Tempo médio de resposta do sistema

Reluster Tempo médio de residéncia de uma consulta no subsistema de servidores
de indice
Rgmke’" Tempo médio de residéncia de uma consulta no broker para um cluster

com p servidores de indice

Rserver Tempo médio de residéncia de uma consulta num servidor de indice

Rzerver Tempo médio de residéncia num servidor de indice para a classe r de
consultas

Seerver Tempo médio de servigo de uma consulta num servidor de indice

Syerver Tempo médio de servico num servidor de indice para a classe r de con-
sultas

yserver Utilizagao total de recursos de um servidor de indice

Usando a Lei de Little [37], a utilizagdo do centro de servigo representando um servidor

indice pela classe r de consultas pode ser estimado ao multiplicar S;*"**" pela taxa de
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chegada de consultas A, correspondente. A utilizacao total do servidor pode ser calculada
como:
R
[rserver — Z )\TSferver (3)
r=1
Usando uma equagdo MVA para redes abertas 37|, podemos estimar o tempo médio

de residéncia num servidor de indice para a classe r de consultas como:

server
RS@T"U@?” _ ST’
T

=_-r 4
1 _ Userver ( )

Finalmente, o tempo médio de residéncia num servidor de indice é estimado como a

média ponderada dos tempos de residéncia para cada classe como:

U3
Rserver — Z TTRierver (5)
r=1

Modelo do Sistema

O tempo médio de resposta do sistema é a soma dos tempos médios de residéncia no broker
e no subsistema de servidores de indice. O tempo médio de residéncia de uma consulta

no broker para um cluster com p servidores de indice pode ser facilmente estimado usando

MVA como: o
Sp

Rbroker — 6
P 1 — )\Splgroker ( )

Um limite inferior simples para o tempo médio de residéncia no subsistema fork-join
¢ obtido ao ignorar os atrasos de sincronizagao e considerando que o tempo médio de
residéncia no subsistema é igual ao tempo médio de residéncia num servidor de indice (veja
Equagao 5). Entretanto, & medida que o niimero de servidores de indice cresce, esperamos
um desvio significante deste limite inferior devido aos custos adicionais de sincronizagao.

Um nuamero de aproximacgoes para modelos de fila com sincronizacao fork-join, com
varios graus de complexidade e precisao, estao disponiveis na literatura (veja |3,22,25,34,
40, 54,57 60,64| e referéncias nelas citadas). Nelson e Tantawi [40] propoem um limite
superior muito simples para o tempo médio de resposta em redes de filas fork-join, que
depende apenas do niimero de servidores de indice p, e do tempo médio de servigo de uma
consulta e utilizacao do servidor. Os dois tltimos parametros sao facilmente estimados

1

usando as Equagoes 2 e 3. Dado o p-ésimo ntimero harmonico H, =1 + % + % +t g0

limite superior é dado por:

SSGTU@T‘

cluster
R < le — [Jserver

(7)
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Combinando as Equagoes 5, 6, e 7, obtemos os seguintes limites para o tempo médio

de resposta do sistema para nosso mecanismo de busca na Web:

SS@T’U@?”

server broker system
R + RP <R < Hp 1 — [Jserver

broker
+ R, (8)

Validacao do Sistema

Uma série de experimentos de validacao foram executados num ambiente dedicado con-
sistindo de um cluster de 8 servidores de indice e um tinico broker. Usamos uma cole¢ao
composta por 10 milhoes de paginas coletadas pelo mecanismo de busca TodoBR da Web
brasileira em 2003. A colecao foi uniformemente distribuida através de 8 servidores de
indice, resultando numa subcolecao local de tamanho b = 1.25 milhoes de péaginas. O
conjunto de consultas usado em nossos testes é composto por 85,604 consultas numa hora
de carga alta da série de consultas TodoBR dobrada, que tem caracteristicas de trafego
comumente encontradas em outras cargas de mecanismos de busca no mundo.

Os valores dos parametros de entrada do modelo foram facilmente obtidos ao recupe-
rar estatisticas coletadas pelo sistema operacional Linux e disponibilizadas no sistema de
arquivos /proc, durante o experimento. A Tabela 2 apresenta os valores dos parametros
de entrada do modelo obtidos em nossos experimentos. As demandas pelos recursos dos
servidores de indice e as probabilidades de acerto sao médias para todos os servidores.

A Figura 9 mostra o tempo médio de residéncia de uma consulta num servidor de indice,
calculada a média sobre todos os servidores de indice, em funcao da taxa de chegada de
consultas. A curva “estimado” representa os resultados obtidos com a Equacao 5, ao passo
que a curva “medido” contém a média dos tempos de residéncia medidos em todos os
8 servidores de indice. Como mostrado na Figura 9, nosso modelo captura razoavelmente
bem o desempenho médio de um servidor de indice tipico. Para uma taxa de chegada de
28 consultas/segundo, o servidor de indice esta se aproximando do seu ponto de saturagao.
Para esta carga, o erro introduzido pelo nosso modelo é de apenas 25%, razoavelmente
pequeno para estimativas de tempo de resposta [37].

As Figuras 10 e 11 mostram resultados experimentais bem como o limite inferior e su-
perior, estimados pela Equacao 8, em funcao da taxa de chegada e do niimero de servidores
de indice, respectivamente. Na Figura 11, a fim de fazer uma comparacao justa, manti-
vemos o tamanho da subcolecao b fixa variando apenas o niimero total de servidores p e,

indiretamente, o tamanho da colegao total n = pb.
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Tabela 2: Valores dos parametros de entrada do modelo.

Parametro Valor

Classe small | Classe large
P (<) 8 servidores
b 1.25 milhoes de péginas
Shroker p =2 0.33 ms
Shroker p = 4 0.39 ms
Sproker p =8 0.52 ms
Dz, 87.72 ms 12.92 ms
Dz 6.36 ms 18.71 ms
Dgirss 19.47 ms 46.12 ms
hit, 0.20 0.11
Ar/A 0.73 0.27

Como as Figuras 10 e 11 mostram, o limite inferior ¢ uma boa aproximacao para
sistemas com um namero pequeno de servidores de indice e/ou servidores pouco sobrecar-
regados. Entretanto, a medida que a carga ou o nimero de servidores de indice aumenta, o
tempo medido de resposta do sistema desvia significativamente do limite inferior devido ao
custo adicional de sincronizacao. Isto contrasta com trabalhos anteriores que desconside-
ram o desbalanceamento nos tempos de servico das consultas entre os servidores de indice
homogeéneos [23]. De fato, vemos que o tempo medido de resposta do sistema aproxima-se
do limite superior para nimeros grandes de servidores de indice e cargas pesadas. Em
particular, para p = 8 servidores de indice e uma taxa de chegada de A\ = 28 consul-
tas/segundo, o erro na aproximacao é de apenas 7%. Portanto, o limite-superior prové
um aproximacao simples de computar e razoavelmente precisa do tempo de resposta do

sistema de mecanismos de busca na Web realisticos e tipicamente sobre carregados.

Um Exemplo de Aplicabilidade do Modelo

Nesta secao, discutimos como usar nosso modelo para o planejamento de capacidade de
mecanismos de busca na Web de larga escala. Assumimos uma cole¢ao de 20 bilhoes de

péaginas, que é o tamanho dos indices do Google e Yahoo levado a ptblico [24]. Assumimos
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Figura 9: Tempo médio de residéncia de uma consulta num servidor de indice em funcao

da taxa de chegada de consultas (p = 8).
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Figura 10: Tempo médio de resposta do sistema em fungao da taxa de chegada de consultas

(p=38).
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Figura 11: Tempo médio de resposta do sistema em func¢ao do ntimero de servidores de

indice p (A = 28 consultas/segundo).

também que cada servidor de indice armazena uma subcole¢cao de tamanho b = 10 mi-
lhoes de paginas a maior colecao que temos disponivel para experimentacao, o que
requer 2,000 servidores de indice para hospedar a colecao inteira. Para obter os para-
metros do modelo do servidor de indice, executamos experimentos num tnico servidor de
indice. Usamos uma colegao composta por aproximadamente 10 milhoes de péginas co-
letadas pelo mecanismo de busca TodoBR da Web brasileira em 2003. Baseados nestes
experimentos, determinamos os valores dos parametros do modelo do servidor de indice,
tais como as demandas médias pela CPU e disco, e a probabilidade de acerto total no
cache do disco de um servidor de indice para cada classe de consultas. Para obter o
tempo médio de servigo de uma consulta no broker em funcao de 2,000 servidores de in-
dice (Sg’""ke’", p = 2,000), ajustamos uma linha reta para os valores de nglm’ (p=2,4,8)
estimados durante nossos experimentos de validagio (veja a Tabela 2). Encontramos uma
aproximacao bastante precisa dada por ngker = 3.18¢7°p + 0.000265, a qual usamos para
derivar SgTOkeT = 15.96 milisegundos para p = 2,000. A Tabela 3 apresenta os novos

valores dos parametros de entrada do modelo usados em nosso exemplo.

Uma vez que os parametros do modelo sao computados, pode-se aplicar o modelo para

derivar as métricas de desempenho de interesse. Considere que o gerente do mecanismo
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Tabela 3: Novos valores dos parametros de entrada do modelo usados em nosso exemplo.

Parametro Valor
Classe small | Classe large

p 2,000 servidores
b 10 milhoes de paginas
Shroker 15.96 ms
Dz 27.13 ms 72.33 ms
Durer 28.44 ms 92.24 ms

disha 41.78 ms 111.39 ms
hit, 0.30 0.18
Ar/A 0.73 0.27

de busca na Web quer garantir que o tempo médio de resposta do sistema nao excedera
300 milisegundos. Considere também que o gerente tem o objetivo de suportar uma taxa
de chegada de consultas de 1,000 consultas/segundo. Usando o modelo com os parametros
descritos na Tabela 3, calculamos o limite superior para o tempo médio de resposta do
sistema em funcao da taxa de chegada de consultas. A Figura 12 mostra o limite superior
para o tempo médio de resposta do sistema em funcao da taxa de chegada de consultas.
A curva “sistema de base” representa os resultados derivados pelo modelo com os parame-
tros estimados experimentalmente (veja a Tabela 3). Os resultados para a curva “sistema
de base” indicam que, mesmo em baixas taxas, o limite superior para o tempo médio de
resposta do sistema excede o limite definido pela geréncia do mecanismo de busca na Web.
Queremos avaliar que tipo de otimizacao nos recursos das maquinas pode reduzir o tempo
médio de resposta do sistema para menos do que 300 milisegundos. Para isto, considera-
mos trés cenarios. Também na Figura 12, as curvas rotuladas de “discos 4x”, “CPUs 4x”, e
“CPUs/discos 4x” representam o limite superior para o tempo médio de resposta do sistema
para os cenarios onde as CPUs sao quatro vezes mais rapidas, os discos sao quatro vezes
mais rapidos, e as CPUs e discos sao ambos quatro vezes mais rapidos, respectivamente.

Estes sao os trés cenarios analisados a seguir.

Cenario 1 - Discos sdo quatro vezes mais rapidos.

No primeiro cendrio, queremos avaliar o impacto no tempo de resposta de uma consulta
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de discos que sao quatro vezes mais rapidos do que aqueles em uso. Isto é refletido no
parametro do modelo ao dividir a demanda pelo disco por um fator de quatro. A solucao
do modelo com os novos parametros produz o novo limite superior para o tempo médio
de resposta do sistema. Os resultados mostram que o limite superior para o tempo médio
de resposta do sistema diminui significativamente, com ganhos de 7.49 vezes aproxima-
damente sobre o sistema de base quando o mesmo esta se aproximando do seu ponto de
saturagao (A = 10 consultas/segundo). Também observamos que a taxa de chegada supor-
tada (A = 15 consultas/segundo) aumenta 1.50 vezes aproximadamente quando comparada
a taxa de chegada suportada pelo sistema de base (A = 10 consultas/segundo). Entretanto,

o limite superior ainda excede o limite definido mesmo em cargas leves.
Cenario 2 - CPUs s3o quatro vezes mais rapidas.

No segundo cenario, queremos avaliar o impacto no tempo de resposta de uma consulta de
CPUs que sao quatro vezes mais rapidas. A maneira de modelar as novas CPUs é dividir
a demanda pela CPU por um fator de quatro. Usando o modelo, calculamos o novo limite
superior para o tempo médio de resposta do sistema. Os resultados indicam que a confi-
guracao com CPUs mais rapidas supera ligeiramente o desempenho da configuracao com
discos mais rapidos, com ganhos de 8.26 vezes aproximadamente quando o sistema de base
estd se aproximando da saturagao. Também observamos que a taxa de chegada suportada
(A = 16 consultas/segundo) aumenta 1.60 vezes aproximadamente quando comparada a
taxa de chegada suportada pelo sistema de base (A = 10 consultas/segundo). Entretanto,

o limite superior ainda excede o limite definido mesmo em cargas leves (como no Cenéario
1).
Cenario 3 - CPUs e discos sdo ambos quatro vezes mais rapidos.

No terceiro cenario, queremos verificar o impacto no tempo de resposta de uma consulta
de CPUs e discos que sao ambos quatro vezes mais rapidos. Para modelar os novos re-
cursos, dividimos as demandas pela CPU e pelo disco por quatro. A solucao do modelo
com o0s novos parametros produz o novo limite superior para o tempo médio de resposta
do sistema. Os resultados indicam que o tempo médio de resposta do sistema é menor
do que 297 milisegundos numa taxa de chegada de 14 consultas/segundo, o que satisfaz
0 objetivo de nivel de servigo para o mecanismo de busca na Web de 300 milisegundos
por consulta. Os resultados também mostram uma reducao notavel no limite superior
para o tempo médio de resposta do sistema, com ganhos de 35.90 vezes aproximadamente

sobre o sistema de base quando o mesmo esta se aproximando do seu ponto de saturacao
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(A = 10 consultas/segundo). Além disso, observamos um aumento expressivo na taxa de
chegada suportada (A = 42 consultas/segundo), com ganhos de 4.20 vezes aproximada-

mente sobre o sistema de base (A = 10 consultas/segundo).

Ainda temos que satisfazer o objetivo de suportar uma taxa de chegada de consultas de
1,000 consultas/segundo. Para suportar uma taxa de chegada de consultas mais elevada, o
cluster de servidores de indice é usualmente replicado [14,18,45|. Replicac¢ao envolve custos
adicionais relativamente pequenos, podendo-se esperar ganhos aproximadamente lineares
na taxa de chegada de consultas suportada em funcao do ntimero de sistemas replicados.
O objetivo de suportar uma taxa de chegada de consultas de 1,000 consultas/segundo
pode ser atingido ao criar 72 réplicas do cluster de 2,000 servidores de indice, cada ré-
plica suportando uma taxa de chegada de 14 consultas/segundo e garantindo um tempo
de resposta de 297 milisegundos. Portanto, nosso modelo indica que um cluster composto
por 144,000 servidores de indice (72 réplicas do cluster x 2,000 servidores de indice num
cluster) atingiria o desempenho desejado. Algumas especulagoes sugerem que mecanismos
de busca na Web de larga escala podem de fato adotar clusters com varios milhares de ma-
quinas, mas, até onde sabemos, nao existem dados disponiveis publicamente para suportar
esta informacao. Se cada servidor de indice manipular uma subcole¢ao maior, o nimero
total de servidores num cluster pode ser menor. Assim, deve-se ser cauteloso antes de
extrapolar nossos resultados ilustrativos para um cluster arbitrario de qualquer mecanismo
de busca na Web. Neste caso, para outras colecoes de documentos e para outras maquinas,

os parametros do nosso modelo podem ser estimados experimentalmente.

Este exemplo mostra como um modelo de planejamento de capacidade razoavelmente pre-
ciso prové uma ferramenta muito ttil para a geréncia apropriada de servigos modernos de

busca na Web baseados em cluster.

Conclusoes

Nesta tese, provemos um arcabouc¢o para o projeto e andlise da infra-estrutura de mecanis-
mos de busca na Web. Neste arcabougo (i) investigamos e analisamos o desbalanceamento
entre os servidores de indice homogéneos num cluster para processamento paralelo de con-
sultas e (ii) propusemos um modelo de planejamento de capacidade para mecanismos de
busca na Web.
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Figura 12: Limite superior para o tempo médio de resposta do sistema em funcao da taxa

de chegada de consultas derivado em nosso exemplo.

Analisando o Desbalanceamento entre os Servidores de Indice Ho-

mogeéneos

Como resultado da nossa analise da questao do desbalanceamento, verificamos que o ce-
nario idealizado, que supoe tempos de servico balanceados como uma conseqiiéncia da
distribuicao uniforme de dados entre os servidores de indice homogéneos, é improvavel de
acontecer na pratica. Esta é uma contribuicao importante porque contradiz uma suposi-
¢ao usual de tempos de servi¢o balanceados feita por muitos modelos tedricos na literatura
para simplificar sua tarefa de modelagem |20, 23,44|. Nossas descobertas sao derivadas de
uma analise experimental detalhada usando um sistema de recuperacao de informacao e
dados reais obtidos de um mecanismo de busca real. Além de verificar a presenca de um
certo nivel de desbalanceamento entre os servidores de indice homogéneos, identificamos e

caracterizamos as principais fontes deste desbalanceamento inesperado.

O principal fator para o desbalanceamento ¢ o uso do cache do disco nos diferentes ser-
vidores de indice. Verificamos que o desbalanceamento para cada consulta aumenta com o
nimero de servidores de indice que recuperam os documentos necessarios do cache do disco.

Por um lado, o pior caso para o desbalanceamento é alcancado quando um tnico servidor
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de indice realmente acessa o disco para recuperar documentos enquanto todos os servidores
restantes usam o cache do disco para a mesma consulta. Por outro lado, o melhor caso
para evitar desbalanceamento é alcancado quando todos os servidores de indice operam na
regiao do cache, levando assim a tempos de acesso a disco relativamente menores e similares
através do cluster de servidores. Outra fonte de desbalanceamento identificada é o tama-
nho da memoria principal dos servidores de indice homogéneos, que afeta a disponibilidade
de recursos para o uso do cache do disco nos servidores. Verificamos que o desbalancea-
mento médio diminui enquanto o tamanho da memoéria principal aumenta. Outra fonte de
desbalanceamento identificada é o nimero de servidores de indice no cluster. Verificamos
que, para um tamanho fixo de memoria principal, o desbalanceamento médio nos tempos

de servico entre os servidores de indice aumenta com o niimero de servidores no cluster.

Um Modelo de Planejamento de Capacidade para Mecanismos de
Busca na Web

Também, propusemos um modelo de planejamento de capacidade para mecanismos de
busca na Web que considera o desbalanceamento nos tempos de servico de uma consulta
entre os servidores de indice homogéneos. Nosso modelo, baseado na teoria de filas, é sim-
ples e razoavelmente preciso. Para ajustar o modelo, executamos experimentos num cluster
pequeno de servidores de indice. Uma vez ajustado, comparamos as predi¢oes do nosso
modelo com os resultados medidos empiricamente e encontramos grande concordancia. Até
mesmo no ponto de saturacao, as predi¢oes do nosso modelo foram razoavelmente precisas.
Também, ilustramos como aplicar nosso modelo para predizer o tempo de resposta de uma
consulta ao adotar CPUs e discos mais rapidos do que aqueles em uso. Consideramos um
cendrio realistico, onde uma cole¢ao de 20 bilhoes de documentos é distribuida através de
2,000 servidores de indice. Em nosso exemplo, mostramos que o gerente de um mecanismo
de busca pode rapidamente predizer limites superiores para o tempo de resposta de uma

consulta sem ter que executar experimentos.

Dada a complexidade da manutencao de mecanismos de busca, e a simplicidade e
razoavel precisao do nosso modelo, acreditamos que nosso modelo pode ser muito 1til na

pratica.

XXVl



Trabalho Futuro

Uma direcao para trabalho futuro é estender nosso modelo de planejamento de capacidade
para suportar miultiplas threads de processamento nos servidores de indice. Outra direcao
para pesquisa é melhorar nosso modelo para estimar a fun¢ao de distribuicao do tempo de
resposta de uma consulta. A partir desta distribuicao, pode-se encontrar seus percentis.
Esta solucao é 1til se o gerente de um mecanismo de busca na Web exigir que o g-percentil
do tempo de resposta esperado de uma consulta seja menor ou igual a um limite definido.
Uma outra direcao para pesquisa futura é modelar caching dos resultados das consultas
que permite ao mecanismo de busca responder consultas repetidas recentemente a um
custo muito baixo desde que nao é necessario processar estas consultas — e caching das
listas invertidas dos termos das consultas  que melhora o tempo de processamento de no-
vas consultas que incluem pelo menos um termo cuja lista estd guardada em memoria [48|.
Uma outra direcao para pesquisa é identificar e analisar as razoes para o uso do cache
do disco, e eventualmente modelar a probabilidade de acerto no cache do disco. Alguns
elementos que afetam o uso do cache do disco sao a localidade de referéncia temporal das
consultas e termos das consultas no trafego de entrada, a localidade de referéncia espacial
das listas invertidas dos termos das consultas no disco, e o tamanho da memoria principal.
Uma outra direcao para trabalho futuro é verificar, através de simulagao, a precisao das
predicoes de nosso modelo para mecanismos de busca na Web de larga escala, que contam
com clusters com milhares de servidores de indice para suportar colecoes compostas por
bilhoes de documentos. Seria importante considerar um cluster composto por p servidores
de indice, tal que p é grande o suficiente para armazenar o indice de uma colecao de
20 bilhoes de paginas, que é o tamanho dos indices do Google e Yahoo levado a ptiblico [24].
E dificil obter grandes colec¢es de documentos usadas pelos mecanismos de busca na Web
para gerar uma pagina de resposta pra cada consulta recebida. A razao é que o conjunto de
documentos coletados é visto como informacao estratégica e proprietaria pelos principais
operadores de busca na Web. De fato, durante o curso desta tese, tivemos acesso apenas
a uma colecao de documentos composta por aproximadamente 10 milhoes de paginas Web
coletadas pelo mecanismo de busca TodoBR da Web brasileira em 2003. Uma solugao
seria gerar uma colecao sintética de documentos grande, a partir de distribui¢oes que sao
baseadas em estatisticas provenientes de conjuntos de dados reais.
Uma outra dire¢ao para pesquisa futura é desenvolver uma abordagem para encontrar a
arquitetura 6tima para um mecanismo de busca na Web em termos de custo, que combine

as estratégias de particionamento e replicagao a fim de satisfazer requisitos operacionais
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para o tempo de resposta de uma consulta, vazao de consultas, e utilizacao do servidor.
O custo é dado pelo nimero de servidores de indice na arquitetura. Portanto, o objetivo
seria satisfazer os trés requisitos operacionais com o menor nimero de servidores de indice.

Este objetivo pode ser formalizado ao minimizar a funcao de custo:
c=pXxr 9)
a0 mesmo tempo satisfazendo os seguintes requisitos operacionais:

ft(purvX) T (10)
fulp,r, X) < U

IA

onde r é o nimero de replica¢oes (de um cluster de servidores de indice); p é o nimero
de partiges do indice (através dos servidores de indice num cluster); T' é o requisito para
o tempo de resposta; U é o requisito para a utilizacao; X é o requisito para a vazao;
e fi(p,r,X) e fu(p,r, X) calculam tempo de resposta e utilizagao, respectivamente, para
uma dada vazao X e uma dada arquitetura onde o indice é particionado em p divisoes e

replicado r vezes.
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(Glossary

Acronyms

CCDF: Complementary Cumulative Distribution Function, a function complementary to

the Cumulative Distribution Function.

CDF: Cumulative Distribution Function, a function that completely describes the prob-

ability distribution of a random variable.

FCFS: First-Come First-Served, a queueing discipline in which requests are served in the

order of arrival at a queue.

PDEF': Probability Density Function, a function that represents a probability distribution

in terms of integrals.

PMF: Probability Mass Function, a function that gives the probability that a discrete
random variable is exactly equal to some value. A probability mass function differs
from a probability density function in that the values of the latter, defined only for
continuous random variables, are not probabilities; rather, its integral over a set of

possible values of the random variable is a probability.

MVA: Mean Value Analysis, an efficient algorithm to solve product-form queueing net-

works and obtain mean values for queue lengths and response times.

Parameters
a: parameter of a Zipt’s distribution.

b: size of the subcollection stored by an index server.



st average demand for CPU at an index server for class r queries that find all

inverted lists in the disk cache.

server .
CPUmiss,T*

from disk.

average demand for CPU at an index server for class r queries that retrieve data

server,

dieny s average disk demand at an index server for class r queries.
hit,.: probability of a class r query finding all inverted lists in the disk cache.
1df;: inverse document frequency of the term k;.
A: query arrival rate.
Ari query arrival rate for class r (r =1...R).
n: size of the whole document collection.
p: number of index servers in a cluster.
R: number of query classes.
RgTOkeT: average query residence time at the broker for a cluster with p index servers.
Reluster: average query residence time at the index server subsystem.
Ree™er: average query residence time at an index server.
RZemer: average residence time for class r queries at an index server.

RsYste™; average query system response time.

ng'm: average query service time at the broker for a cluster with p index servers.

Seervers average query service time at an index server.

Spervers average service time for class r queries at an index server.
tfi;» number of times the term k; occurs in document d;.

SETVET o

: total resource utilization of an index server.



Chapter 1

Introduction

1.1 Motivation

The World Wide Web dates from the end of the 1980s [17] and no one could have imagined
its current impact. The boom in the use of the Web and its exponential growth are now
well known. Just the amount of textual data available is estimated to be in the order
of hundreds of terabytes. In addition, other media, such as images, audio, and video,
are also available. This triggers the need for efficient tools to manage, retrieve, and filter
information from this huge and diversified database.

Search engines have become an essential and popular tool for dealing with the huge
amount of information found on the Web. A survey by iProspect [30] reveals that 35.1%
of the Internet users use search engines at least once a day, 21.2% use search engines four
or more times a day, and 22.7% use search engines multiple times a week, which indicates
that search engine usage is a popular type of online activity.

Further, search engines are currently a critical component of Web economy. The tremen-
dous success of keyword targeted advertising has fuelled Web economy to new heights. In
fact, in 2004 American companies spent between 9 and 10 billion dollars in online adver-
tising to promote their products and services [29]. Around 40 — 50% of this amount is
estimated to have been spent on search advertising. According to JupiterResearch pro-
jections, by 2010, search advertising alone will represent a market of 18.9 billion [29].
Additionally, search engines are expected to play a major role in the context of corporate
search, i.e., installing search engines in the Intranets of large companies to sift through the
vast amounts of data produced internally. Fairly recent announcements of new products by

major players, such as Google [26] and Yahoo [63], indicate a rising interest in corporate
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search. In this case, the interest of the corporation is on compiling and organizing the
information it generates regarding its own business, using information on the business as

a de facto asset.

Web search engines require a huge amount of computational resources to handle the
incoming query traffic, which is often characterized by high peak requirements. Further,
the fact that the number of documents available on the Web keeps growing consistently
there are now at least 20 billion documents in the Web [24|—makes the problem even more
challenging. To cope with these requirements, modern Web search engines rely on clusters

of server machines for query processing [14,18,45].

The architecture of a typical Web search engine is composed of clusters of index servers,
with the documents partitioned among them (each index server stores a part of the docu-
ment collection and an index for it). This architecture is usually referred to as document
partitioning and is preferred because it simplifies maintenance, simplifies the generation of
the index (which can be done locally), and degrades gracefully (because the failure of an
index server does not prevent any query from being answered, though the final answer set
might not contain all the relevant documents in the collection). The cluster also includes

a broker that communicates with the various index servers.

A new user query reaches the search engine through the broker, which sends a copy
of it to each index server for local processing. Typically, each index server returns its top
10 ranked documents to the broker, which runs a merge in place to determine the final

10 answers to be sent to the user.

The processing of a query can be split into two consecutive major phases [14]. A
first phase which consists of retrieving references to the documents that contain all query
terms and ranking them according to some relevance metric (usually done by the index
servers). A second phase which consists of taking the top ranked answers, typically 10,
and generating snippets, title, and URL information for each of them (usually done by a
cluster of document servers, each one holding a part of the document collection). While
this second phase has roughly constant cost, independently of the size of the document
collection, the first phase has a cost that increases with the size of the collection. Therefore,
the performance of the first phase is crucial for maintaining the scalability of modern search

engines that deal with an ever-increasing amount of Web documents.

Given the complexity involved in designing efficient Web search engines and the key role
such systems play in Internet usage nowadays, it is of utmost importance to understand the

behavior of Web search engines. This is essential for the performance analysis and capacity
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planning of such systems in order to allow them to properly face the ever-increasing demand

users are submitting them to.

1.2 Objectives and Contributions

The objective of this thesis is to provide a performance framework for the design and
analysis of the infrastructure of Web search engines. Our goal is to have a simple and

reasonably accurate tool that can answer capacity planning questions such as:

(i) Given a collection composed of n documents distributed over p machines, what kind

of average query response time guarantees one can expect?

(ii) What kind of optimization in machine resources might yield a reduction in the average
query response time to meet a service level objective defined by the management of

the Web search engine?

(iii) What is the minimum number of replications of the cluster of index servers that will
guarantee that, on the average, the query response time on a peak period will not

exceed the threshold defined by the management of the Web search engine?

In this thesis, we analyze the performance of retrieving the most relevant documents for
a given user query, i.e., the first phase of the query processing task. The major contributions

of this thesis are:

e Investigation and analysis of the imbalance issue in a computational cluster for par-
allel query processing composed of homogeneous index servers, as presented in Chap-
ter 4. We verify in practice a consistent imbalance per query in the service time at
index servers, even though the distribution of sizes of inverted lists at the various
servers are quite balanced. This is an important experimental result because our find-
ings contradict the usual assumption of balanced service times adopted by previous
theoretical models found in the literature. Moreover, we identify and fully analyze
the main sources of imbalance: the use of disk cache, the size of main memory in the

homogeneous index servers, and the number of index servers in the cluster.

e A capacity planning model for Web search engines that considers the imbalance in
query service times among homogeneous index servers, as presented in Chapter 5.

Our model, which relies on a queueing-based analytical model, is simple and yet
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reasonably accurate. To set up the parameters of our model, we run experiments
on a small cluster of index servers. Once the key parameters have been estimated,
we verify the accuracy of the model by comparing its predictions with experimental
results also produced using the small cluster of index servers. Finally, we illustrate
how to use our model to predict query response time when adopting faster CPUs
and disks than those in use. We consider a realistic scenario, where a collection of

20 billion documents is distributed over 2, 000 index servers.

e Characterization of four query datasets with millions of queries representing the query
workload of two Brazilian search engines, namely TodoBR! [55] and Radix |42|, and
two worldwide search engines, namely AllTheWeb [1| and Altavista [2], as presented
in Section 5.2. A subset of 85,604 queries in a high-load hour of the TodoBR query
dataset is used for a series of validation experiments of the capacity planning model
for Web search engines. Our findings show that (i) the distribution of queries and
of terms in queries through the four considered datasets follow a Zipf’s distribution;
(ii) queries containing two or fewer terms are the most frequent for all considered
datasets; (iii) there is a periodic behavior on the query workload through the four
query datasets; and (iv) interarrival times of queries in the TodoBR dataset follow

an Exponential distribution.

1.3 Organization of this Thesis

This thesis is organized as follows. Chapter 2 introduces basic concepts related to our
performance framework for the design and analysis of the infrastructure of Web search
engines. Chapter 3 discusses the related work in four key areas to the capacity planning for
Web search engines: index organization, system architecture, workload characterization,
and performance modeling. Chapter 4 investigates and analyzes the imbalance issue in
a computational cluster composed of homogeneous index servers. Chapter 5 proposes a
capacity planning model for Web search engines. Our conclusions and future work follow
in Chapter 6.

!'TodoBR is a trademark of Akwan Information Technologies, which was acquired by Google in July
2005.



Chapter 2
Basic Concepts

In this chapter, we introduce basic concepts related to our performance framework for the
design and analysis of the infrastructure of Web search engines. Section 2.1 presents the
architecture of our system, describing the cluster of index servers in Section 2.1.1, the index
organization in Section 2.1.2, the ranking strategy in Section 2.1.3, and the parallel query
processing technique in Section 2.1.4. Section 2.2 presents queueing networks for system
performance evaluation and prediction, including multiple-class product-form queueing

networks in Section 2.2.1 and fork-join queueing networks in Section 2.2.2.

2.1 An Architecture for Web Search Engines

2.1.1 Cluster of Index Servers

Modern Web search engines typically rely on computational clusters for query process-
ing [14,18,45]. Such cluster is composed of a single broker and p index servers. Figure 2.1
illustrates this architecture for a typical Web search engine. Let n be the size of the whole
document collection. Assuming that the documents are uniformly distributed among the
p index servers, the size b of any local subcollection is then given by b = n/p.

The broker receives user queries from client nodes and forwards them to the index
servers, triggering the parallel query processing through the p local subcollections. Each
index server searches its own local subcollection and produces a partial ranked answer.
These partial ranked answers are then sent to the broker where they are combined through
an in-memory merging operation. The final list of ranked documents is then sent back to

the user.
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I ndex Index Index o Index
server 1 server 2 server 3 server p

Figure 2.1: Architecture of a typical search engine.

For the moment we disregard application-level caching neither of query results at the
broker nor of lists of documents at the index servers. We model, however, the effects of disk
cache at the index servers, which is natively implemented by the local operating system.

We note that the described architecture is for a single query processing cluster, which
constitutes the basic unit of modern search engines. Large scale modern Web search engines

basically replicates this cluster unit for supporting a higher query arrival rate [14,18,45].

2.1.2 Inverted Index

An inverted index [12,62] is typically adopted as the indexing structure for each subcol-
lection. Inverted files are useful because they can be searched based mostly on the set of
distinct words in all documents of the collection. They are simple data structures that per-
form well when the pattern to be searched for is formed by conjunctions and disjunctions
of words.

The structure of our inverted indexes is as follows. It is composed of a vocabulary and a
set of inverted lists. The vocabulary is the set of all unique terms (words) in the document
collection. Each term in the vocabulary is associated with an inverted list that contains an
entry for each document in which the term occurs. Each entry is composed of a document
identifier and the within-document frequency tf; ; representing the number of occurrences
of term k; within the document d;.

The documents of the whole collection are randomly distributed among the p index

servers, a policy that works fine in balancing the distributions of the sizes of the inverted
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lists that compose the local inverted indexes [5,7, 8], as further detailed in Section 4.3.1.
The size of each local inverted index is O(n/p), where n is the size of the whole document
collection. This type of index organization, hereafter referred to as document partitioning,

is currently the de facto standard in all major search engines [14,45].

2.1.3 Vector Space Model

In this work, we use the standard vector space model |47] to rank the documents retrieved
from the index servers. Modern search engines also adopt link-based ranking, such as
PageRank [19], combined with a text-based ranking, such as the vector space model, to rank
documents. However, since link information is pre-computed offline as a global measure,
its usage has only modest impact on performance. Note that no matter the complexity
of the adopted information retrieval algorithm, our model can capture the behavior of
the algorithm because of its experimental basis (further details in Chapter 5). Thus, our
approach remains realistic.

In the vector space model, documents and queries are represented as vectors in a space
composed of the terms in the vocabulary of the collection. With every term k; in a docu-
ment d; is associated a weight w; ;. In this way, a document d; is represented as a vector
of term weights d; = (w1, waj,...,w ), where t is the total number of distinct terms
in the entire document collection. Each w; ; weight reflects the importance of term k; in

document d; and is usually computed as:
Wi 5 = tfi,j X ’ldfl (21)

The term frequency t¢f;; is simply the number of times the term k; occurs in docu-
ment d;. The ¢f factor provides one measure of how well that term describes the document
contents. The inverse document frequency idf; is a measure of the general importance of

the term k; and is usually computed as:

N
idf; = log - (2.2)

(3

where n; is the number of documents in which k; occurs and N is the total number of
documents in the collection. The motivation for usage of an idf factor is that terms which
appear in many documents are not very useful for distinguishing a relevant document from
a non-relevant one. The expression for w; ; is usually referred to as term frequency-inverse

document frequency or tf-idf weight. Its foundations lie in the observation that a term is
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more important if it occurs many times in a document and less important if it occurs in

many documents in the collection.

In the vector space model, a query ¢ is also represented as a vector of term weights
7= (w4, Wa g, ..., wr,). For comparing a query with a document, the most commonly used
measure is the cosine of the angle between the query and document vectors. The similarity

between a document d; and a query ¢ is defined as:
d;eq
sim(d;,q) = A I (2.3)
|d;] > |q]
Doy Wi X Wig

¢ ¢
> i wi2,j X A/ wi%q

where |CZ;| and |7] are the norms of the document and query vectors. The factor |g] does
not affect the ranking (i.e., the ordering of the documents) because it is the same for all
documents. The factor |CZ;| provides a normalization in the space of the documents. By
computing the similarities between all the documents in a collection D and a given query ¢,
we obtain an ordered list of documents, where documents more likely to satisfy the query

have higher similarities.

A standard algorithm for ranking documents with the vector space model uses a set
of accumulators, one accumulator for each document in a collection, and a set of inverted
lists. For each query term k;, the contribution sim(d;, ¢, k;) made by the term k; to the
degree of similarity between a query ¢ and each document d; in the inverted list—is added
to the value of the accumulator of document d;. This contribution, called partial similarity,
is given by:

stim(d;, q, ki) = w;; X w;q = tfi; X logg X tfiq % log E (2.4)
i i

The final result is composed by the documents with the highest accumulator values. A

simple version of this algorithm is shown in Figure 2.2.

Using the idf factor implies global knowledge about the whole collection to be available
at the index servers. In an architecture characterized by a strategy of local document
partitioning, this could be accomplished if index servers exchange their local idf factors
after the local index generation phase. Each index server may then derive the global
idf factor from the set of local idf factors [44].
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For each document d; in the collection, set accumulator Ag; < 0.
2. For each term k; in the query g,
(a) Retrieve the inverted list for k; from disk.
(b) For each term entry < d;,tf;; > in the inverted list,
set Ag, < Ag, + sim(dy, q, k;).
Divide each non-zero accumulator Ay, by the document norm | d; |.
Identify the f highest accumulator values (where f is the number of documents

to be presented to the user) and retrieve the corresponding documents.

Figure 2.2: Basic algorithm for ranking using the vector space model.

2.1.4 Parallel Query Processing

In our experiments, a client machine submits queries to the broker according to a query
arrival distribution. This broker then broadcasts each query to all index servers. Once
each index server receives a query, it retrieves the full inverted lists relative to the query
terms, intersects these lists to produce the set of documents that contains all query terms
(i.e., the conjunction of the query terms'), computes a relevance score for each document,
and sorts them by decreasing score this results in a partial ranked answer to be sent by
each index server to the broker. Each query term k; is processed by decreasing idf;, i.e.,
by increasing order of the number n; of documents in the whole collection containing the
term k;, thus leading to a significantly more efficient conjunction of their inverted lists.
As soon as the ranking is computed, the top ranked documents at each index server are
transferred to the broker machine. The broker is then responsible for combining the partial
ranked answers received from the index servers through an in-memory merging operation.
The final list of top ranked documents is then sent back to the client machine.

For simplicity, we adopt a single processing thread at each index server. Lu et al. |33|
verify that the query arrival rate supported by the system increases with the number of
threads, until either CPUs or disks are overutilized. The use of multiple processing threads
at index servers is left for future work.

Notice that in this architecture, characterized by a strategy of local document partition-

ing, the response time of a particular query basically depends on the execution time of the

!Taking the conjunction of the query terms is now standard practice on the Web
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slowest index server to produce the corresponding partial answer set. Therefore, the higher
the imbalance in execution times of index servers, the larger tends to be the response time
of a query processed by the cluster of servers. Thus, it is critically important to avoid im-
balance. If the document collection is partitioned among a certain number of homogeneous
index servers in a balanced way, such that all of them manage a similar amount of data
when processing a query, it would be expected that execution times were also balanced.
This idealized scenario of supposing balanced execution times as a direct consequence of a
uniform collection distribution among index servers is indeed a usual assumption taken by
theoretical models in the literature to simplify the modeling task. Nevertheless, such an
idealized balance is unlikely to be found in practice as we point out in this work. Such an

observation is based on the experimental analysis described in Chapter 4.

2.1.5 The Broker is not the Main Bottleneck

Observing the architecture for parallel query processing in Figure 2.1, we notice that the
broker constitutes a potential bottleneck. Every query that is submitted to our cluster of
index servers is processed by the broker, which has to merge the partial results produced
by the various index servers. However, this merging of partial results is done all in memory
and can be done quickly. 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 cluster with p index servers.
By varying p we can stress the broker and observe how it behaves. The broker takes queries
at an arrival rate A\ (which we varied) and passes them to a single machine that runs our
simulator. For each query, the broker sends p query requests to our simulator, one for each
index server. For each query request it receives, the simulator does not process it. Instead,
it sorts an answer from an array of pre-computed answers stored in main memory, and
sends this answer to the broker. Thus, from the viewpoint of the broker everything goes on
as if there were indeed p index servers in the cluster, except for the negligible time spent
by the simulator to generate partial answers to the broker. Figure 2.3 reports the average
time at the broker per query. We observe that even at high loads and with a large number
of index servers, time at the broker is not affected. In fact, with 256 index servers and
query arrival rates around 100 queries/second, average time at the broker per query is less
than 10 milliseconds.

This is because of two fundamental reasons. First, all the work the broker does is

carried out fully in main memory. Second, all the tasks the broker executes are simple
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Figure 2.3: Average time (seconds) at the broker per query as a function of the query

arrival rate (queries/second).

tasks that do not take much CPU time. The broker does not have to make ranking
computations and does not have to execute algebraic operations (other than comparing
document identifiers). Further, since it has to wait for the partial results for each query,
it has plenty of free resources that can be shared with the various queries in the input

stream.

Eventually the broker saturates as shown in Figure 2.3. In our case saturation is abrupt.
The reason is that saturation is caused by contention at the network drive interface. With
256 index servers, for instance, each user query requires 256 write operations to send
the queries out and another 256 read operations to retrieve the partial answers from the
network. At a rate above 150 queries/second, the network drive interface fails to handle
the load. This is not critical though because the index servers saturate at a rate one order
of magnitude smaller (i.e., index servers approximate saturation at 28 queries/second as
we later show in Section 5.3.2). That is, a broker whose main task is to merge partial

answer sets is not the main bottleneck.
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2.2 Queueing Networks

Queueing networks have been extensively applied to represent and analyze computer sys-
tems. They have proved to be a powerful and versatile tool for system performance eval-
uation and prediction. A queueing network is a network of interconnected queues that
represents a computer system [36]. A queue in a queueing network stands for a resource
(e.g., CPU, disk, network) and the queue of requests waiting to use the resource. A queue
is characterized by a function S(n) that represents the average service time per request
when there are n requests at the queue. The number of requests n at the queue is called
the queue length.

Not all requests that flow through the resources of a queueing network are similar in
terms of the resources used and the time spent at each resource. The total workload
submitted to a computer system may be broken down into several workload components,
which are represented in a queueing model by a class of requests. Different classes may
have different service demand parameters and different workload intensity parameters. The
workload intensity parameters provide a measure of the load placed on a system, indicated
by the number of units of work that contend for system resources. In the case of Web
search engines, this measure corresponds to the number of incoming queries per second.
The workload service demand parameters specify the total amount of service time required
by each basic component of the workload on each resource of the system. In a Web search
engine, the service time for a user query is equivalent to the amount of time needed to
select the most relevant documents for this query.

Classes of requests may be classified as open or closed depending on whether the number
of requests in the queueing network is unbounded or fixed, respectively. Open classes allow
requests to arrive, go through the various resources, and leave the system. Closed classes are
characterized by having a fixed number of requests in the queueing network. A queueing
network in which all classes are open is called an open queueing network. A queueing
network in which all classes are closed is called a closed queueing network. A queueing
network in which some classes are open and others are closed is called a mized queueing
network.

A central concept in the solution and analysis of queueing networks is the state of the
network [37]. The state represents a distribution of requests over classes of requests and
resources. The solution of queueing networks consists of finding the long term (i.e., the
steady state) probability of being in any particular state. This refers to the probability

of taking a random snapshot (or checkpoint) of the system and finding the system in a
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particular state. The analysis of queueing networks consists of evaluating a set of perfor-
mance measures, such as system response time, system throughput, and server utilization.
The popularity of queueing networks for system performance evaluation is due to a good
balance between a relative high accuracy in the performance results and the efficiency
in model analysis and evaluation. In this framework, the class of product-form queueing
networks has played a fundamental role.

Product-form queueing networks have a simple closed-form expression of the steady-
state probability distribution that allow to define efficient algorithms to evaluate average
performance measures [13]. The precise characterization of the class of product-form net-
work is not easy. The product-form solution is related to some properties of the queueing
network model that are defined on the Markov process underlying the queueing model. The
most famous result concerning product-form queueing networks is the BCMP theorem [15],
developed by Baskett, Chandy, Muntz, and Palacios. The BCMP theorem defines the well-
known class of BCMP queueing networks with product-form solution for open, closed, or
mixed models with multiple-classes of customers and various service disciplines and service
time distributions. The steady-state probability distribution is expressed as the product
of the distributions of the single queues with appropriate parameters and, for closed net-
works, with a normalization constant. In the case of service centers with a First-Come
First-Served (FCFS) service discipline, under which requests are serviced in the order in
which they arrive, the service time distributions are required to be exponential with the
same mean for all classes. Although all classes must have the same mean service time
at any given resource, they may have different visit ratios, which allows the possibility of
different service demands for each class at any given resource. In open networks, the time
between successive arrivals is assumed to be exponentially distributed.

In our work, the Web search engine is represented as an open queueing network com-
posed of the broker and the subsystem of index servers, as further discussed in Chapter 5.
The broker is modeled as a product-form queueing network with a single class, an index
server as a product-form queueing network with multiple-classes, and the subsystem of

index servers as a fork-join queueing network.

2.2.1 Multiple-Class Open Queueing Networks

Multiple-class product-form queueing networks have efficient computational algorithms for
their solution. Because of its simplicity and intuitive appeal, we adopt the MVA-based

algorithm for approximate solution of open multiple-class models [37].
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Consider the following notation for the multiple-class open model presented here.

K: number of resources or service centers of the model

e R: number of classes of requests

e )\.: arrival rate of class r

e S, average service time of class r requests at resource ¢

e V;,: average visit ratio of class r requests at resource ¢

e D;,: average service demand of class r requests at resource ¢; D;, =V, .S,
e [?;,: average response time per visit of class r requests at resource 7

e R! : average residence time of class r requests at resource i, i.e., the total time spent

by class r requests at resource ¢ over all visits to the resource; Rg,r, = Vi, Ri,
e 7, .. average number of class r requests at resource %
e 7;: average number of requests at resource ¢
e X, ,: class r throughput at resource ¢
o Xo,: class r system throughput

e R,.: class r response time

In steady-state, the throughput of class r equals its arrival rate. Thus,

Xor =\, (2.5)

)

The application of Little’s Law [37| to each resource gives
ﬁi,r = Xi,rRi,r (26)

Using the Forced Flow Law [37] and Equation 2.5, the throughput of class r at re-

source ¢ is

Xi,r = XO,T‘/Z',T = >\r‘/z’,r (27)
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The average residence time for the entire execution is R;J, = Vi, R, ,. Using Equation 2.7

in Equation 2.6 the average queue length per resource for each class becomes
ﬁi,r = )\T‘R;7r (28)

Combining the Utilization Law 37| and the Forced Flow Law, the utilization of re-

source ¢ by class r requests can be written as
Ui,r - Xi,rSi,r = )\r‘/i,rSi,r = )\T’Di,r (29)

The average time a class r request spends at a resource, from arrival until completion,
has two components: the time for receiving service and the time spent in queue. The latter
is equal to the time required to service requests that are currently in the resource when

the request arrives. Thus,

Ri, = Si(1+m) (2.10)
‘/i,rRi,r = ‘/i,rSi,r(l + ﬁf}w)
R;,r = Diﬂ“(l + ﬁf}r)

A

where 77" is the average queue length at resource ¢ seen by an arriving class r request.

Te arrival theorem [49] states that in an open product-form queueing network, a class r
arriving request at service center i sees the steady-state probability distribution of the

resource state, which is given by the queue length. Thus,
n =M (2.11)
From Equations 2.10 and 2.11, we get
R, = D;,(1+m;) (2.12)
Substituting Equation 2.12 into Equation 2.8, yields
Tir = M D (1 +7;) = Ui (1 +75) (2.13)

For any two classes r and s, we have

3l

i, Uz r
L= 4 2.14
ﬁi,s Uz',s ( )

Using Equation 2.14 and considering the fact that n; = Zleﬁ@s, Equation 2.13 can
be rewritten as
My = —2— (2.15)
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Applying Little’s Law to Equation 2.15, the average residence time for class r requests

at resource 7 is
/ Di,r

Ri,T = 1— UZ

The interaction among the open classes of a multiple-class model is explicitly rep-

(2.16)

resented by the term U; of Equation 2.16, which corresponds to the total utilization of
resource ¢ by all the classes in the model.

The analysis of a product-form model with multiple open classes begins with the con-
straint that U; < 1 for all resources of the network. From Equation 2.9, the stability

condition for an open model is

Ui

IN
—_
<

(2.17)

™
>
S
VAN
_
<C
3

(2.18)

2.2.2 Fork-Join Queueing Networks

Parallelism in computer systems can be modeled by fork-join queuing networks [37]. When
entering a concurrent processing stage, an arriving request forks into subtasks that are
executed independently either on different service centers or on the same service center.
Upon completing execution, each subtask waits at the join point for its sibling tasks to
complete execution. The fork operation starts new concurrent subtasks. The join operation
forces one subtask to wait for sibling subtasks.

Due to the wide-spread use of parallelism in computer and storage systems, fork-join
queueing networks have been studied extensively 3,22, 25,34, 40, 54, 57-60,64|. An exact
analysis of the fork-join queuing network is presented only for fork-join networks with
2 queues [25,40,58]. There is no known closed-form solution for fork-join queuing networks
with more than 2 queues. Hence, the performance measures of such networks computed
using approximation and bounding techniques.

In our work, we use the upper-bound on the average response time proposed in [40] for
fork-join queueing networks with exponential interarrival and service times. The fork-join
queueing network consists of p (p > 1) service centers connected in parallel, as illustrated
in Figure 2.4. A request to the fork-join network is split into p independent sub-requests,
one for each of the p service centers. The original request completes when all subrequests
complete, i.e., when all of them arrive at the join point. Thus, the time spent by a request

in the fork-join network is the maximum of the times spent in each of the p service centers.
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The average service time of a request is assumed to be the same at each of the p service

centers of a fork-join network.

service center 1

O

service center 2
arriving queries /\ | departing queries

NI

fork point : join point

service center p

O

Figure 2.4: Fork-join queueing network.

Consider the following parameters for the fork-join queueing network:
e S: average service time at a service center;

e p: number of parallel service centers at the fork-join network;

e R: average response time at the fork-join network;

e [: utilization of a service center.

The upper-bound on the average response time for the fork-join queueing network is

bounded by:
S

R < Hpm (2.19)
where H,, is the p-th harmonic number defined as H, = >"_ (1/i). The harmonic number
accounts for the synchronization time at the joining point. The rationale for this approx-
imation comes from the fact that the expectation of a random variable defined as the

maximum of p exponentially distributed random variables with average S is equal to SH,,.
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Chapter 3

Related Work

In this chapter, we discuss related work in four key areas to the capacity planning for
Web search engines: index organization in Section 3.1, system architecture in Section 3.2,

workload characterization in Section 3.3, and performance modeling in Section 3.4.

3.1 Index Organization

Different strategies for distributing the index of a document collection among machines have
been discussed in the literature. Tomasic and Garcia-Molina |[56] compare the performance
impact on “boolean and” query processing of two basic and distinct options for storing
the inverted lists, namely document partitioning and term partitioning, as illustrated in

Figures 3.1 and 3.2 respectively.

Document partitioning: The documents are evenly distributed among index servers and
each server generates a local inverted file for its documents. For processing a query,
a central broker machine (to which all the queries are first directed) broadcasts the
query to all index servers. A query is processed by an index server by reading into
memory all the inverted lists related to query terms, intersecting them, and producing
a list of matching documents. This partial answer set is sent to the broker, which

concatenates all the partial answer sets to produce the answer to the query.

Term partitioning: A global inverted file is generated for all documents, and the full
inverted lists are evenly distributed across index servers. For processing a query, the
broker determines which index servers hold inverted lists relative to the query terms,

breaks the query into subqueries, and sends them to the respective servers. Each

19
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Documents

1 21| 3 4 |5 6|7 8
A X X X
C X X X
D X X X
G X X X

Terms

X X X
N X X | X
O x X X X
Z X X X X

Figure 3.1: Document partitioning.

subquery is composed by the terms which are stored in the index servers it is sent to.
If an index server receives a query with a single term, it fetches the corresponding
inverted list and returns it to the broker. If the subquery contains multiple terms,
the index server intersects the corresponding inverted lists and sends the result as
the partial answer set. The broker intersects (instead of concatenating) the partial

answer sets to obtain the final answer.

In the work by Tomasic and Garcia-Molina [56], simulation experiments attempt to
determine under what conditions each index organization is better, how each index or-
ganization scales up to large systems (more documents, more processors) and what is the
impact of key parameters, such as seeking time of the storage device, load level, and number
of keywords in a query. They generate synthetic databases and queries, from probability
distributions that are based on actual statistics. Their results indicate that the document
partitioning has the most balanced use of resources, which leads to better performance
under more stressful scenarios. The term partitioning performs poorly because it saturates
the LAN by transmitting many long inverted lists, and takes longer to read inverted lists

which are not split across disks.
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Documents

1 2 3 4 5 6 7 8

A X X X
C X X X
D X X X
G X X X
Terms
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N X X X
O X X X X
Z X X X X

Figure 3.2: Term partitioning.

Jeong and Omiecinski |31] consider the document partitioning and the term partition-
ing approaches to physically divide inverted indexes in a shared-everything multiprocessor
machine with multiple disks. By simulation, they study the performance impact of these
schemes on boolean query processing under a number of workloads where the term frequen-
cies in the documents, the term frequencies in the queries, the number of disks, and the
multiprogramming level are varied. In general, they found that when the term distribution
is less skewed or when the term distribution in the user query is uniformly distributed that
the term partitioning performed the best. However, when the term distribution is high

skewed, the document partitioning performed the best.

Ribeiro-Neto and Barbosa [44| consider the document partitioning and the term par-
titioning for a digital library distributed in a tightly coupled environment. The retrieval
system uses the vector space model as ranking strategy. The operational environment is
that of a network of workstations connected by fast switching technology, where each ma-
chine has its own local memory and disk. Experiments were based on an analytical model
coupled with a small simulator and investigate how query performance is affected by the
index organization, the network speed, and the disks transfer rate. All estimates are based

on the documents and queries in the TREC3 collection [27]. The results indicate that term
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partitioning consistently outperforms document partitioning for disjunctive queries in the
presence of fast communication channels, mainly because term partitioning allows trad-
ing seek operations in disk to network traffic and greater concurrency among the various

queries.

MacFarlane et al. [35] investigate the document partitioning and term partitioning
schemes for distributing inverted lists. The retrieval model implemented is the probabilistic
and the system offers only a sequential query service. The search topology is that of a
master/slave with a top node and a number of leaf nodes, each with its own disk. The data
used in experiments are part of the documents and queries in the TRECT7 collection |28].
Experimental results indicate that the document partitioning is the preferable method for
sequentially submitted queries. The problem with the term partitioning is that too much
data has to be communicated from the leaf to the top process and the sort cannot be

parallelized without further communication between leaves and top node.

A previous work of ours [6] compares the document partitioning and term partition-
ing strategies for distributing inverted lists. The retrieval system uses the vector space
model and addresses a concurrent query service. The architecture adopts a network of
workstations model and the client-server paradigm. The data used in experiments com-
prise documents and queries in TREC3 collection [27], besides an artificial query set that
mimics Web-like queries. The impact of the two index partitioning strategies on query
processing performance was evaluated on a real case framework. Experimental results
on retrieval efficiency show that term partitioning outperforms document partitioning for
disjunctive queries specially when the number of processors exceeds the average number
of terms in query. The main reason is that term partitioning provides a high concurrent
query service, which is particularly evidenced when the number of processors exceeds the

average number of terms in query.

Sornil and Fox [51] combine the document partitioning and term partitioning ap-
proaches to organize inverted indexes in a hybrid partitioned scheme. In the hybrid scheme
they divide an inverted list into a number of equal sized chunks, which are randomly dis-
tributed to nodes in the system. Their system architecture consists of a number of nodes
and an information retrieval server connected through an interconnection network, each
node containing one disk and one CPU. They return the entire inverted lists to the infor-
mation retrieval server, that is, their network of processing nodes can be regarded as one
big disk supplying inverted lists to the information retrieval server. They model collections,

query term selection, disk nodes, and the network. Simulation results show that the hybrid
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partitioning outperforms the document partitioning and the term partitioning over a range
of conditions, because it allows load balancing across nodes with a larger partitioning unit
than the document partitioning. The term partitioning performs better than the document
partitioning in most conditions, because of the saturated nodes due to the amount of /O

incurred by the document partitioning.

In a previous work of ours [4], we compare the performance of the hybrid partition-
ing, introduced by Sornil and Fox [51|, against the document partitioning and the term
partitioning. Our work differs from that presented in [51] in the following aspects. While
they deal only with returning entire inverted lists to an information retrieval server, we
address the complete query processing. Also, while they model documents and queries, we
use a real Web collection as experimental data. Our results show that the hybrid parti-
tioning is competitive and sometimes outperforms both document and term partitioning
for disjunctive queries. Regarding load balance, the hybrid partitioning outperforms the
term partitioning with gains reaching two times. Regarding response time, the hybrid
partitioning and the term partitioning have similar performance on average, and both out-
perform significantly the document partitioning, with gains that reached five times. A
similar result is observed regarding the system throughput. A difficulty with the hybrid
approach is that it has disadvantages compared to both document partitioning—where
each node completely indexes a subcollection, so processing can be node-oriented , and
term partitioning where the number of disk accesses is minimized. Whether there are

advantages is unclear.

Much of the literature comparing document partitioning, term partitioning, and hybrid
partitioning is inconsistent. Using simulation and artificial data, Tomasic and Garcia-
Molina [56] and Jeong and Omiecinski [31] find in favor of document partitioning. On
experimentation and real data, but only 50 queries insufficient to show disk cache effects
MacFarlane et al. [35] find the same result. Contradicting all of these results, Ribeiro-
Neto and Barbosa [44] and Badue et al. [6] find that term partitioning is superior. Using
artificial data, Sornil and Fox [51| show that the hybrid partitioning outperforms both the
document partitioning and the term partitioning. On real data, Badue et al. [4| confirm
that the hybrid partitioning is competitive and sometimes outperforms both the document
partitioning and term partitioning. Sornil and Fox [51| and Badue et al. [4] also show
that both hybrid partitioning and term partitioning outperform significantly the document

partitioning.
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However, much of these previous work is open to question. Artificial or small sets of
documents or queries are not likely to be predictive of real-world behavior, and simula-
tions designed to estimate time must deal with a great many complex variables including
disk cache operations performed by operating system, relativities of CPU speed, network
bandwidth, network delay, disk properties, term skew, and query skew—if they are to be

realistic.

Moffat et al. [39] introduces a pipelined query evaluation methodology, based on term
partitioning, in which partially evaluated queries are passed amongst the set of index
servers that host the query terms. The broker then becomes a traffic director rather than
a ranking engine, and the computational load is more effectively shared among the index
servers. They compare the pipelined approach to the document partitioning and term
partitioning approaches experimentally. The various document collections used in their
experiments are all derived from the TREC Terabyte collection built in 2004 by crawling
a large number of sites in the .gov domain. In total, the collection contains 426 gigabytes.
A stream of 20,000 queries was derived from the Excite query logs |[53|. Their results
show that the term partitioning is highly inefficient, the document partitioning has fast
response at low query loads, and the pipelining approach provides the best response times

and throughput rates at high query loads.

Moffat et al. |38] examine methods for load balancing in the pipelined query evaluation
methodology based on term partitioning [39] and propose a suite of techniques for reducing
net querying costs. In particular, they explore the load distribution behavior that pipelin-
ing displays, and show that the imbalances can be addressed by techniques that include
predictive index list assignments to nodes and selective index list replication. Their re-
sults are derived from live experimentation in a search system testbed. The data used in
experiments comprise 426 gigabytes GOV2 crawl of the .gov domain used in the TREC
Terabyte Track since 2004, and a set SYNQ of queries that have been artificially adapted
to the GOV2 crawl to give term-frequency, repetition, and answer-frequency properties
close to those of real queries (the Excite97 query log) on general Web data (the TREC
wt10g collection) |[61|. In combination, the techniques they propose increase the through-
put of term-distributed indexing by 30%. Nevertheless, local fluctuations in workload
mean that each node in the network is less than 100% busy, and while the final throughput
rates attained in their experiments remain tantalizingly close to the rates achieved by an
equivalent document-distributed computation, they did not succeed in beating document

distribution, despite the heavier CPU consumption of the latter. An important conclusion
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of their investigation is thus that document partitioning retains its leading position as the
method against which others must be judged.

Given its superior performance and popularity in large-scale search engines [14, 45|,
we adopt the document partitioning for distributing the index of our document collection

among index servers (see Section 2.1).

3.2 System Architecture

Barroso et al. [14] describe the cluster architecture of the Google [26] search engine, as
illustrated in Figure 3.3. To provide sufficient capacity to handle query traffic, their service
consists of multiple clusters distributed worldwide, each cluster with around a few thousand
machines. A DNS-based load-balancing system selects a cluster by accounting for the user’s
geographic proximity to each physical cluster, while also considering the available capacity
at the various clusters. A hardware-based load balancer in each cluster monitors the
available set of Web servers (that we refer to as brokers) and performs local load balancing
of requests across a set of them. After receiving a query, a broker coordinates the query
execution and formats the results into a Hypertext Markup Language (HTML) response

to the user’s browser.

;

Google Web server ~ =s————m Spell checker

Ad server

Index servers Document servers

Figure 3.3: Google query-serving architecture.
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Query execution consists of two major phases. In the first phase the index servers
consult an inverted index, determine a set of relevant documents by intersecting the hit
lists of the individual query words, and compute a relevance score for each document. This
relevance score determines the order of results on the output page. The search process
is parallelized by dividing the index into pieces, each having a randomly chosen subset of
documents from the full index (which we refer to as document partitioning). A pool of
index servers serves requests for each index piece, and the overall index cluster contains
one pool for each index piece. Each request chooses an index server within a pool using
an intermediate load balancer. The final result of this first phase of query execution is
an ordered list of documents identifiers. We note that index partitioning is used to create
scalability in collection size, and replication of each index piece across a pool of index
servers is used to create scalability in query throughput. Replication also provides fault

tolerance.

The second phase involves taking this list of document identifiers and computing the
actual title and Uniform Resource Locator (URL) of these documents, along with query-
specific document summary. Document servers handle this job, fetching each document
from disk to extract the title and the keyword-in-context snippet. As with the index lookup
phase, the strategy is to partition the processing of all documents by randomly distributing
documents into smaller index pieces, having multiple replicas of document servers respon-
sible for handling each index piece, and routing requests through a load balancer. When
all phases of query processing are complete, a broker generates the appropriate HTML for

the output page and returns it to the user’s browser.

Risvik et al. [45] describe the cluster architecture of the Fast [1] search engine composed
of a dispatcher (that we refer to as broker) and a set of index servers, as illustrated in
Figure 3.4. Similarly to the Google architecture described in |14|, Fast search engine
architecture also adopts document partitioning for scaling on data volume and replication
of index partitions for scaling on performance and providing fault tolerance. Let I denote
the full index and Sij an index server in a n X m cluster. By data partitioning, the full
index [ is partitioned across index servers Sij in the row 7, each server having a disjoint
subset I; of documents from the full index. By data replication, index servers Sz-j in the

column ¢ replicate the index partition I;.

Similarly to the works presented in [14,45|, we consider a Web architecture composed
of a single broker and a cluster of index servers (see Section 2.1). The whole collection

of documents is partitioned across the index servers, such that each server stores its own
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Figure 3.4: Fast search cluster overview.

local subcollection. Upon the arrival of a given user query, the task of retrieving the most
relevant documents for this query is then shared among the index servers, so that each
server performs the retrieving task for the query only on its partition of the document
collection. A broker is responsible for merging the partial ranked answers from the servers
to produce the final ranked answer. Note that we focus on the performance of the first
phase of the query processing task, i.e., the retrieval of the most relevant documents for a

given user query.

Orlando et al. [41] present the architecture of a parallel and distributed engine for
searching the Web on which they explore three main parallelization strategies: (i) a task
parallel strategy, by which queries are executed independently by a set of homogeneous
index servers; (ii) a data parallel strategy (that we refer to as document partitioning),
by which each query is processed in parallel by index servers accessing disjoint subsets
of documents of the database; and (iii) a hybrid strategy, which is a combination of the
task parallel and data parallel strategies. They have conducted real experiments that
highlighted the better performance of the hybrid strategy due to a good exploitation of

memory hierarchies, in particular of the buffer cache which virtualizes the access to the
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disk-resident inverted lists. This work presents a similar analysis to ours in terms of
identifying the disk cache operations as a factor for accelerating disk access times. In fact,
it inherently considers any imbalance on service times among index servers in its results
because they are derived from real experimentation. Nevertheless, this experimentation-
based approach fails to be aware of the imbalance and to characterize its impact on the

performance of a Web search engine, as we do in our work (see Chapter 4).

3.3 Workload Characterization

Previous work on query characterization for Web search engines mainly focuses on the
characterization of user search behavior and user search goals to enhance the relevance to
users of the provided answers, i.e., to improve the search efficacy. Silverstein et al. |50]
present an analysis of individual queries, query duplication, and query sections in a query
log from the AltaVista Search Engine. Spink et al. |52| examine the query reformulation
by users, and particularly the use of relevance feedback by users of the Excite Web search
engine. Rose and Levinson [46] describe a framework for understanding the underlying
goals of user searches. Baeza-Yates et al. [11] analyze query log data and show several
models about how users search and how users use search engine results. Chau et al. [21]
study the information needs and search behavior of the users for a Web site search engine
and compare them with those of general-purpose search engine users. Kammenhuber
et al. [32] use client-side logs to evaluate user behavior in what they call Web search
clickstreams, i.e., search-induced clicks on the answer page provided by the search engine
and the subsequently visited hyperlinked pages. Nevertheless, characterizing interarrival
times of queries in typical Web search engines is crucial for a performance evaluation of
search efficiency in terms of, for instance, query response times. This is our focus in our
work. Beizel et al. |16| analyze hourly variations in query traffic and remark that the
number of queries issued is substantially lower during non-peak hours than peak hours.
In our work, besides confirming this result for four different real-world search engines, we
provide as an outcome the characterization of queries issued in these search engines with

performance evaluation and capacity planning in mind (see Section 5.2).
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3.4 Performance Modeling

Although many performance models exist for capacity planning of different systems [37],
the availability in the literature of performance models for Web search engines is rather
limited.

Cacheda et al. [20] present a case study of different architectures for a distributed
information retrieval system, in order to provide a guide to approximate the optimal ar-
chitecture with a specific set of resources. Using a simulator based on an analytical model
for query processing (similar to the one described in [44]), they analyze the effective-
ness of a distributed, replicated, and clustered architecture simulating a variable number
of workstations. A document model generates synthetic documents from probability dis-
tributions that are based on actual statistics from the SPIRIT collection, composed of
approximately 94 million documents and 1 terabytes of text, and a query model selects
uniformly the number of terms between 1 and 4 terms per query, based on the terms used
in the TREC10 topic-relevance queries. Their results show that in a purely distributed
information retrieval system, the brokers become the bottleneck due to the high number
of local answer sets to be sorted. In a replicated system, the network is the bottleneck due
to the high number of query servers and the continuous data interchange with the brokers.
Finally, they demonstrate that a clustered system will outperform a replicated system if a
high number of query servers is used, essentially due to the reduction of the network load.
However, a change in the distribution of the users’ queries could reduce the performance
of a clustered system.

The analytical model presented in the work by Cacheda et al. [20] assumes that service
times are balanced if index servers manage a similar amount of data when processing a
query. On the contrary, we found that even with a balanced distribution of the document
collection among index servers, relations between the frequency of a query in the collection
and the size of its corresponding inverted lists lead to imbalances in query service times
at these same servers, because these relations affect disk cache behavior (see Chapter 4).
Also, their simulation results show that the brokers become the bottleneck in a distributed
system, and the network is the bottleneck in a replicated system. In contrast, we observed
in our experiments that the average query residence time at the broker is relatively low
compared to the average query system response time, and the network introduces negligible
delays to the average query system response time (see Section 5.3).

Chowdhury and Pass |23| introduce a framework based on queueing theory for analyzing

and comparing architectures for search systems in terms of their operational requirements:
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throughput, response time, and utilization. Using this framework, they also examine a
scalability strategy that combines index partitioning and replication to meet operational
requirements imposed on search systems. Lastly, they introduce a new cost-based analysis
model that finds an optimal set of solutions to consider when designing a search system.
Nevertheless, their queueing model obliviously assumes a perfect balance among the ser-
vice times of index servers that process an equal number of documents per query. Also,
they do not verify the accuracy of their model by comparing its predictions with experi-
mental results. In contrast, based on evidence from practical experiments in our work (see
Chapter 4), we propose a performance model for capacity planning purposes that considers
the imbalance in query service times among homogeneous index servers, while providing a
model validation with practical experiments in a real-world testbed (see Chapter 5).

In short, to the best of our knowledge, ours is the first work to propose a capacity
planning model for Web search engines based on experimental work using actual data and

system implementation.



Chapter 4

Analyzing Imbalance among

Homogeneous Index Servers

In this chapter, we investigate and analyze the imbalance among homogeneous index servers
in a cluster for parallel query processing. Section 4.1 motivates the experimental analysis
of the imbalance among homogeneous index servers. Section 4.2 characterizes the workload
used in the experimental analysis. Section 4.3 characterizes imbalance in the service times
of homogeneous index servers, describing the experimental setup in Section 4.3.1, and the
sources for the verified imbalance in Sections 4.3.2 and 4.3.3. Our concluding remarks

follow in Section 4.4.

4.1 Introduction

In the architecture for parallel query processing, characterized by a local partitioning of
the document collection, the response time of a query is determined by the service time of
the slowest index server. As a consequence, imbalance in service times among index servers
increases the response time of a query executed by the cluster of servers. Therefore, it is
critically important to avoid imbalance among index servers if higher performance is to be
achieved.

A common counter-measure against imbalance is to distribute the whole collection of
documents among homogeneous index servers in a balanced way, such that each server
handles a similar amount of data for processing any given query. Homogeneous index
servers have identical configuration of hardware and software. At a first glance, as a conse-

quence of having similar data volumes handled at each server for a given query, one would
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expect that service times at the homogeneous index servers would also be approximately
balanced. Indeed, this idealized scenario of balanced service times is a usual assumption
taken by theoretical models for Web search engines [20, 23, 44]. However, in a real case
scenario, relations between the frequencies of queries in the collection and the sizes of the
corresponding inverted lists lead to imbalances in query service times.

In this chapter, we carefully investigate and analyze the imbalance issue in a computa-
tional cluster composed of homogeneous index servers. As a major contribution, we verify
that the idealized scenario of balanced service times at homogeneous index servers with
similar data volumes is unlikely to be found in practice. Our results are derived from ex-
periments in an information retrieval testbed fed with real data obtained from a real-world
search engine. This is an important experimental result because our findings shed light
on a usual assumption that is obliviously taken as valid by previous theoretical models,
whereas imbalance masks possibilities for performance improvements. Moreover, we iden-
tify and fully analyze the main sources of imbalance: the use of disk cache, the size of main

memory in the homogeneous index servers, and the number of servers in the cluster.

4.2 Workload Characterization

The test collection is composed of 10 million Web pages collected by the TodoBR search
engine from the Brazilian Web in 2003. The inverted index for the whole collection occu-
pies roughly 12 gigabytes. The query set used in our tests is composed of 100 thousand
queries, extracted from a partial log of queries submitted to the TodoBR search engine in
September 2003.

The distribution of text terms in both documents and queries follows a Zipt’s distri-
bution [9,10]. Figure 4.1 shows the normalized frequency of text terms in documents and
the normalized frequency of text terms in queries. The x-axis shows the resulting rank of
each text term when these are sorted by decreasing order of occurrence in documents or in
queries. Therefore, the frequency in documents (or in queries) that are expected for the

most frequent term is given by
f(z) =0(x™?), a>0. (4.1)

Fitting a straight line to the log-plot of the data presented in Figure 4.1, we can estimate
the value of the parameter « that is equal to the slope of the line. Our data shows that
this value is 0.93 and 0.80 for the distribution of text terms in documents and in queries,

respectively.
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Figure 4.1: Frequency of text terms in documents and in queries.

The query vocabulary has 21,552 terms and the text vocabulary has 3,541, 678 terms.
Common terms between both collections are 17,468. Figure 4.2 shows the normalized fre-
quency of text terms in the document collection as a function of the normalized frequency
of text terms in the query collection, thus considering only the 17,468 common terms be-
tween both distributions. Comparing the normalized frequency of text terms in documents
and in queries, we observe that even if dealing with rare query terms it is likely that
query terms are mentioned in a large number of documents. This is important because
this indicates that such a query set consistently generates a significant query processing

load in our system.

In fact, there are some very rare terms in our collection, thus leading to small inverted
lists. As a consequence, when we partition the collection among the index servers, some
of them may not store any portion of the inverted lists related to rare terms. In the case
of queries concerning such rare terms, the imbalance is calculated as the ratio between the
maximum service time and average service time of index servers that have inverted lists for
the query terms and effectively participate in the parallel query processing. The number
of unparticipating index servers tends to increase with the total number of servers. In our
test collection, this case occurs in only 2% of our queries and does not significantly impact

the overall performance.
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Figure 4.2: Relationship between the frequency of terms in documents and in queries.

It is important to investigate if there is a uniform distribution of document partitions
among index servers, because otherwise this would be an expected source of imbalance.
Consider our cluster with 7 index servers (detailed in Section 4.3.1), such that documents
are randomly distributed in 7 subcollections. Table 4.1 shows the coefficient of correlation
between the normalized frequency of text terms in the subcollections of documents and the
normalized frequency of text terms in the query collection. We observe that the correlation
pattern between the document collection and query remains virtually unchanged after
the partition of the whole collection among the index servers. This indicates that data
distribution in our experiments seems unlikely to be a significant source of imbalance in

the service time of parallel query processing.

Figure 4.3 shows the PMF of the sizes of queries in our query log. The size of a query
is given by the sum of the sizes of the inverted lists related to its terms. It is interesting to
point out that the distribution of service times of unrelated queries with respect to their
size and their frequency in the collection (Figure 4.9) follows the same kind of distribution

of sizes of queries.
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Table 4.1: Correlation between the frequency of text terms in queries and in subcollections.

Subcollection Coefficient of correlation
1 0.309722
2 0.309536
3 0.309643
4 0.309901
5 0.309465
6 0.309528
7 0.309692
Whole collection 0.309645
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Figure 4.3: PMF of the sizes of queries.

4.3 Characterizing Imbalance

We define the imbalance of a given query as the ratio between the maximum service time
and average service time of index servers participating in the parallel processing for this
particular query. The service time is defined as the time for receiving service at an index

server, which does not include the waiting time in queue. This imbalance metric equals 1
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in a perfectly balanced scenario that yields the maximum service time exactly matching
the average service time. As the imbalance metric progressively gets higher than 1, there
is a stronger indication that the query response time is dominated by a much larger service
time of a single index server.

In Section 4.3.1, we describe our experimental setup, including the homogeneous cluster
of index servers and the uniform distributions of sizes of inverted lists across index servers.
Based on this experimental study, we verify the presence of a significant level of imbalance
in service time among the servers in despite of the collection being uniformly distributed
among these same servers. Moreover, we identify and analyze the main sources for this
imbalance: the use of disk cache in Section 4.3.2, and the size of main memory and the

number of index servers in the cluster in Section 4.3.3.

4.3.1 Experimental Setup

For the experiments reported in this chapter, we use a cluster of 7 homogeneous index
servers. In our setup, each index server is a Pentium IV with a 2.4 gigahertz processor,
1 gigabytes of main memory and a ATA IDE disk of 120 gigabytes. The broker is an
ATHLON XP with a 2.2 gigahertz processor and 1 gigabytes of main memory. The client
machine, responsible for managing the stream of user queries, is an AMD-K6-2 with a
500 megahertz processor and 256 megabytes of main memory. All of them run the Debian
Linux operating system kernel version 2.6. Index servers and broker are connected by a
100 megabits/second high-speed network.

The document collection used in our experiments is relatively small compared to the
enormous collections handled by modern search engines. In order to overcome this limi-
tation and establish a scenario to conduct our experiments where the absence of enough
capacity for disk cache may happen, we maintain a bounded ratio between the size of the
subcollections and the size of the main memory at each index server by limiting the latter
to 200 megabytes, unless otherwise stated.

In our experiments, we adopt the standard vector space model to rank the documents
retrieved from the index servers (see Section 2.1.3). Combined to the text-based ranking
performed by the vector space model, a link-based ranking might be used to improve
the relevance evaluation of retrieved documents, i.e., the documents resulting from the
intersection of inverted lists related to the query terms. Since link information for each
document is pre-computed offline, its usage can be fully carried out using main memory,

thus not generating imbalance in query service times among homogeneous index servers,



4.3. CHARACTERIZING IMBALANCE 37

because the main sources of imbalance are related to disk operations, as further detailed in
Sections 4.3.2 and 4.3.3. Also, we evaluate the full inverted lists (see Section 2.1.4). Modern
search engines that deal with huge document collections perform a partial evaluation of
inverted lists instead of a full one. If we adopt partial evaluation of inverted lists meaning
shorter inverted lists—imbalance in query service times among homogeneous index servers
would be expected to be smaller. Nevertheless, partial evaluation of a huge document
collection may cause a similar load as the one in our full evaluation case.

To avoid imbalance among index servers, we opt for balancing the distributions of the
sizes of the inverted lists that compose the local inverted indexes. To achieve this we simply
assign each document to an index server randomly. A random distribution of documents
among index servers works well because it naturally spreads documents of various sizes
across the cluster. As a result, the distributions of document sizes in the index servers
become similar in shape, thus leading to inverted lists whose size distributions are also
similar. Our motivation is to balance the storage space utilization at the different index
servers and, as a consequence, reduce imbalance in service time at the servers [5,7,8], thus
minimizing the effects of this possible source of imbalance.

Figure 4.4 illustrates the probability mass function (PMF)! of the size of the inverted
lists that compose the 7 local inverted indexes in our cluster with 7 index servers (detailed
in Section 4.3.1). We observe that the distribution of storage use is very similar in shape
throughout the different index servers (actually, they overlap each other in Figure 4.4),
indicating that the random assignment of documents to servers works fine to balance
storage use among servers.

Although the utilization of disk space at index servers is balanced, as shown in Fig-
ure 4.4, we investigate if this balanced storage use among the subcollections reflects on
balanced local service times among index servers, or not. Figure 4.5 illustrates the distri-
butions of average, maximum, and minimum local service times per query. These statistics
on service time for a query are computed from local service times of index servers that ef-
fectively participate in the parallel query processing in our cluster. Interval bars represent
the minimum and maximum service times for each query. To allow visual inspection, we
display results for selected queries at intervals of 2000 queries.

As an outcome of these experimental results, we verify in practice a consistent imbal-

ance per query in the service time at index servers, even though the distribution of sizes

IFor discrete random variables, such as the size of inverted lists, we use a probability mass function
(PMF). For continuous random variables described later, such as the service time of queries, we use a
probability density function (PDF).
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Figure 4.4: PMF of the sizes of inverted lists.
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Figure 4.5: Distribution of local service times per query.

of inverted lists at the various index servers are quite balanced. Motivated by this unex-

pected result, which contradicts the usual assumption of balanced service times adopted
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by theoretical models found in the literature, we conduct a comprehensive experimental
analysis to investigate the sources for the observed imbalance. As a consequence, we iden-
tify the main sources for imbalance: the use of disk cache, the size of main memory in the
homogeneous index servers, and the number of servers in the cluster. We analyze the first

source of imbalance in Section 4.3.2 and the other ones in Section 4.3.3.

4.3.2 Influence of Disk Cache

We identify the use of disk cache at the different index servers as the major source of
imbalance. To illustrate the consequences of this effect on query performance, we refer to
a sample query processing observed in our real experiments, where we consider our cluster
with 7 index servers and a user query g with the following service times (in milliseconds)
at servers: 31.83, 26.41, 30.12, 24.43, 5.27, 35.09, 28.18. For the same sample, the disk
access times (in milliseconds) 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 the
disk a similar amount of data, the service time of server 5 is much smaller than the others
(1.01 milliseconds). A possible explanation for this relatively small disk access time is that
inverted lists were found in the disk cache of the operating system, thus accelerating disk
I/O at this particular index server in comparison with the disk access time observed at the
other servers.

Figure 4.6 shows the PDF of local disk access times in our cluster. Note that the
distributions of disk access time in the distinct index servers overlap each other, indicating
that the behavior of disk access throughout the servers is very similar. We observe that
the disk access times at all index servers are basically grouped in two main regions: the
first region is related to disk access times less than 4.5 milliseconds and the second region
to disk access times greater than 4.5 milliseconds. We attribute the first region of smaller
local disk access times to queries whose inverted lists are found in the disk cache (referred
to as cache region), and the second region of larger disk access times to queries whose
lists had to be actually retrieved from disk (referred to as disk region). It is interesting
to observe that the boundary between these two regions (cache region and disk region)
and the peak in the disk region actually correspond to two technical specifications of the
adopted storage devices: the average rotational latency (4.5 milliseconds) and the later
plus the average seek latency (13.5 milliseconds). Seek latency is the time taken to move
disk heads to the right track and rotational latency refers to the waiting time until the

right sector is under the read/write head.
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Figure 4.6: PDF of local disk access times.

Note that the disk access can be some orders of magnitude faster if the index server
finds the needed data in the cache region, thus avoiding the much slower actual access to
the disk. For a given query ¢, if the local disk access time at a single index server is in
the disk region and the local disk access times at the other servers are in the cache region,

then the imbalance of query ¢ might be severe.

Indeed, we verify that imbalance in service times among index servers increases with
the number of servers operating in the cache region, as shown in Figure 4.7. The points
in Figure 4.7 show the imbalance for each query and the line shows the average imbalance
over queries as a function of the number of index servers operating in the cache region.
This value is of course complementary to the number of index servers operating in the
disk region. For example, for a particular query being processed in our cluster of 7 index
servers, if Figure 4.7 shows that 2 of them operate in the cache region, then necessarily the

other 5 are in disk region, directly influencing the imbalance magnitude.

To better understand how disk cache directly impacts imbalance, it is important to take
a careful look at the average imbalance in Figure 4.7 for some representative scenarios: no
cache, the worst case, and the best case. In the no cache scenario (i.e., 0 in the z-axis of
Figure 4.7), all index servers actually access the disk to retrieve the needed data, obtaining

the lowest imbalance (1.38) among the cases where there is at least one server operating in
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Figure 4.7: Imbalance caused by the number of index servers operating in the cache region.

the disk region. The worst case for imbalance (i.e., 6 in the z-axis of Figure 4.7) presents
a much higher imbalance (3.45) because a single index server has a much larger service
time than the corresponding service times at all remaining servers, thus leading to a high
imbalance value. This happens because there is one single index server that has a large
service time and a set of other servers that have much smaller service times because they
retrieve the needed information from the disk cache. In contrast, the best case to avoid
imbalance (i.e., 7 in the x-axis of Figure 4.7) results in an average imbalance of 1.08 and
is achieved when all index servers operate in the cache region, thus resulting in a small
imbalance value due to the relatively small and similar disk access times throughout the

cluster of servers.

The best case and the no cache scenarios present the two smallest imbalanced results,
a consequence of having all index servers operating in the same (cache or disk) region,
thus providing no abrupt difference among the service times of the participating servers.
Nevertheless, the no cache scenario still yields a significantly higher imbalance with respect
to the best case, which can be explained by the higher variance found in direct disk access
when compared to the variance found in memory access. Besides having the lowest imbal-
ance, the best case also provides the fastest response time since all needed data to process

a query are found in the disk caches at the index servers.
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We further analyze the relationship between the size of queries and the frequency of
queries in the collection, investigating if there are any links to the use of disk cache. As
previously explained, the size of a query is given by the sum of the sizes of the inverted
lists related to its terms. Therefore, we consider separately the queries that find a certain
level of relation between the size of the inverted lists they demand and their frequency
in the collection, and those that do not. To achieve this, we calculate the relation as the
ratio between the query size and the query frequency. If this ratio is greater than or equal
to 0.25 and less than or equal to 4, then the size and the frequency of the query are related
by a factor of 4, which we consider as representing a reasonable level of relation between
them. Therefore, queries that fall into this criterion are considered related, otherwise they

are considered unrelated.

In Figure 4.8, we plot the normalized size of queries as a function of the normalized
frequency of queries in the collection, but we make a distinction between the related and
the unrelated queries. When we make this distinction, it is interesting to analyze sepa-
rately three different representative regions that show up in Figure 4.8: (i) Region 1 is
characterized by unrelated data where the size of queries is prevailing over the frequency
of queries; (ii) Region 2 contains the related queries; and (iii) Region 3 is characterized by

an unrelated region where the frequency of queries is prevailing over the size of queries.
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Figure 4.8: Comparing query frequency and query size.
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Figure 4.9 compares the service time for related and unrelated queries with respect to
their size and their frequency in the collection. This comparison clearly shows that the well
related queries (Region 2) have taken a better benefit of disk cache. This happens because
they have the best tradeoff between the size of their inverted lists and their frequency in the
collection. On the one hand, the largest inverted lists are demanded by the most frequent
queries, favoring disk caching of these large inverted lists. On the other hand, rare queries,
unlikely to find the inverted lists they need in the disk cache, require the smallest inverted
lists that do not demand large transfer times from the disk. For the unrelated data from
Region 1, the frequency of queries is proportionally smaller than the size of queries. This
implies that rare queries demand for large inverted lists, thus resulting in no use of disk
cache and large transfer delays. The unrelated data from Region 3 face the opposite: query
terms impose relatively small data volumes to be retrieved in the system, thus getting small
service times either through small transfer delay or through the use of disk cache. Although
these queries have small service times they are not as numerous as the related ones or the
unrelated ones in Region 1. Therefore, related queries prevail as a group in getting the
smallest service time. Furthermore, to corroborate this analysis it is important to notice
that in Figure 4.9 the unrelated distribution mimics the size distribution (Figure 4.3) while
the related one mimics the effect of disk cache (Figure 4.6).
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Figure 4.9: PDF of execution times for related and unrelated queries.
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These results on the influence of disk cache on imbalance also suggest that the more
memory available for disk cache at the index servers, the lower the imbalance, and the
larger the number of servers in the cluster, the higher the imbalance, as we will discuss in

the following.

4.3.3 Influence of Main Memory Size and Number of Index Servers

The results from Section 4.3.2 indicate that other source of imbalance is the size of the
main memory of index servers because this affects the availability of data in the cache
region at servers and, as a consequence, the imbalance. Therefore, we investigate in this
section how the main memory size at the index servers actually influences on the imbalance
in parallel query processing.

Figure 4.10 shows the average imbalance as a function of the number of index servers
in our cluster, while varying the size of the main memory at each server. We observe
that the average imbalance in service time of index servers increases as the size of main
memory decreases, as would be expected. For the average imbalance shown in Figure 4.10,
the best fitting we found was a logarithm growth of the number of index servers given by
O(log"*(z)), O(log"®(x)), O(log"®(x)), O(log"?!(z)), O(log"*"(x)), for 200, 300, 400,

500, and 600 megabytes of main memory, respectively.

1.35 : - - . :

1.30

125

1.20

1.15

Average imbalance

1.10

1.05

1.00

1 2 3 4 5 6 7
Number of index servers

Figure 4.10: Average imbalance as a function of the main memory size at index servers.
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On the one hand, when the main memory size is relatively large as compared to the
size of the local index stored at the index servers, there is more memory capacity available
for the operating system to perform disk cache operations. This implies that local disk
access times at all index servers fall into the cache region for a high percentage of queries
in our collection and this is exactly the best case scenario that produces the smallest
imbalance (see Section 4.3.2). On the other hand, considering a relatively small main
memory available for disk cache, index servers need to actually retrieve the inverted lists
from the disk. In this scenario, the queries are more susceptible to imbalance as some disk
blocks might be found in the disk cache of a few index servers and not be found in the
disk cache of the remaining servers. We also point out that there is a diminishing return
in terms of imbalance while the RAM memory capacity increases.

The results presented in Section 4.3.2 also indicates that another source of imbalance
is the number of index servers in the cluster, because the probability to occur variance
among local service times increases with the number of index servers participating in
the parallel query processing. We observe in Figure 4.10 that, for a fixed size of main
memory, the average imbalance in service times of index servers increases with the number
of index servers participating in the parallel query processing. We have already discussed
in Section 4.3.2 that the average imbalance increases with the number of index servers
operating in the cache region, as shown in Figure 4.7. Therefore, this indicates that the
larger the number of index servers participating in the parallel query processing, the higher
the probability of increasing the ratio between the number of servers operating in the cache
region and those in the disk region. As a consequence, this leads to larger imbalance in

service times per query in the cluster.

4.4 Concluding Remarks

In this chapter, we investigated and analyzed the imbalance among homogeneous index
servers in a cluster for parallel query processing. We verified a consistent imbalance per
query in the service time at index servers, even though the distribution of sizes of inverted
lists at the servers are quite balanced. Our results are derived from a comprehensive
experimental analysis using an information retrieval testbed and real data obtained from a
real-world search engine. This is an important experimental result because it sheds light on
the usual assumption of balanced service times adopted by many theoretical models in the

literature to simplify their modeling task [20,23,44|. Further, we have also identified and
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fully analyzed the main sources for this unexpected imbalance: the use of disk cache, the
size of main memory in the homogeneous index servers, and the number of index servers

in the cluster.



Chapter 5

A Capacity Planning Model for Web

Search Engines

In this chapter, we propose a capacity planning model for Web search engines. Section 5.1
introduces our model. Section 5.2 characterizes the query datasets used in our experimental
analysis. Section 5.3 describes our capacity planning strategy for modern Web search engine

architectures. Our concluding remarks follow in Section 5.4.

5.1 Introduction

Although many performance models exist for capacity planning of different systems [37],
the availability in the literature of performance models for Web search engines is rather
limited. Cacheda et al. [20] present a case study of different architectures for a distributed
information retrieval system, in order to provide a guide to approximate the optimal ar-
chitecture with a specific set of resources. Using a simulator based on an analytical model
for query processing, they analyze the effectiveness of a distributed, replicated, and clus-
tered architecture simulating a variable number of workstations. Chowdhury and Pass 23]
introduce an approach based on queueing theory for modeling and analyzing architectures
for search systems in terms of their operational requirements: throughput, response time,
and utilization. Both the analytical model in [20] and the queueing model in [23| simply
assume balanced service times among homogeneous index servers that process an equal
number of documents per query. However, even with a balanced distribution of the doc-

ument collection among index servers, relations between the frequency of a query in the

47



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

collection and the size of its corresponding inverted lists lead to imbalances in query service
times at these same servers, because these relations affect disk cache behavior.

In this chapter, we propose a capacity planning model for Web search engines that
considers the imbalance in query service times among homogeneous index servers. Our
model, which is based on a queueing network, is simple and reasonably accurate. To set up
the parameters of our model, we run experiments on a small cluster of index servers that
we have available. Once the key parameters have been estimated, we can use our model
to very quickly gain insight into the behavior of the Web search engine. To illustrate
the applicability of our model in realistic scenarios, we consider a collection of 20 billion
documents partitioned among 2,000 index servers and analyze the impact of adopting
faster CPUs and disks on the query system response time.

Despite the use of stochastic modeling techniques, our work has a strong experimental
nature. We rely on experimental measurements taken using an actual cluster of index
servers to fine tune the parameters in our model. Further, we verify the accuracy of the
model by comparing its predictions with experimental results also produced using the
cluster of index servers.

Given the simplicity of our model, and its yet reasonable accuracy, we believe that it
can be used successfully to study the behavior of large and complex modern search engines

in a variety of scenarios.

5.2 Workload Characterization

In this section, we characterize the query arrival process based on actual access logs from
typical Web search engines. We analyze query datasets representing the query workload of
four different real-world Web search engines: TodoBR [55], Radix [42], AllTheWeb [1], and
Altavista |2]. TodoBR and Radix focus on the Brazilian Web, whereas AllTheWeb and
Altavista are worldwide search engines. We remark that the current availability of query
datasets from modern operational search engines is rather restricted because such data are
usually considered sensitive to search engine operators.

We first characterize the query collection provided by each considered dataset. Table 5.1
presents the length of each query dataset in different dimensions such as the number of
observed days and the total number of registered queries. We also analyze how diverse
queries are as well as how popular are the terms in queries found in each dataset. Figure 5.1

compares the frequency of unique queries and the frequency of unique terms in queries
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throughout the four datasets. We verify that although the query datasets cover different
time periods, query loads, users, and languages—the distribution of queries and of terms
in 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 can estimate
the value of the parameter a that is equal to the slope of the line. For the distribution
of queries, the values of the parameter o of the Zipf’s distribution are 0.82, 0.89, 0.75,
and 0.74 for the TodoBr, Radix, AllTheWeb, and Altavista datasets, respectively. For the
distribution of terms in queries, the values of the parameter « of the Zipf’s distribution
are 0.98, 1.09, 0.90, and 0.88 for the TodoBr, Radix, AllTheWeb, and Altavista datasets,

respectively.

Table 5.1: Length of the considered query datasets.

TodoBR Radix AllTheWeb Altavista
Dataset begins at Jan 01 2003 | Jan 01 2003 | Sep 01 2003 | Sep 28 2001
Dataset ends at Aug 31 2003 | Aug 31 2003 | Sep 21 2003 | Oct 03 2001
Number of days 243 243 21 6
Number of queries 6,806,795 19,934,196 25,080,586 7,169,365
Number of unique queries 1,552,735 2,830,854 6,902,160 2,096,598
Number of unique terms 228,396 358,406 4,408,672 820,817
Average number of queries 28,012 82,034 1,194,314 1,194,893
per day

Each query comprises a certain number of terms, thereby different queries impose a
varying processing demand for document retrieval on the search engine collections. The
performance effects of this heterogeneous demand on the Web search engine as a function
of the number of terms in each query are further investigated in Chapter 5. For query
characterization purposes, as in this section, we focus on the distribution of query lengths
On one hand, the maximum number of terms
per query we observe in each dataset is 282 (TodoBR), 287 (Radix), 841 (AllTheWeb),
171 (Altavista), basically from a few users that copied a whole text snippet into the query
box. On the other hand, however, the median query length is 1 for AllTheWeb, and 2 for
TodoBR, Radix, and Altavista datasets, while the mean query length across the datasets
is 2.02 (TodoBR), 1.91 (Radix), 1.70 (AllTheWeb), and 2.22 (Altavista). These results

through the considered query datasets.
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Figure 5.1: Frequency of unique queries and unique terms in queries.

suggest a significant trend towards queries composed of just one to a few terms. We thus
define two classes to investigate the performance effects of queries with different lengths,
namely class small (queries with at most 2 terms) and class large (queries with more than

2 terms). Table 5.2 shows the distribution of queries in the observed datasets onto each
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defined class. The presented results confirm the prevalence of very short queries i.e.,

queries containing two or fewer terms—for all datasets.

Table 5.2: Query class distribution.

Class | TodoBR | Radix | AllTheWeb | Altavista

small 0.73 0.78 0.84 0.68
large 0.27 0.22 0.16 0.32

A periodic behavior on the query workload is consistently observed in the four consid-
ered query datasets. Figure 5.2 presents the query workloads measured in terms of the
number of queries within 60-minute bins over the whole duration of each dataset. Figure 5.3
shows the mean query workload over all weeks. The query workload clearly presents daily
load variations. In particular, working days present similar loads among them that are
different from those observed on weekend days.

Table 5.3 shows the mean query arrival rate (in queries per second) over all weeks for
all queries and queries in each class for all datasets. AllTheWeb and Altavista datasets
present a heavier query load than TodoBR and Radix. This is an expected result since the
former are worldwide search engines and the latter regional ones.

In spite of the number of available query datasets being rather limited, it is even harder
to obtain datasets for the collection of documents used by Web search engines to generate
an answer page for each received query. This is so because the set of collected documents
is seen as strategic and proprietary information by the major Web search operators. In
contrast, having access to the document collection is fundamental for analyzing the per-
formance of a Web search engine in face of a given query workload using real experiments
as we do in Chapter 5. Although we have access to four different query datasets, we only
have access to the document collection of one of them, namely TodoBR. This would be
somewhat constraining for the performance analysis because this Web search engine is rel-
atively light-loaded in terms of query arrival rates as compared to other worldwide ones
(e.g., AllTheWeb and Altavista).

The solution we adopt is to apply a folding procedure on the TodoBR dataset to boost
its query arrival rate. Therefore, we fold the TodoBR dataset by merging all queries of each
day of a week using data from the entire dataset, while still keeping the original charac-
teristics of workload aspects with key impact on system performance, such as distribution

of queries, distribution of terms in queries, distribution of the number of terms in queries,
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Figure 5.2: Query load variation through the considered datasets.

and distribution of the interarrival times of queries characterized later. Figure 5.4 presents
the daily load variation in the resulting folded TodoBR dataset. We highlight that the
folded TodoBR. dataset achieves query arrival rates similar to those observed in the more
heavy-loaded Web search engines we study. This can be observed as we compare the results
from Table 5.4 (for the query arrival rate of the folded TodoBR dataset) with the results
presented in Table 5.3 for AllTheWeb and Altavista query datasets, and the results from
Figure 5.4 (for the daily load variation in the folded TodoBR dataset) with the results
presented in Figures 5.3(c) and 5.3(d) for the AllTheWeb and Altavista datasets, respec-
tively. Through this folding procedure we are able to analyze and model the performance
of a Web search engine in Chapter 5 based on the handling of this folded query dataset by
a cluster of index servers with the corresponding document collection of the same search

engine.
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Figure 5.3: Mean number of queries over time (modulo one week) for the considered

datasets.

We also characterize the interarrival process of the folded version of the TodoBR
dataset, which is used as input stream in the analysis and modeling further described
in Chapter 5. We evaluate the fitting provided by a diverse set of well-known distributions
to the interarrival time distribution observed per query class in several high-load hours with
stable arrival rate of the folded TodoBR dataset. For all time periods analyzed, we ver-
ify that the Exponential distribution—although not providing the best-fit of all—presents
a fairly reasonable fitting (for both small and large classes of queries) compared to the
Gamma and Weibull distributions, whereas the Lognormal and Pareto distributions fail to
model the observed data by far. Table 5.5 presents the sum of the squares of the differences
between the observed interarrival time distribution per query class in a high-load hour and

the best-fit provided by each of these well-known distributions.
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Table 5.3: Query arrival rate (queries/second).

TodoBR Radix
Day | All | Class small | Class large Day | All | Class small | Class large
Sun | 0.48 0.36 0.12 Sun | 1.88 1.46 0.42
Mon | 0.69 0.51 0.18 Mon | 1.36 1.06 0.30
Tue | 0.70 0.51 0.19 Tue | 1.45 1.13 0.32
Wed | 0.67 0.49 0.18 Wed | 1.40 1.09 0.31
Thu | 0.70 0.53 0.17 Thu | 1.40 1.11 0.29
Fri 0.61 0.42 0.19 Fri 1.33 1.05 0.28
Sat | 0.47 0.33 0.14 Sat | 1.80 1.40 0.40
AllTheWeb Altavista

Day | All | Class small | Class large Day | All | Class small | Class large
Sun | 15.24 13.10 2.14 Sun | 21.16 14.55 6.61
Mon | 19.68 16.53 3.15 Mon | 29.64 20.77 8.87
Tue | 21.16 17.72 3.44 Tue | 29.36 20.15 9.21
Wed | 19.46 16.36 3.10 Wed | 27.54 19.05 8.49
Thu | 19.19 16.17 3.02 Thu

Fri | 18.99 16.07 2.92 Fri | 13.61 9.32 4.29
Sat | 14.78 12.66 2.12 Sat | 18.97 13.03 5.94

For the sake of simplicity in modeling, we choose to proceed based on the assumption of
an exponential interarrival process for queries. We point out that this decision is based on
the fact that the Exponential distribution is much simpler to model than the other ones and
that our results demonstrate that the Exponential distribution approximates the observed
interarrival process of queries within quite acceptable bounds. In order to illustrate how
close the fitting provided by the Exponential distribution is to the observed interarrival
time distribution for the two classes of queries, we show the exponential fitting of query

interarrival times in a high-load hour of the folded TodoBR dataset in Figure 5.5.
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Table 5.4: Query arrival rate in the folded TodoBR log (queries/second).

Day | All | Class small | Class large
Sun | 16.27 12.08 4.19
Mon | 23.58 17.42 6.16
Tue | 23.79 17.30 6.49
Wed | 22.77 16.67 6.10
Thu | 23.80 18.03 5.77
Fri | 20.77 14.21 6.56
Sat | 16.05 11.20 4.85

5.3 Capacity Planning for Search Engines

This section describes our capacity planning strategy for modern Web search engine ar-
chitectures, described in Section 2.1. Our capacity planning strategy relies on a queueing-
based analytical model to estimate the average query system response time. Its design was
driven by the empirical observation that a tool to be useful to Web engineers should be

easy to configure and to apply in practical scenarios. Thus, model simplicity is of utmost
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Figure 5.5: Distribution of interarrival times per query class.

importance, even if it comes at the cost of a reasonable compromise in model accuracy. As
it will be shown, our model is simple, relies on easy-to-collect data, and still has reasonable

accuracy.
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Table 5.5: Sum of the squares of the differences between the measured and fitted distribu-

tion of interarrival times per query class.

Distribution | Class small | Class large

Exponential | 0.003703 0.003777

Gamma 0.004901 0.001215
Weibull 0.002582 0.000874
Lognormal 0.382970 0.958472
Pareto 5.062961 9.861788

5.3.1 Performance Model Overview

The Web search engine is represented by the queueing network described in Figure 5.6. We
model the system as an open queueing network composed of the broker and the subsystem
of index servers. We assume the index servers have homogeneous resources (as would be the
case in several real scenarios) and that the collection of documents is uniformly distributed
over all servers. Thus, the load is assumed to be balanced across all index servers. Finally,
the network connecting index servers and broker is typically a high-speed network and,
as observed in our experiments, introduces negligible delays to the query system response
time. Therefore, it is not explicitly represented in our model.

In our Web search model, the subsystem composed of all index servers is modeled as a
fork-join queueing network [37]. In a fork-join queueing network, each arriving task (i.e.,
query) is split (i.e., fork) into p identical sub-tasks. Each sub-task is sent to a different index
server. The queueing discipline at each index server is FCFS (First-Come First-Served).
When a sub-task finishes execution, it will wait until all the other sub-tasks finish (i.e., join).
Only at this moment the task completes execution and leaves the network. This behavior
mimics the parallelism in processing queries by the index servers and the synchronization
introduced at the broker for combining partial results. Mean Value Analysis (MVA) [43]
offers an efficient solution for product-form queueing networks. In particular, MVA can
be used to produce performance estimates for each individual index server. However, the
fork-join feature violates the assumptions required by the exact MVA solution. Thus, we
use approximate MVA and bounding techniques [37] (see Sections 2.2.1 and 2.2.2) to solve
the complete Web search model.

As indicated in Section 5.2, typical queries may have heterogeneous demands for dif-

ferent resources of the index servers depending on the number of terms they contain.



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

index server 1

broker index server \
N

)
—_— N N
arriving queries fork point : join point
index server p
departing queries O

Figure 5.6: Queueing network for a Web search engine.

Moreover, recall that in order to process a query, an index server needs to retrieve the
inverted lists related to the query terms from disk. Thus, query service time at the index
server is dominated by disk time and, possibly, CPU time. However, due to the locality of
reference in the terms of queries that reach the search engine, an index server might find
some or all the inverted lists in the disk cache (in memory). Thus, some queries may not
retrieve any data from disk. In fact, during our validation experiments (see Section 5.3.2),

we found a non-negligible number of such queries in all classes of our workloads.

In order to capture the impact of query heterogeneous resource demands, we refine our
index server model as follows. First, we separately model two query classes (as defined in
Section 5.2), namely class small (queries with at most 2 terms) and class large (queries
with more than 2 terms). Second, we separately model the average demands for CPU and
disk, as well as the probability of full disk cache hit (i.e., all inverted lists are found in
the disk cache) at an index server for each query class. Queries of class large have larger
demands for CPU and disk of an index server than queries of class small, while queries of
class small have higher probabilities of full disk cache hit at an index server than queries

in class class large. Note that the impact of partial disk cache hits is indirectly captured
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by the CPU and disk demands of each class. We further assume that queries may have
different CPU demands depending on whether they retrieve any data from the disk. Given
that queries are processed sequentially by each index server (see Section 2.1), there is no
queueing at any resource (CPU nor disk) of an index server.

Finally, the query residence time at the broker consists of local processing for broad-
casting the query to all index servers, receiving partial results from all servers, and merging
the received partial results, which depends on the number of servers in the cluster. We re-
mark that the average query residence time at the broker is relatively low compared to the
average query system response time. Indeed, for our experiments with varied parameters,
the average query residence time at the broker is negligible, reaching at most 0.01% of the
average query system response time. There are two fundamental reasons for this. First,
broker’s operation is fully carried out using main memory, thus demanding only CPU time
as opposed to an index server’s operation that is composed of CPU and disk demands.
Second, all the tasks the broker executes are relatively simple tasks that do not take much
CPU time. It should be noted that the broker does not have to make ranking computa-
tions and does not have to execute algebraic operations, other than comparing document
identifiers. Table 5.6 presents the system and workload input parameters as well as the
output parameters of our model. The average residence time of a query at a resource is
defined as the sum of the average waiting time in queue and the average service time (i.e.,

the average time for receiving service at the resource).

5.3.2 Model Solution

This section describes our solution to estimate the average query system response time of a
Web search engine, modeled as shown in Figure 5.6. Recall that our main design goals are
simplicity and reasonable accuracy. Moreover, we are particularly interested in solutions
that deliver a good tradeoff for heavy load scenarios, when the search engine is approaching

saturation (i.e., server utilization close to 100%).

Index Server Model

This section derives the average query residence time at one index server. Considering
that queries are processed one at a time by each index server (see Section 2.1), there is no

queueing at any resource (CPU nor disk) of an index server. Thus, we introduce here an
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Table 5.6: Input and output parameters of our model.

Inputs Description
P Number of index servers
R number of query classes
A Query arrival rate for class r (r=1...R)
Szmker Average query service time at the broker for a cluster with p index servers
| Average demand for CPU at an index server for class 7 queries that find
all inverted lists in the disk cache
Dzeer | Average demand for CPU at an index server for class r queries that
retrieve data from disk
diska Average disk demand at an index server for class r queries
hit, Probability of a class r query finding all inverted lists in the disk cache

Outputs | Description

Rsystem Average query system response time

Reluster Average query residence time at the index server subsystem

Rgmke’" Average query residence time at the broker for a cluster with p index
servers

Rserver Average query residence time at an index server

Rerver Average residence time for class r queries at an index server

Seerver Average query service time at an index server

Sgerver Average service time for class r queries at an index server

yserver Total resource utilization of an index server

abstraction for the index server as a single service center, whose average service time of a

class r query (i.e., the average time required to process it) is given by:

Sﬁerver — hl-tTDse¢ver + (1 _ hitr)(Dserver . + Dcslf;lg,err) (51)

CPURit,T CPUmiss;

The average query service time at an index server is estimated as the weighted average

of the service time for each class, with the weights given by their relative throughputs:

43\
gserver _ Z TTS;?GTUET’ (52)
r=1
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Using Little’s Result [37], the utilization of the service center representing an index
server by class r queries can be estimated by multiplying S7¢¥*" by the corresponding

query arrival rate \,.. The total server utilization can be calculated as:
R
[rserver — Z )\TSferver (53)

Using an MVA equation for open networks [37]| (see Sections 2.2.1), we estimate the
average residence time of a class r query at an index server as:
SSGTU@T‘

Rserver — r 5.4
T 1 — Userver ( )

Finally, the average query residence time at an index server is estimated as the weighted

average of the residence times for each class as:

W
Rserver — ZT Rserver (55)

System Model

The average query system response time is the sum of the average query residence times
at the broker and at the index server subsystem. The average query residence time at the

broker for a cluster with p index servers can be easily estimated using MVA as:

Sbroker
broker __
Ry — (5.6)

ASbroker

Recall that the index server subsystem (i.e., cluster of index servers) is modeled as
a fork-join network. There is no known closed-form solution for fork-join networks with
more than 2 queues. Hence, the performance metrics of such networks must be computed
using approximation and bounding techniques. An easy lower-bound on the average query
residence time in the fork-join subsystem is obtained by ignoring the synchronization delays
and considering the average query residence time in the fork-join subsystem equals to the
average query residence time at an index server (see Equation 5.5). However, as the number
of index servers increases, we expect a significant deviation from this lower-bound due to
the synchronization overhead.

A number of approximations for queueing models with fork-join synchronization, with
various degrees of complexity and accuracy, are available in the literature (see |3,22,25,

34,40,54,57 60,64] and references within). Nelson and Tantawi [40] propose a very simple
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upper-bound on the average response time for fork-join queueing networks, which depends
only on the number of index servers p, and on the average query service time and server
utilization (see Section 2.2.2). The last two parameters are easily estimated using Equa-
tions 5.2 and 5.3. Given the p™ harmonic number H, = 1+ % + % +-- ~+%, the upper-bound

on the average query residence time at the index server subsystem is given by:

SS@T"U@T

cluster
R < Hp 1 — [server

(5.7)

As will be shown in the next section, we found this upper-bound—although quite
simple to yield reasonably accurate estimates of the average query residence time at the
index server subsystem. Combining equations 5.5, 5.6 and 5.7, we obtain the following

bounds on the average query system response time for our Web search engine:

SS@T"UGT

Rserver + Rgroker S Rsystem S le e + Rgroker (58)

Model Validation

A series of validation experiments were executed in dedicated environment consisting of
a cluster of 8 homogeneous index servers and a single broker. Each index server runs
on a 2.4 gigahertz Pentium IV processor with 256 megabytes of main memory and a
120 gigabytes ATA IDE hard disk. The broker is an ATHLON XP with a 2.2 gigahertz
processor and 1 gigabytes of main memory. All of them run the Debian Linux operating
system kernel version 2.6. Index servers and broker are connected by a 100 megabits /second
high-speed network.

We used a test collection composed of roughly 10 million Web pages collected by the
TodoBR search engine from the Brazilian Web in 2003. The collection was uniformly
distributed over the 8 index servers, resulting in a local subcollection of size b = 1.25 million
pages. The query dataset used in our tests is composed of 85, 604 queries in a high-load hour
of the folded TodoBR dataset which, as discussed in Section 5.2, has traffic characteristics
commonly found in other search engine workloads in the world.

The values of the model input parameters were easily obtained by retrieving statistics
collected by the Linux operating system and made available at the /proc pseudo-filesystem,
during the experiment. We collected the value of each parameter for each query in our
test dataset, averaging the results for each class at the end of the experiment. CPU and
disk demands for a query are collected from the /proc/stat pseudo-file. To estimate the

fraction of queries that found all inverted lists in the disk cache (hit,), we monitored the
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total number of sectors successfully retrieved from disk by each query from each class,
available in the I/O statistic field of the /proc/diskstats pseudo-file. Table 5.7 presents
the model input parameter values obtained in our experiments. The index server resource

demands and hit probabilities are averages for all servers.

Table 5.7: Model input parameter values.

Parameter Value

Class small | Class large
p (<) 8 servers
b 1.25 million pages
Shroker p =2 0.33 ms
Shroker p =4 0.39 ms
Szm‘m, p=238 0.52 ms
Do, 8.72 ms 12.92 ms
Dl . 6.36 ms 18.71 ms
D 19.47 ms 46.12 ms
hit, 0.20 0.11
Ar/A 0.73 0.27

Figure 5.7 shows the average query residence time at an index server, averaged over
all index servers, as a function of the total query arrival rate. The “estimated" curve
represents the results obtained with Equation 5.5, whereas the “measured" curve contains
the average query residence times measured in all 8 index servers. As shown, our model
captures reasonably well the average performance of a typical index server. For an arrival
rate of 28 queries/second, the average utilization of the disk, the bottleneck resource at
the index servers, is already almost 75%, and the estimated aggregated utilization of the
index server resources (U*""*") approaches 91%. Thus, the index server is approaching
saturation. For this load, the error introduced by our model is only 25%, reasonably small
for response time estimates [37].

We now turn to the validation of the average query system response time. Figures 5.8
and 5.9 show experimental results as well as the lower and upper-bounds on the average
query system response time, estimated via Equation 5.8, as functions of the arrival rate

and of the number of index servers, respectively. In Figure 5.9, in order to make a fair
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Figure 5.7: Average query residence time at an index server as a function of the query

arrival rate (p = 8).

comparison, we kept the size of the subcollection b fixed (i.e., 1.25 million pages per index
server), varying only the total number of servers p and, indirectly, the size of the total

collection n = pb.

As the figures show, the lower-bound on the average query system response time is a
good approximation for systems with a small number of index servers and/or light loaded
servers. However, as either the load or the number of index servers increase, the measured
average query system response time deviates significantly from the lower-bound due to the
synchronization overhead. This contrast with previous work that disregards imbalance in
query service times among homogeneous index servers. In fact, we see that the measured
average query system response time approaches the upper-bound for large number of in-
dex servers and heavy loads. In particular, for p = 8 index servers and an arrival rate
A = 28 queries/second, the approximation error is only 7%. Therefore, the upper-bound
provides a simple-to-compute and yet reasonably accurate approximation of the average

query system response time of realistic, typically heavy-loaded, Web search engines.
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5.3.3 An Example of Model Applicability

In this section, we discuss how to use our model for the capacity planning of large scale
Web search engines. This is important because the number of index servers in a real cluster
is usually large and maintaining large clusters operational is quite expensive. Furthermore,
our model is easy to use and depends only on information that is usually available in both

Web search logs and standard operating systems.

We consider “what if” questions, concerning future scenarios for a Web search engine.
We assume a collection of 20 billion pages, which is the size of the indexes for Google
and Yahoo that has been made public [24]. We also assume that each index server stores
a subcollection of size b = 10 million pages—the largest collection we have available for
experimentation, which requires 2, 000 index servers to host the whole collection. To obtain
the parameters of the index server model, we executed experiments in a single index server
that runs on a 2.4 gigahertz Pentium IV processor with 1 gigabytes of main memory and a
120 gigabytes ATA IDE hard disk. We used a test collection composed of roughly 10 million
Web pages collected by the TodoBR search engine from the Brazilian Web in 2003. Based
on these experiments, we determine parameter values for the index server model, such as
the average demands for CPU and disk, and the probability of full disk cache hit at an
index server for each query class. To obtain the average query service time at the broker as
a function of 2,000 index servers (ngker, p = 2,000), we fit a straight line to the values of
Sg’""k” (p = 2,4,8) estimated during our validation experiments (see Table 5.7). We found
a rather accurate fitting given by SgTOkeT = 3.18¢°p + 0.000265, which we used to derive
Sg’""k” = 15.96 milliseconds for p = 2,000. Table 5.8 presents the new parameter values

used in our example.

Once the model parameters are computed, one can apply the model to derive the per-
formance metrics of interest. Consider that the manager of the Web search engine wants
to guarantee that the average query system response time will not exceed 300 millisec-
onds. Also consider that the manager has the goal of supporting a query arrival rate of
1,000 queries/second. Using the model with the parameters described in Table 5.8, we
calculate the upper-bound on the average query system response time as a function of
the query arrival rate. Figure 5.10 shows the upper-bound on the average query system
response time as a function of the query arrival rate. The “baseline” curve represents
the results derived by the model with the experimentally estimated parameters (see Ta-
ble 5.8). The results for the baseline curve indicate that, even at low rates, the response

time upper-bound exceeds the threshold defined by the management of the Web search
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Table 5.8: New model input parameter values used in our example.

Parameter Value

Class small | Class large
P 2,000 servers
b 10 million pages
Sproker 15.96 ms
Dz 27.13 ms 72.33 ms
Durer 28.44 ms 92.24 ms
Dk 41.78 ms 111.39 ms
hit, 0.30 0.18
Ar/A 0.73 0.27

engine. It is interesting to note that the average query residence 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/second, and only 1.87% at an arrival rate of 10 queries/second when the system
is approaching the point of saturation. Therefore, the average query residence time at the

broker in the baseline system is negligible for high query loads.

We want to evaluate what kind of optimization in the resources of machines might yield
a reduction in the average query system response time to less than 300 milliseconds. For
this, we consider three scenarios. Also in Figure 5.10, the curves labeled “disks 4x”, “CPUs
4x” and “CPUs/disks 4x” represent the upper-bound on the average query system response
time for the scenarios where disks are four times faster, CPUs are four times faster, and
CPUs and disks are both four times faster, respectively. These are the three scenarios

analyzed in the following.

Scenario 1 - Disks are four times faster.

In the first scenario, we want to evaluate the impact on query system response time of
disks that are four times faster than those in use. This is reflected in the model parameter
by dividing the demands for disks by a factor of four. The solution of the model with the
new parameters yields the new average response time upper-bound. The results show that
the upper-bound on the average query system response time decreases significantly, with

gains that reach 7.49 times approximately over the baseline system when it is approach-
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ing saturation (A = 10 queries/second). We also observe that the supported arrival rate
(A = 15 queries/second) increases 1.50 times approximately when compared to the arrival
rate supported by the baseline system (A = 10 queries/second). Nevertheless, the upper-
bound still exceeds the defined threshold even at light loads. We note that the average
query residence time at the broker is 12.05% of the upper-bound on the average query
system response time at an arrival rate of 1 query/second, and 31.91% at an arrival rate
of 15 queries/second when the system is approaching the saturation point. Although it
is relatively low compared to the average query system response time, the average query

residence time at the broker in this scenario is not negligible for high query loads.
Scenario 2 - CPUs are four times faster.

In the second scenario, we want to assess the impact on query system response time of CPUs
that are four times faster. For modeling the new CPUs, we divide the demands for CPUs
by a factor of four. Using the model, we calculate the new average response time upper-
bound. The results indicate that the configuration with faster CPUs slightly outperforms
the configuration with faster disks, with gains of 8.26 times approximately over the baseline
system when it is approaching saturation (A = 10 queries/second). We also observe that
the supported arrival rate (A = 16 queries/second) increases 1.60 times approximately when
compared to the arrival rate supported by the baseline system (A = 10 queries/second).
Nevertheless, the upper-bound still exceeds the defined threshold even at light loads (as
in Scenario 1). We point out that the average query residence 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/second, and only 0.33% at an arrival rate of 16 queries/second when the system is
approaching saturation. Therefore, the average query residence time at the broker in this

scenario is negligible at any query load.
Scenario 3 - CPUs and disks are both four times faster.

In the third scenario, we want to verify the impact on query system response time of
CPUs and disks that are both four times faster. For modeling the new resources, we
divide the demands for CPUs and disks by four. The solution of the model with the
new parameters yields the new average response time upper-bound. The results indi-
cate that the average query system response time is less than 297 milliseconds at an
arrival rate of 14 queries/second, which satisfies the service level objective for the Web
search engine of 300 milliseconds per query. The results also show a remarkable reduction

in the upper-bound on the average query system response time, with gains that reach
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35.90 times approximately over the baseline system when it is approaching the saturation
point (A = 10 queries/second). Further, we observe an expressive increase in the sup-
ported arrival rate (A = 42 queries/second), with gains that reach 4.20 times approximately
over the baseline system (A = 10 queries/second). We note that the average query resi-
dence time at the broker is 7.78% of the upper-bound on the average query system response
time at an arrival rate of 1 query/second, 6.91% at an arrival rate of 14 queries/second,
and only 0.90% at an arrival rate of 42 queries/second when the system is approaching
the point of saturation. Therefore, the average query residence time at the broker in this

scenario is negligible at high query loads (as in the baseline system).

We still have to meet the objective of supporting an arrival rate of 1, 000 queries/second.
For supporting a higher query arrival rate, the cluster of index servers is usually repli-
cated [14,18,45]. Replication involves relatively small overheads, and approximately linear
gains in the query arrival rate supported can be expected as a function of the number of
mirrored systems. The objective of supporting an arrival rate of 1,000 queries/seconds can
be achieved by creating 72 replicas of the cluster of 2,000 index servers, each replica sup-
porting an arrival rate of 14 queries/second and guaranteeing a query system response time
of 297 milliseconds. Therefore, our model indicates that a cluster composed of 144,000 in-
dex servers (72 cluster replicas x 2,000 index servers in a cluster) would achieve the desired
performance. Some speculations suggest that large scale Web search engines may indeed
adopt clusters with several thousands of machines, but, to the best of our knowledge, there
is no publicly available data to back up this information. If each index server handles
a larger subcollection, the number of total servers in a cluster could be smaller. Thus,
one must be cautious before extrapolating our illustrative results to an arbitrary cluster
of any Web search engine. In this case, for other document collections and machines, the

parameters of our model could be estimated experimentally.

This example shows how a reasonably accurate capacity planning model provides a
very useful tool for the proper management of modern cluster-based Web search engines.
Recall that our goal is to have a simple and reasonably accurate model that can answer
three important capacity planning questions stated in Section 1.2. The first question is
fully answered during our validation experiments (see Section 5.3.2), while the second and
third questions are not completely answered in this example because the model predictions

are not validated experimentally.
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Figure 5.10: Upper-bound on the average query system response time as a function of the

query arrival rate derived in our example.

5.4 Concluding Remarks

In this chapter, we proposed a capacity planning model for Web search engines that con-
siders the imbalance in query service times among homogeneous index servers. Qur model,
which relies on a queueing-based analytical model, is simple and yet reasonably accurate.
To estimate the parameters of our model, we ran experiments on a small cluster of index
servers. Once the key parameters were estimated, we verified the accuracy of our model
by comparing its predictions with the results measured empirically and found great con-
cordance. Finally, we illustrated how to apply our model to predict query response time
when adopting faster CPUs and disks than those in use. We considered a realistic scenario,
where a collection of 20 billion documents is distributed over 2,000 index servers. In our
example, we showed that the manager of the search engine can quickly reach predictions
for upper-bounds on the average query system response time without having to run any
live experiments.

Given the reasonable accuracy of the model in estimating average query system response
time, and its simplicity to configure and to apply in practical scenarios, we believe that it

is useful to predict the behavior of modern cluster-based Web search engines.



Chapter 6
Conclusions and Future Work

In this chapter, we summarize our main findings and present final conclusions in Section 6.1.

We also outline a number of directions for future work in Section 6.2.

6.1 Conclusions

In this thesis, we provided a performance framework for the design and analysis of the
infrastructure of Web search engines. In this framework we (i) investigated and analyzed
the imbalance among homogeneous index servers in a cluster for parallel query processing;
(ii) proposed a capacity planning model for Web search engines; and (iii) characterized the

query workload of four different real-world Web search engines.

6.1.1 Analyzing Imbalance among Homogeneous Index Servers

As an outcome of our analysis of the imbalance issue, we verified that the idealized scenario,
that supposes balanced service times as a consequence of an uniform data distribution
among homogeneous index servers, is unlikely to be found in practice. This is an important
contribution because it sheds light on the usual assumption of balanced service times taken
by many theoretical models in the literature to simplify their modeling task [20,23,44|. Our
findings derive from a comprehensive experimental analysis using an information retrieval
testbed and real data obtained from a real-world search engine. Besides verifying the
presence of a certain level of imbalance among homogeneous index servers, we have also

identified and characterized the main sources for this unexpected imbalance.
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The key factor for imbalance is the use of disk cache at the different index servers.
We verified that imbalance for each query increases with the number of index servers that
retrieve the needed documents from the disk cache. On the one hand, the worst case
for imbalance is achieved when a single index server must actually access the disk for
documents while all remaining servers are using the disk cache for the same query. The
worst case presents a much higher average imbalance of 3.45 computed as a ratio between
the maximum and the average service time among index servers—because in this case a
single server has a service time much larger than the corresponding service times at all
the remaining servers, thus resulting in a high imbalance. On the other hand, the best
case to avoid imbalance results in an average imbalance of 1.08. It is achieved when all
index servers operate in the cache region, thus leading to a relatively small and similar

disk access times throughout the cluster of servers.

Other identified source of imbalance is the size of the main memory of the homogeneous
index servers, which affects the availability of resources for disk cache at servers. We
verified that the average imbalance decreases as the size of main memory increases, but
this happens with a diminishing return with an increase in memory capacity. When the
main memory size is relatively large as compared to the size of the local index stored at
the index servers, all servers retrieve data from their disk caches for a high percentage of
queries, which is the best case scenario that produces the lowest imbalance. In contrast,
considering a relatively small main memory capacity available for disk cache, for a given
query some index servers might access their disk caches while the others might need to
actually access the disk, thus leading to a higher imbalance. In our cluster with 7 index
servers, the average imbalance is 1.32 and 1.18 for 200 and 400 megabytes of main memory

at each server, respectively.

Another identified source of imbalance is the number of index servers in the cluster.
We verified that, for a fixed size of main memory, the average imbalance in service times
of index servers increases with the number of servers in the cluster. The reason is that the
larger the number of index servers participating in the parallel query processing, the higher
the probability of some servers to operate in the cache region and, as a consequence, the
higher the imbalance in service times of those servers. For 200 megabytes of main memory,

the average imbalance is 1.09 and 1.32 in our cluster with 2 and 7 index servers, respectively.

Overall, the primary source of imbalance per query is the heterogeneous use of disk cache
among the homogeneous index servers. Main memory size at index servers and the number

of servers are actually indirect sources of imbalance because they cause heterogeneous use
of disk cache.
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6.1.2 A Capacity Planning Model for Web Search Engines

We also proposed a capacity planning model for Web search engines that considers the
imbalance in query service times among homogeneous index servers. Our model, based
on queueing theory, is simple and reasonably accurate. To fine tune the model, we ran
experiments on a small cluster of index servers. Once tuned, we compared the predictions
of our model with the results we measured empirically and found a high quality matching.
Even at the saturation point, the predictions of our model were reasonably accurate.

Following, we illustrated how to apply our model to predict average query system
response time when adopting faster CPUs and disks than those in use. We considered a
realistic scenario, where a collection of 20 billion documents is distributed over 2, 000 index
servers. In our example, we showed that the manager of the search engine can quickly reach
predictions for upper-bounds on the average query system response time without having
to run any live experiments.

Given the complexity of maintaining large scale Web search engines, and the simplicity

and reasonable accuracy of our model, we believe our model can be quite useful in practice.

6.1.3 Query Workload Characterization of Four Web Search En-

gines

We further characterized four query datasets composed of millions of queries represent-
ing the query workload of four different real-world Web search engines, namely TodoBR,
Radix, AllTheWeb, and Altavista. A subset of the TodoBR query dataset is used in the
experiments to validate the capacity planning model for Web search engines. We verified
that—although the query datasets cover different time periods, query loads, users, and
languages the distribution of queries and of terms in queries throughout the datasets
are quite similar and follow a Zipf’s distribution. Also, our results confirmed the preva-
lence of very short queries—i.e., queries containing two or fewer terms—for all datasets.
Further, a periodic behavior on the query workload was consistently observed through
the four considered query datasets. The query workload clearly presents daily load vari-
ations. In particular, working days present similar loads among them that are different
from those observed on weekend days. Finally, we characterized the interarrival process of
the folded version of the TodoBR dataset, which is used as input stream in the validation
experiments for the capacity planning model for Web search engines. We verified that the
Exponential distribution approximates the observed interarrival process of queries within

quite acceptable bounds.
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6.2 Future Work

A direction for future work is to extend our capacity planning model to support multiple
processing threads at index servers. Other direction for research is to improve our model to
estimate the distribution function of the query system response time of a cluster of index
servers. From this distribution, one can find out its percentiles. This solution is useful if
the management of the Web search engine requires the g-percentile of the expected query
system response time to be less or equal than a threshold.

Another direction for further research is to model caching of query results that allows
the search engine to answer recently repeated queries at a very low cost since it is not
necessary to process those queries—and caching of the inverted lists of query terms—that
improves the query processing time for the new queries that include at least one term whose
list is cached |48]. Another direction for research is to identify and analyze the reasons for
the use of disk cache, and eventually model the probability of disk cache hit. Some of the
elements that affect the use of disk cache are the temporal locality of queries and terms of
queries in the input traffic, the spatial locality of the inverted lists of query terms in the
disk, and the size of the main memory.

Another direction for future work is to verify by simulation the accuracy of our model
predictions for large clusters with thousands of index servers for supporting a collection
with billions of documents, as illustrated in Section 5.3.3. It would be important to consider
a cluster with p index servers, such that p is large enough to store the index for a collection
of 20 billion pages, which is the size of the indexes for Google and Yahoo that has been
made public [24]. A difficulty is that it is hard to obtain large datasets for the collection
of documents used by Web search engines to generate an answer page for each received
query. This is so because the set of collected documents is seen as strategic and proprietary
information by the major Web search operators. In fact, during the course of this thesis,
we only had access to a document collection composed of roughly 10 million Web pages
collected by the TodoBR search engine from the Brazilian Web in 2003. A solution would
be to generate a large synthetic document collection from probability distributions that
are based on statistics from real datasets.

Another direction for further research is to develop an approach for finding the optimal
architecture for a Web search engine in terms of cost, that combines partitioning and
replication strategies to satisfy operational requirements for query response time, query
throughput, and server utilization. It is important to establish constraints on the utilization

of index servers to avoid wasting machine resources. By cost we mean the number of index
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servers in the architecture. Therefore, the goal would be to satisfy the three operational
requirements with the fewest number of index servers. On the one hand, for scaling on
data volume, the index of a document collection can be partitioned among a set of index
servers organized in a computational cluster for parallel query processing. On the other
hand, for scaling on query throughput, the cluster of index servers can be replicated, and
a load-balancing system can be used to direct queries to one of a set of mirrored clusters
by accounting their available capacity. Replication involves relatively small overheads, and
approximately linear gains in throughput capacity can be expected as a function of the
number of mirrored systems. Partitioning and replication strategies are usually combined
by Web search engines to handle huge document collections and high query loads while
satisfying service level objectives.

Given operational requirements of query response time, query throughput, and server
utilization, the goal would be to minimize the needed number of index servers. This goal

can be formalized by minimizing a cost function:
c=pXxr (6.1)
while meeting the following operational constraints

ft(pa T>X) T (62)
fulp,r, X) < U

IN

where 7 is the number of replications (of a cluster of index servers); p is the number of
index partitions (across the index servers in a cluster); 7" is the response time requirement;
U is the utilization requirement; X is the throughput requirement; and f;(p,r, X) and
fu(p,r, X) calculate the response time and utilization, respectively, for a given through-
put X and a given architecture where the index is partitioned into p divisions and replicated

r times.
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