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AbstratWeb searh engines are expensive to maintain, expensive to operate, and hard to design.Modern searh engines rely on lusters of server mahines for query proessing. Thus, theperformane of parallel query proessing in a luster of index servers is ruial for modernWeb searh engines. The objetive of this thesis is to provide a performane frameworkfor the design and analysis of the infrastruture of Web searh engines. In this frameworkwe (i) investigate and analyze the imbalane issue in a omputational luster omposedof homogeneous index servers and (ii) propose a apaity planning model for Web searhengines.In a luster of index servers, the response time basially depends on the servie timeof the slowest server to generate a partial ranked answer. Previous approahes investigateperformane issues in this ontext using simulation, analytial modeling, experimentation,or a ombination of them. Nevertheless, these approahes simply assume balaned servietimes among homogeneous index servers, a senario that we did not observe in our ex-perimentation. On the ontrary, we found that even with a balaned distribution of thedoument olletion among index servers, relations between the frequeny of a query inthe olletion and the size of its orresponding inverted lists lead to imbalanes in queryservie times at these same servers, beause these relations a�et disk ahe behavior. Fur-ther, the relative sizes of the main memory at eah index server (with regard to disk spaeusage) and the number of servers partiipating in the parallel query proessing also a�etimbalane of loal query servie times.Prediting the performane of a Web searh engine is usually done empirially throughexperimentation, requiring a ostly setup. Thus, modeling is of natural appeal in thisontext. We introdue a apaity planning model for Web searh engines that onsidersthe imbalane in query servie times among homogeneous index servers. Our model, whihis based on a queueing network, is simple and yet reasonably aurate. We disuss how wetune it up and how we apply it to predit, for instane, the impat on the query responsetime when parameters suh as CPUs and disks are hanged. This allows the manager ofthe searh engine to determine a priori whether a new on�guration of the system will keepthe query response under spei�ed onstraints. Our approah is distint and, we believe,useful to predit the performane of real Web searh engines.





ResumoMeanismos de busa na Web são aros para manter, aros para operar, e difíeis deprojetar. Meanismos modernos de busa ontam om lusters de máquinas servidoraspara proessamento de onsultas. Assim, o desempenho do proessamento paralelo deonsultas num luster de servidores de índie é ruial para os meanismos modernos debusa na Web. O objetivo desta tese é prover um arabouço para o projeto e análiseda infra-estrutura de meanismos de busa na Web. Neste arabouço (i) investigamose analisamos a questão do desbalaneamento num luster omputaional omposto porservidores de índie homogêneos e (ii) propomos um modelo de planejamento de apaidadepara meanismos de busa na Web.Num luster de servidores de índie, o tempo de resposta depende basiamente dotempo de serviço do servidor mais lento para gerar uma resposta ordenada parial. Abor-dagens anteriores investigam questões de desempenho neste ontexto usando simulação,modelagem analítia, experimentação, ou uma ombinação delas. Entretanto, estas abor-dagens simplesmente assumem tempos de serviço balaneados entre os servidores de índiehomogêneos, um enário que não observamos em nossa experimentação. Ao ontrário, ve-ri�amos que mesmo om uma distribuição balaneada da oleção de doumentos entre osservidores de índie, relações entre a freqüênia de uma onsulta na oleção e o tamanhode suas listas invertidas orrespondentes levam a desbalaneamentos nos tempos de serviçode uma onsulta nestes mesmos servidores, porque estas relações afetam o omportamentodo ahe do diso. Além disso, os tamanhos relativos da memória prinipal em ada ser-vidor de índie (om referênia ao uso do espaço em diso) e o número de servidores quepartiipam do proessamento paralelo de onsultas também afetam o desbalaneamentonos tempos loais de serviço de uma onsulta.A predição do desempenho de um meanismo de busa na Web é usualmente feita em-piriamente através de experimentação, requerendo uma on�guração ustosa. Assim, amodelagem tem um apelo natural neste ontexto. Introduzimos um modelo de planeja-mento de apaidade para meanismos de busa na Web que onsidera o desbalaneamentonos tempos de serviço de uma onsulta entre os servidores de índie homogêneos. Nossomodelo, que é baseado numa rede de �las, é simples e razoavelmente preiso. Disutimosomo ajustá-lo e omo usá-lo para predizer, por exemplo, o impato no tempo de respostada onsulta quando parâmetros tais omo CPUs e disos são alterados. Isto permite aogerente da máquina de busa determinar a priori se uma nova on�guração do sistema irámanter o tempo de resposta sob determinadas restrições. Nossa abordagem é distinta e,areditamos, útil para predizer o desempenho de meanismos de busa reais.
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Resumo Estendido
IntroduçãoMotivaçãoAWorldWide Web data do �m da déada dos anos 80 [17℄ e ninguém poderia ter imaginadoseu impato atual. A explosão no uso da Web e seu resimento exponenial são agorabem onheidos. Apenas a quantidade de dados textuais disponíveis é estimada paraestar na ordem de terabytes. Adiionalmente, outros meios, tais omo imagens, áudio, evídeo, também estão disponíveis. Isto provoa a neessidade de ferramentas e�ientes paraadministrar, reuperar, e �ltrar informação desta base de dados enorme e diversi�ada.Os meanismos de busa transformaram-se numa ferramenta essenial e popular paralidar om a enorme quantidade de informação enontrada na Web. Um estudo feito poriProspet [30℄ revela que 35.1% dos usuários da Internet usam os meanismos de busapelo menos uma vez ao dia, 21.2% usam os meanismos de busa quatro ou mais vezes aodia, e 22.7% usam os meanismos de busa múltiplas vezes por semana, o que india queo uso de meanismos de busa é um tipo popular de atividade online.Os meanismos de busa na Web requerem uma enorme quantidade de reursos ompu-taionais para lidar om o tráfego entrante de onsultas, que é araterizado freqüentementepor altos pios. Além disso, o fato do número de doumentos disponíveis na Web res-er onstantemente � existem agora pelo menos 20 bilhões de doumentos na Web [24℄� torna o problema ainda mais desa�ador. Para lidar om estas exigênias, os mea-nismos modernos de busa na Web ontam om lusters de máquinas servidoras para oproessamento das onsultas [14, 18, 45℄.A arquitetura de um meanismo de busa típio na Web é omposta por lusters deservidores de índie, om os doumentos divididos entre eles (ada servidor de índie ar-mazena uma parte da oleção de doumentos e um índie para ela). Esta arquitetura éi



geralmente referida omo �partiionamento por doumento� e é preferida porque simpli�aa manutenção, simpli�a a geração do índie (que pode ser feita loalmente), e degrada-sesuavemente (porque a falha de um servidor de índie não impede que qualquer onsultaseja respondida, embora o onjunto de resposta �nal possa não onter todos os doumentosrelevantes na oleção). O luster inlui também um broker que se omunia om os váriosservidores de índie, omo ilustrado na Figura 1.
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. . .Figura 1: Arquitetura de um meanismo de busa típio.Uma onsulta de usuário hega no meanismo de busa através do broker, que envia umaópia da onsulta para ada servidor de índie para proessamento loal. Tipiamente, adaservidor de índie retorna seus 10 doumentos mais relevantes para o broker, que exeutauma meslagem em memória para determinar as 10 respostas �nais a serem enviadas parao usuário.O proessamento de uma onsulta pode ser dividido em duas fases prinipais onseu-tivas [14℄. Uma primeira fase que onsiste em reuperar referênias aos doumentos queontém todos os termos da onsulta1 e ordená-los de aordo om alguma métria de re-levânia (feito geralmente pelos servidores de índie). Uma segunda fase que onsiste emtomar as respostas mais relevantes, tipiamente 10, e gerar fragmentos (do doumento),título, e informação sobre a URL para ada uma delas (usualmente feito por um lusterde servidores de doumento, ada servidor detendo uma parte da oleção de doumentos).Enquanto a segunda fase tem usto aproximadamente onstante, independente do tamanhoda oleção de doumentos, a primeira fase tem um usto que rese om o tamanho daoleção. Portanto, o desempenho da primeira fase é ruial para manter a esalabilidade de1Usar a interseção dos termos da onsulta é agora prátia padrão na Webii



meanismos modernos de busa que lidam om uma quantidade resente de doumentosda Web.Dada a omplexidade envolvida no projeto de meanismos e�ientes de busa na Webe o papel have que tais sistemas desempenham no uso da Internet hoje em dia, é deimportânia máxima ompreender o omportamento de meanismos de busa na Web. Istoé essenial para a análise de desempenho e planejamento de apaidade de tais sistemas, a�m de permiti-los enfrentar adequadamente a demanda resente dos usuários.Objetivos e ContribuiçõesO objetivo desta tese é prover um arabouço para o projeto e análise da infra-estrutura demeanismos de busa naWeb. Nosso objetivo é ter uma ferramenta simples e razoavelmentepreisa que possa responder questões de planejamento de apaidade tais omo:(i) Dada uma oleção omposta por n doumentos distribuída através de p máquinas,que tipo de garantias de tempo médio de resposta de uma onsulta que se podeesperar?(ii) Que tipo de otimização nos reursos da máquina pode produzir uma redução notempo médio de resposta de uma onsulta para satisfazer um objetivo de nível deserviço de�nido pelo gerente do meanismo de busa na Web?(iii) Qual é o número mínimo de réplias do luster de servidores de índie que garan-tirá que, na média, o tempo de resposta de uma onsulta num período de pio nãoexederá o limite de�nido pelo gerente do meanismo de busa na Web?Nesta tese, analisamos o desempenho da reuperação dos doumentos mais relevantespara uma dada onsulta de um usuário, i.e., a primeira fase da tarefa de proessamento daonsulta. As prinipais ontribuições desta tese são:
• Investigação e análise da questão do desbalaneamento num luster omputaionalpara proessamento paralelo de onsultas omposto por servidores de índie homogê-neos, omo apresentado no Capítulo 4. Veri�amos na prátia um desbalaneamentoonsistente por onsulta no tempo de serviço nos servidores de índie, apesar da dis-tribuição dos tamanhos das listas invertidas nos vários servidores ser ompletamentebalaneada. Este é um resultado experimental importante porque nossas desobertasiii



ontradizem a suposição usual de tempos balaneados de serviço adotada pelos mode-los teórios anteriores enontrados na literatura [20,23,44℄. Além disso, identi�amose analisamos as fontes prinipais de desbalaneamento: o uso do ahe do diso, otamanho da memória prinipal nos servidores de índie homogêneos, e o número deservidores de índie no luster.
• Um modelo de planejamento de apaidade para meanismos de busa na Web queonsidera o desbalaneamento nos tempos de serviço das onsultas entre os servidoresde índie homogêneos, omo apresentado no Capítulo 5. Nosso modelo, baseadoem redes de �las, é simples e razoavelmente preiso. Para ajustar os parâmetrosdo nosso modelo, exeutamos experimentos num luster pequeno de servidores deíndie. Uma vez que os parâmetros have foram estimados, veri�amos a preisãodo modelo omparando suas predições om os resultados experimentais produzidostambém usando o luster pequeno de servidores de índie. Finalmente, ilustramosomo usar nosso modelo para predizer o tempo de resposta de uma onsulta aoadotarmos CPUs e disos mais rápidos do que aqueles em uso. Em nosso exemplo,onsideramos um enário realístio, onde uma oleção de 20 bilhões de doumentosé distribuída através de 2, 000 servidores de índie.Analisando o Desbalaneamento entre Servidores de Ín-die HomogêneosNesta seção, investigamos e analisamos o desbalaneamento entre os servidores de índiehomogêneos num luster para proessamento paralelo de onsultas. Servidores de índiehomogêneos têm a mesma on�guração de hardware e software.Na arquitetura para proessamento paralelo de onsultas, araterizada por um par-tiionamento loal da oleção de doumentos, o tempo de resposta de uma onsulta édeterminado pelo tempo de serviço do servidor de índie mais lento. Como onseqüênia,desbalaneamento nos tempos de serviço entre o servidores de índie aumenta o tempo deresposta de uma onsulta exeutada pelo luster de servidores.Uma medida omum ontra o desbalaneamento é distribuir a oleção inteira de do-umentos entre os servidores de índie homogêneos de forma balaneada, tal que adaservidor manipule uma quantidade similar de dados para proessar uma dada onsulta.Como onseqüênia, espera-se que os tempos de serviço nos servidores de índie homo-iv



gêneos também sejam aproximadamente balaneados. De fato, este enário idealizado detempos de serviço balaneados é uma suposição usual onsiderada por modelos teóriospara meanismos de busa na Web [20,23,44℄. Entretanto, num enário real, relações entreas freqüênias das onsultas e os tamanhos das listas invertidas orrespondentes levam adesbalaneamentos nos tempos de serviço das onsultas.Nesta seção, investigamos e analisamos a questão do desbalaneamento num lusteromputaional omposto por servidores de índie homogêneos. Como prinipal ontribui-ção, veri�amos que o enário idealizado de tempos de serviço balaneados nos servidoresde índie homogêneos om volumes de dados similares não é provável de ser enontrado naprátia. Este é um resultado experimental importante porque nossas desobertas ontra-dizem a suposição usual que é obviamente onsiderada omo válida por modelos teóriosanteriores. Além disso, identi�amos e analisamos as prinipais fontes de desbalanea-mento: o uso do ahe do diso, o tamanho da memória prinipal nos servidores de índiehomogêneos, e o número de servidores no luster.Para os experimentos relatados nesta seção, usamos um luster de 7 servidores de índiehomogêneos. A oleção de teste é omposta por 10 milhões de páginas Web oletadas pelomeanismo de busa TodoBR da Web brasileira em 2003. O onjunto de onsultas usadosem nossos testes é omposto por 100 mil onsultas, extraídas de um registro parial deonsultas submetidas ao meanismo de busa TodoBR em Setembro de 2003.De�nimos o �desbalaneamento de uma dada onsulta� omo a razão entre o tempo deserviço máximo e o tempo de serviço médio dos servidores de índie que partiipam doproessamento paralelo desta onsulta em partiular. Esta métria de desbalaneamento éigual a 1 num enário perfeitamente balaneado que produz um tempo de serviço máximoexatamente igual ao tempo de serviço médio. À medida que a métria de desbalaneamentotorna-se progressivamente maior que 1, existe uma forte indiação de que o tempo deresposta de uma onsulta é dominado por um tempo de serviço muito maior de um únioservidor de índie.Para evitar desbalaneamento entre os servidores de índie, optamos por balanear asdistribuições do tamanho das listas invertidas que ompõem os índies invertidos loais.Para isto, simplesmente atribuímos ada doumento a um servidor de índie de formaaleatória. A Figura 2 ilustra a função de probabilidade do tamanho das listas invertidasque ompõem os 7 índies invertidos loais em nosso luster om 7 servidores de índie.Observamos que as distribuições do uso do armazenamento são muito similares através dosdiferentes servidores de índie � na verdade, elas se sobrepõem na Figura 2, indiando quev



a atribuição aleatória dos doumentos nos servidores funiona muito bem para balanearo uso do armazenamento entre os servidores.
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Figura 2: Função de probabilidade do tamanho das listas invertidas.Embora a utilização do espaço em diso nos servidores de índie seja balaneada, omomostrado na Figura 2, investigamos se este uso balaneado do armazenamento entre assuboleções re�ete em tempos loais de serviço balaneados entre os servidores de índie,ou não. A Figura 3 ilustra as distribuições dos tempos (médio, máximo, e mínimo) loaisde serviço por onsulta. As barras de intervalo representam os tempos mínimo e máximode serviço para ada onsulta.Como resultado dos nossos experimentos, veri�amos na prátia um desbalaneamentoonsistente por onsulta nos tempos de serviço entre os servidores de índie, apesar dadistribuição do tamanho das listas invertidas nos vários servidores de índie ser omple-tamente balaneada. Motivados por este resultado inesperado, que ontradiz a suposiçãousual de tempos balaneados de serviço adotada pelos modelos teórios enontrados naliteratura, onduzimos uma análise experimental detalhada para investigar as fontes dodesbalaneamento observado. Conseqüentemente, identi�amos as fontes prinipais de des-balaneamento: o uso do ahe do diso, o tamanho da memória prinipal nos servidoresde índie homogêneos, e o número de servidores no luster.vi
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menor devido aos tempos de aesso ao diso relativamente menores e similares através doluster de servidores.
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freqüênia na oleção, e aquelas que não. Para isto, alulamos a relação omo a razãoentre o tamanho da onsulta e a freqüênia da onsulta. Se esta razão é maior ou iguala 0.25 e menor ou igual a 4, então o tamanho e a freqüênia da onsulta são relaionadospor um fator de 4, o que onsideramos omo representando um razoável nível de relaçãoentre eles. Portanto, onsultas que aem neste ritério são onsideradas relaionadas, asoontrário elas são onsideradas não-relaionadas.A Figura 6 mostra o tamanho normalizado das onsultas em função da freqüênia nor-malizada das onsultas na oleção, mas fazemos a distinção entre onsultas relaionadas eonsultas não-relaionadas. Quando fazemos esta distinção, é interessante analisar separa-damente três diferentes regiões representativas que apareem na Figura 6: (i) a Região 1 éaraterizada por dados não-relaionados onde o tamanho das onsultas está prevaleendosobre a freqüênia das onsultas; (ii) a Região 2 ontém onsultas relaionadas; e (iii) aRegião 3 é araterizada por uma região não-relaionada onde a freqüênia das onsultasestá prevaleendo sobre o tamanho das onsultas.
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listas invertidas e sua freqüênia na oleção. Por um lado, as listas invertidas maiores sãodemandadas pelas onsultas mais freqüentes, favoreendo o uso do ahe do diso por estaslistas invertidas grandes. Por outro lado, onsultas raras, ujas listas invertidas são impro-váveis de serem enontradas no ahe do diso, requerem as listas invertidas menores quenão demandam tempos grandes de transferênia do diso. Para os dados não-relaionadosna Região 1, a freqüênia das onsultas é proporionalmente menor que o tamanho dasonsultas. Isto implia que onsultas raras demandam listas invertidas maiores, assimresultando em não uso do ahe do diso e grandes atrasos de transferênias. Os dadosnão-relaionados na Região 3 enfrentam o oposto: os termos das onsultas impõem vo-lumes de dados relativamente pequenos a serem reuperados no sistema, assim obtendotempos de serviço pequenos através de atrasos pequenos de transferênia ou através douso do ahe do diso. Embora estas onsultas tenham tempos de serviço pequenos elasnão são tão numerosas quanto as onsultas relaionadas ou as onsultas não-relaionadasna Região 1. Portanto, onsultas relaionadas prevaleem omo um grupo que obtém osmenores tempos de serviço.
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eamento, e quanto maior o número de servidores de índie no luster, maior o desbalan-eamento, omo disutiremos a seguir.In�uênia do Tamanho da Memória Prinipal e do Número de Ser-vidores de ÍndieOutra fonte de desbalaneamento é o tamanho da memória prinipal dos servidores deíndie porque isto afeta a disponibilidade dos dados na região do ahe nos servidores e,onseqüentemente, o desbalaneamento. A Figura 8 mostra o desbalaneamento médio emfunção do número de servidores de índie em nosso luster om 7 servidores de índie, aovariar o tamanho da memória prinipal em ada servidor. Observamos que o desbalan-eamento médio nos tempos de serviço entre os servidores de índie aumenta enquanto otamanho da memória prinipal diminui, omo era de se esperar. Por um lado, quando otamanho da memória prinipal é relativamente grande omparado ao tamanho do índieloal armazenado nos servidores de índie, existe maior apaidade de memória disponívelpara o sistema operaional exeutar operações do ahe do diso. Isto implia que os tem-pos loais de aesso ao diso em todos os servidores de índie aem na região do ahe paraum alto perentual de onsultas na nossa oleção e este é exatamente o melhor enário queproduz o menor desbalaneamento. Por outro lado, onsiderando uma memória prinipalrelativamente menor disponível para o ahe do diso, os servidores de índie preisamrealmente reuperar as listas invertidas do diso. Neste enário, as onsultas estão maissuseptíveis ao desbalaneamento porque alguns bloos do diso podem ser enontradosno ahe do diso de uns pouos servidores de índie e não serem enontrados no ahe dodiso dos servidores restantes.Uma outra fonte de desbalaneamento é o número de servidores de índie no luster,porque a probabilidade de oorrer variação entre os tempos loais de serviço aumenta omo número de servidores de índie que partiipam no proessamento paralelo da onsulta.Observamos na Figura 8 que, para um tamanho �xo da memória prinipal, o desbalanea-mento médio nos tempos de serviço entre os servidores de índie aumenta om o número deservidores de índie que partiipam no proessamento paralelo da onsulta. Já disutimosque o desbalaneamento médio aumenta om o número de servidores de índie que operamna região do ahe, omo mostrado na Figura 5. Entretanto, isto india que quanto maioro número de servidores de índie que partiipam no proessamento paralelo da onsulta,maior a probabilidade de aumentar a razão entre o número de servidores que operam naxii
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no tempo de resposta do sistema. Portanto, a rede não é expliitamente representada emnosso modelo.Em nosso modelo de busa na Web, o subsistema omposto por todos os servidores deíndie é modelado omo uma rede de �las fork-join [37℄. Numa rede de �las fork-join, adatarefa (i.e., onsulta) que hega é dividida (i.e., fork) em p sub-tarefas idêntias. Cada sub-tarefa é enviada para um servidor de índie diferente. A disiplina de �las em ada servidorde índie é �Primeiro a Chegar, Primeiro a ser Servido� (First-Come First-Served (FCFS)).Quando uma sub-tarefa termina a exeução, irá esperar até que todas as outras sub-tarefasterminem (i.e., join). Apenas neste momento a tarefa ompleta a exeução e sai da rede.Este omportamento imita o paralelismo no proessamento de onsultas pelos servidoresde índie e a sinronização introduzida no broker para ombinar os resultados pariais. AAnálise do Valor Médio (Mean Value Analysis (MVA)) [43℄ oferee uma solução e�ientepara redes de �las om solução do tipo forma-produto. Em partiular, MVA pode serusada para produzir estimativas de desempenho para ada servidor de índie individual.Entretanto, a araterístia fork-join viola as suposições requeridas pela solução MVAexata. Assim, usamos ténias MVA aproximadas [37℄ para resolver o modelo ompleto debusa na Web.Consultas típias podem ter demandas heterogêneas pela CPU e diso dos servidores deíndie dependendo do número de termos que elas ontém. Além disso, devido à loalidadede referênia nos termos das onsultas que hegam no meanismo de busa, um servidorde índie pode enontrar algumas ou todas as listas invertidas no ahe do diso (emmemória). Assim, algumas onsultas podem não reuperar nenhum dado do diso. Defato, durante nossos experimentos de validação, enontramos um número não desprezívelde tais onsultas.A �m de apturar o impato das demandas heterogêneas por reursos, re�namos nossomodelo do servidor de índie omo se segue. Primeiro, modelamos duas lasses de onsultasseparadamente: a lasse small (onsultas om no máximo 2 termos) e a lasse large (on-sultas om mais que 2 termos). Segundo, modelamos separadamente as demandas médiaspela CPU e diso, bem omo a probabilidade de aerto total no ahe do diso (i.e., todasas listas invertidas são enontradas no ahe do diso), num servidor de índie para adalasse de onsultas. As onsultas da lasse large têm maiores demandas pela CPU e disode um servidor de índie do que as onsultas da lasse small, enquanto as onsultas dalasse small têm maiores probabilidades de aerto total no ahe do diso de um servidorde índie do que as onsultas da lasse large. Além disso, assumimos que as onsultasxiv



podem ter demandas diferentes pela CPU dependendo se reuperam algum dado do diso.Finalmente, dado que as onsultas são proessadas seqüenialmente por ada servidor deíndie, não existe �la em nenhum reurso (nem na CPU nem no diso) de um servidor deíndie.Finalmente, o tempo gasto no broker onsiste prinipalmente de proessamento loalpara enviar a onsulta para todos os servidores de índie, reeber os resultados pariais detodos os servidores, e meslar os resultados pariais reebidos, o que depende do número deservidores no luster. Observamos que o tempo de proessamento no broker é relativamentebaixo omparado ao tempo de resposta do sistema. Existem duas razões fundamentais paraisto. Primeiro, a operação do broker é realizada inteiramente usando a memória prinipal,assim demandando apenas o tempo da CPU ao ontrário da operação de um servidor deíndie que é omposta por demandas pela CPU e pelo diso. Segundo, todas as tarefasque o broker exeuta são tarefas relativamente simples que não tomam muito tempo daCPU. Deve-se notar que o broker não tem que fazer omputações para gerar métrias derelevânia para os doumentos e não tem que exeutar operações algébrias, à exeção deomparar identi�adores de doumentos. A Tabela 1 apresenta os parâmetros de entradado sistema e da arga de trabalho bem omo os parâmetros de saída do nosso modelo. Otempo médio de residênia de uma onsulta num reurso é de�nido omo a soma entre otempo médio de espera e o tempo médio de serviço sobre todas as visitas ao reurso.Modelo do Servidor de ÍndieEsta seção deriva o tempo médio de residênia de uma onsulta num servidor de índie.Considerando que as onsultas são proessadas uma de ada vez por ada servidor deíndie, não existe �la em nenhum reurso (nem na CPU nem no diso) de um servidor deíndie. Assim, introduzimos aqui uma abstração para o servidor de índie omo um únioentro de serviço, ujo tempo médio de serviço para a lasse r de onsultas é dado por:
Sserver

r = hitrD
server
cpuhit,r

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

disk,r ) (1)O tempo médio de serviço de uma onsulta num servidor de índie é estimado omo amédia ponderada do tempo de serviço para ada lasse, om os pesos dados pelas vazõesrelativas:
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Tabela 1: Parâmetros de entrada e saída do nosso modelo.Entradas Desrição
p Número de servidores de índie
R Número de lasses de onsultas
λr Taxa de hegada de onsultas da lasse r (r = 1 . . . R)
Sbroker

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

Dserver
cpuhit,r

Demanda média pela CPU num servidor de índie para a lasse r deonsultas que enontram todas as listas invertidas no ahe do diso
Dserver

cpumiss,r Demanda média pela CPU num servidor de índie para a lasse r deonsultas que reuperam dados do diso
Dserver

disk,r Demanda média pelo diso num servidor de índie para a lasse r deonsultas
hitr Probabilidade de uma lasse r de onsultas enontrar todas as listasinvertidas no ahe do disoSaídas Desrição
Rsystem Tempo médio de resposta do sistema
Rcluster Tempo médio de residênia de uma onsulta no subsistema de servidoresde índie
Rbroker

p Tempo médio de residênia de uma onsulta no broker para um lusterom p servidores de índie
Rserver Tempo médio de residênia de uma onsulta num servidor de índie
Rserver

r Tempo médio de residênia num servidor de índie para a lasse r deonsultas
Sserver Tempo médio de serviço de uma onsulta num servidor de índie
Sserver

r Tempo médio de serviço num servidor de índie para a lasse r de on-sultas
Userver Utilização total de reursos de um servidor de índieUsando a Lei de Little [37℄, a utilização do entro de serviço representando um servidorde índie pela lasse r de onsultas pode ser estimado ao multipliar Sserver

r pela taxa dexvi



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

R
∑

r=1

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

Rserver
r =

Sserver
r

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

Rserver =

R
∑

r=1

λr

λ
Rserver

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

p =
Sbroker

p

1− λSbroker
p

(6)Um limite inferior simples para o tempo médio de residênia no subsistema fork-joiné obtido ao ignorar os atrasos de sinronização e onsiderando que o tempo médio deresidênia no subsistema é igual ao tempo médio de residênia num servidor de índie (vejaEquação 5). Entretanto, à medida que o número de servidores de índie rese, esperamosum desvio signi�ante deste limite inferior devido aos ustos adiionais de sinronização.Um número de aproximações para modelos de �la om sinronização fork-join, omvários graus de omplexidade e preisão, estão disponíveis na literatura (veja [3,22,25,34,40, 54, 57�60, 64℄ e referênias nelas itadas). Nelson e Tantawi [40℄ propõem um limitesuperior muito simples para o tempo médio de resposta em redes de �las fork-join, quedepende apenas do número de servidores de índie p, e do tempo médio de serviço de umaonsulta e utilização do servidor. Os dois últimos parâmetros são failmente estimadosusando as Equações 2 e 3. Dado o p-ésimo número harm�nio Hp = 1 + 1

2
+ 1

3
+ · · ·+ 1

p
, olimite superior é dado por:

Rcluster ≤ Hp

Sserver

1− Userver
(7)xvii



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

p ≤ Rsystem ≤ Hp

Sserver

1− Userver
+ Rbroker

p (8)Validação do SistemaUma série de experimentos de validação foram exeutados num ambiente dediado on-sistindo de um luster de 8 servidores de índie e um únio broker. Usamos uma oleçãoomposta por 10 milhões de páginas oletadas pelo meanismo de busa TodoBR da Webbrasileira em 2003. A oleção foi uniformemente distribuída através de 8 servidores deíndie, resultando numa suboleção loal de tamanho b = 1.25 milhões de páginas. Oonjunto de onsultas usado em nossos testes é omposto por 85, 604 onsultas numa horade arga alta da série de onsultas TodoBR dobrada, que tem araterístias de tráfegoomumente enontradas em outras argas de meanismos de busa no mundo.Os valores dos parâmetros de entrada do modelo foram failmente obtidos ao reupe-rar estatístias oletadas pelo sistema operaional Linux e disponibilizadas no sistema dearquivos /pro, durante o experimento. A Tabela 2 apresenta os valores dos parâmetrosde entrada do modelo obtidos em nossos experimentos. As demandas pelos reursos dosservidores de índie e as probabilidades de aerto são médias para todos os servidores.A Figura 9 mostra o tempo médio de residênia de uma onsulta num servidor de índie,alulada a média sobre todos os servidores de índie, em função da taxa de hegada deonsultas. A urva �estimado� representa os resultados obtidos om a Equação 5, ao passoque a urva �medido� ontém a média dos tempos de residênia medidos em todos os
8 servidores de índie. Como mostrado na Figura 9, nosso modelo aptura razoavelmentebem o desempenho médio de um servidor de índie típio. Para uma taxa de hegada de
28 onsultas/segundo, o servidor de índie está se aproximando do seu ponto de saturação.Para esta arga, o erro introduzido pelo nosso modelo é de apenas 25%, razoavelmentepequeno para estimativas de tempo de resposta [37℄.As Figuras 10 e 11 mostram resultados experimentais bem omo o limite inferior e su-perior, estimados pela Equação 8, em função da taxa de hegada e do número de servidoresde índie, respetivamente. Na Figura 11, a �m de fazer uma omparação justa, manti-vemos o tamanho da suboleção b �xa variando apenas o número total de servidores p e,indiretamente, o tamanho da oleção total n = pb.xviii



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

p , p = 2 0.33 ms
Sbroker

p , p = 4 0.39 ms
Sbroker

p , p = 8 0.52 ms
Dserver

cpuhit,r
87.72 ms 12.92 ms

Dserver
cpumiss,r 6.36 ms 18.71 ms

Dserver
disk,r 19.47 ms 46.12 ms

hitr 0.20 0.11

λr/λ 0.73 0.27Como as Figuras 10 e 11 mostram, o limite inferior é uma boa aproximação parasistemas om um número pequeno de servidores de índie e/ou servidores pouo sobrear-regados. Entretanto, à medida que a arga ou o número de servidores de índie aumenta, otempo medido de resposta do sistema desvia signi�ativamente do limite inferior devido aousto adiional de sinronização. Isto ontrasta om trabalhos anteriores que desonside-ram o desbalaneamento nos tempos de serviço das onsultas entre os servidores de índiehomogêneos [23℄. De fato, vemos que o tempo medido de resposta do sistema aproxima-sedo limite superior para números grandes de servidores de índie e argas pesadas. Empartiular, para p = 8 servidores de índie e uma taxa de hegada de λ = 28 onsul-tas/segundo, o erro na aproximação é de apenas 7%. Portanto, o limite-superior provêum aproximação simples de omputar e razoavelmente preisa do tempo de resposta dosistema de meanismos de busa na Web realístios e tipiamente sobre arregados.Um Exemplo de Apliabilidade do ModeloNesta seção, disutimos omo usar nosso modelo para o planejamento de apaidade demeanismos de busa na Web de larga esala. Assumimos uma oleção de 20 bilhões depáginas, que é o tamanho dos índies do Google e Yahoo levado a públio [24℄. Assumimosxix
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Figura 11: Tempo médio de resposta do sistema em função do número de servidores deíndie p (λ = 28 onsultas/segundo).também que ada servidor de índie armazena uma suboleção de tamanho b = 10 mi-lhões de páginas � a maior oleção que temos disponível para experimentação, o querequer 2, 000 servidores de índie para hospedar a oleção inteira. Para obter os parâ-metros do modelo do servidor de índie, exeutamos experimentos num únio servidor deíndie. Usamos uma oleção omposta por aproximadamente 10 milhões de páginas o-letadas pelo meanismo de busa TodoBR da Web brasileira em 2003. Baseados nestesexperimentos, determinamos os valores dos parâmetros do modelo do servidor de índie,tais omo as demandas médias pela CPU e diso, e a probabilidade de aerto total noahe do diso de um servidor de índie para ada lasse de onsultas. Para obter otempo médio de serviço de uma onsulta no broker em função de 2, 000 servidores de ín-die (Sbroker
p , p = 2, 000), ajustamos uma linha reta para os valores de Sbroker

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

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



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

p 15.96 ms
Dserver

cpuhit,r
27.13 ms 72.33 ms

Dserver
cpumiss,r 28.44 ms 92.24 ms

Dserver
disk,r 41.78 ms 111.39 ms

hitr 0.30 0.18

λr/λ 0.73 0.27

de busa na Web quer garantir que o tempo médio de resposta do sistema não exederá
300 milisegundos. Considere também que o gerente tem o objetivo de suportar uma taxade hegada de onsultas de 1, 000 onsultas/segundo. Usando o modelo om os parâmetrosdesritos na Tabela 3, alulamos o limite superior para o tempo médio de resposta dosistema em função da taxa de hegada de onsultas. A Figura 12 mostra o limite superiorpara o tempo médio de resposta do sistema em função da taxa de hegada de onsultas.A urva �sistema de base� representa os resultados derivados pelo modelo om os parâme-tros estimados experimentalmente (veja a Tabela 3). Os resultados para a urva �sistemade base� indiam que, mesmo em baixas taxas, o limite superior para o tempo médio deresposta do sistema exede o limite de�nido pela gerênia do meanismo de busa na Web.Queremos avaliar que tipo de otimização nos reursos das máquinas pode reduzir o tempomédio de resposta do sistema para menos do que 300 milisegundos. Para isto, onsidera-mos três enários. Também na Figura 12, as urvas rotuladas de �disos 4x�, �CPUs 4x�, e�CPUs/disos 4x� representam o limite superior para o tempo médio de resposta do sistemapara os enários onde as CPUs são quatro vezes mais rápidas, os disos são quatro vezesmais rápidos, e as CPUs e disos são ambos quatro vezes mais rápidos, respetivamente.Estes são os três enários analisados a seguir.Cenário 1 - Disos são quatro vezes mais rápidos.No primeiro enário, queremos avaliar o impato no tempo de resposta de uma onsultaxxii



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



(λ = 10 onsultas/segundo). Além disso, observamos um aumento expressivo na taxa dehegada suportada (λ = 42 onsultas/segundo), om ganhos de 4.20 vezes aproximada-mente sobre o sistema de base (λ = 10 onsultas/segundo).Ainda temos que satisfazer o objetivo de suportar uma taxa de hegada de onsultas de
1, 000 onsultas/segundo. Para suportar uma taxa de hegada de onsultas mais elevada, oluster de servidores de índie é usualmente repliado [14,18,45℄. Repliação envolve ustosadiionais relativamente pequenos, podendo-se esperar ganhos aproximadamente linearesna taxa de hegada de onsultas suportada em função do número de sistemas repliados.O objetivo de suportar uma taxa de hegada de onsultas de 1, 000 onsultas/segundopode ser atingido ao riar 72 réplias do luster de 2, 000 servidores de índie, ada ré-plia suportando uma taxa de hegada de 14 onsultas/segundo e garantindo um tempode resposta de 297 milisegundos. Portanto, nosso modelo india que um luster ompostopor 144, 000 servidores de índie (72 réplias do luster × 2, 000 servidores de índie numluster) atingiria o desempenho desejado. Algumas espeulações sugerem que meanismosde busa na Web de larga esala podem de fato adotar lusters om vários milhares de má-quinas, mas, até onde sabemos, não existem dados disponíveis publiamente para suportaresta informação. Se ada servidor de índie manipular uma suboleção maior, o númerototal de servidores num luster pode ser menor. Assim, deve-se ser auteloso antes deextrapolar nossos resultados ilustrativos para um luster arbitrário de qualquer meanismode busa na Web. Neste aso, para outras oleções de doumentos e para outras máquinas,os parâmetros do nosso modelo podem ser estimados experimentalmente.Este exemplo mostra omo um modelo de planejamento de apaidade razoavelmente pre-iso provê uma ferramenta muito útil para a gerênia apropriada de serviços modernos debusa na Web baseados em luster.
ConlusõesNesta tese, provemos um arabouço para o projeto e análise da infra-estrutura de meanis-mos de busa na Web. Neste arabouço (i) investigamos e analisamos o desbalaneamentoentre os servidores de índie homogêneos num luster para proessamento paralelo de on-sultas e (ii) propusemos um modelo de planejamento de apaidade para meanismos debusa na Web. xxiv
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Figura 12: Limite superior para o tempo médio de resposta do sistema em função da taxade hegada de onsultas derivado em nosso exemplo.Analisando o Desbalaneamento entre os Servidores de Índie Ho-mogêneosComo resultado da nossa análise da questão do desbalaneamento, veri�amos que o e-nário idealizado, que supõe tempos de serviço balaneados omo uma onseqüênia dadistribuição uniforme de dados entre os servidores de índie homogêneos, é improvável deaonteer na prátia. Esta é uma ontribuição importante porque ontradiz uma suposi-ção usual de tempos de serviço balaneados feita por muitos modelos teórios na literaturapara simpli�ar sua tarefa de modelagem [20, 23, 44℄. Nossas desobertas são derivadas deuma análise experimental detalhada usando um sistema de reuperação de informação edados reais obtidos de um meanismo de busa real. Além de veri�ar a presença de umerto nível de desbalaneamento entre os servidores de índie homogêneos, identi�amos earaterizamos as prinipais fontes deste desbalaneamento inesperado.O prinipal fator para o desbalaneamento é o uso do ahe do diso nos diferentes ser-vidores de índie. Veri�amos que o desbalaneamento para ada onsulta aumenta om onúmero de servidores de índie que reuperam os doumentos neessários do ahe do diso.Por um lado, o pior aso para o desbalaneamento é alançado quando um únio servidorxxv



de índie realmente aessa o diso para reuperar doumentos enquanto todos os servidoresrestantes usam o ahe do diso para a mesma onsulta. Por outro lado, o melhor asopara evitar desbalaneamento é alançado quando todos os servidores de índie operam naregião do ahe, levando assim a tempos de aesso a diso relativamente menores e similaresatravés do luster de servidores. Outra fonte de desbalaneamento identi�ada é o tama-nho da memória prinipal dos servidores de índie homogêneos, que afeta a disponibilidadede reursos para o uso do ahe do diso nos servidores. Veri�amos que o desbalanea-mento médio diminui enquanto o tamanho da memória prinipal aumenta. Outra fonte dedesbalaneamento identi�ada é o número de servidores de índie no luster. Veri�amosque, para um tamanho �xo de memória prinipal, o desbalaneamento médio nos temposde serviço entre os servidores de índie aumenta om o número de servidores no luster.
Um Modelo de Planejamento de Capaidade para Meanismos deBusa na WebTambém, propusemos um modelo de planejamento de apaidade para meanismos debusa na Web que onsidera o desbalaneamento nos tempos de serviço de uma onsultaentre os servidores de índie homogêneos. Nosso modelo, baseado na teoria de �las, é sim-ples e razoavelmente preiso. Para ajustar o modelo, exeutamos experimentos num lusterpequeno de servidores de índie. Uma vez ajustado, omparamos as predições do nossomodelo om os resultados medidos empiriamente e enontramos grande onordânia. Atémesmo no ponto de saturação, as predições do nosso modelo foram razoavelmente preisas.Também, ilustramos omo apliar nosso modelo para predizer o tempo de resposta de umaonsulta ao adotar CPUs e disos mais rápidos do que aqueles em uso. Consideramos umenário realístio, onde uma oleção de 20 bilhões de doumentos é distribuída através de
2, 000 servidores de índie. Em nosso exemplo, mostramos que o gerente de um meanismode busa pode rapidamente predizer limites superiores para o tempo de resposta de umaonsulta sem ter que exeutar experimentos.Dada a omplexidade da manutenção de meanismos de busa, e a simpliidade erazoável preisão do nosso modelo, areditamos que nosso modelo pode ser muito útil naprátia. xxvi



Trabalho FuturoUma direção para trabalho futuro é estender nosso modelo de planejamento de apaidadepara suportar múltiplas threads de proessamento nos servidores de índie. Outra direçãopara pesquisa é melhorar nosso modelo para estimar a função de distribuição do tempo deresposta de uma onsulta. A partir desta distribuição, pode-se enontrar seus perentis.Esta solução é útil se o gerente de um meanismo de busa na Web exigir que o q-perentildo tempo de resposta esperado de uma onsulta seja menor ou igual a um limite de�nido.Uma outra direção para pesquisa futura é modelar ahing dos resultados das onsultas� que permite ao meanismo de busa responder onsultas repetidas reentemente a umusto muito baixo desde que não é neessário proessar estas onsultas � e ahing daslistas invertidas dos termos das onsultas � que melhora o tempo de proessamento de no-vas onsultas que inluem pelo menos um termo uja lista está guardada em memória [48℄.Uma outra direção para pesquisa é identi�ar e analisar as razões para o uso do ahedo diso, e eventualmente modelar a probabilidade de aerto no ahe do diso. Algunselementos que afetam o uso do ahe do diso são a loalidade de referênia temporal dasonsultas e termos das onsultas no tráfego de entrada, a loalidade de referênia espaialdas listas invertidas dos termos das onsultas no diso, e o tamanho da memória prinipal.Uma outra direção para trabalho futuro é veri�ar, através de simulação, a preisão daspredições de nosso modelo para meanismos de busa na Web de larga esala, que ontamom lusters om milhares de servidores de índie para suportar oleções ompostas porbilhões de doumentos. Seria importante onsiderar um luster omposto por p servidoresde índie, tal que p é grande o su�iente para armazenar o índie de uma oleção de
20 bilhões de páginas, que é o tamanho dos índies do Google e Yahoo levado a públio [24℄.É difíil obter grandes oleções de doumentos usadas pelos meanismos de busa na Webpara gerar uma página de resposta pra ada onsulta reebida. A razão é que o onjunto dedoumentos oletados é visto omo informação estratégia e proprietária pelos prinipaisoperadores de busa na Web. De fato, durante o urso desta tese, tivemos aesso apenasa uma oleção de doumentos omposta por aproximadamente 10 milhões de páginas Weboletadas pelo meanismo de busa TodoBR da Web brasileira em 2003. Uma soluçãoseria gerar uma oleção sintétia de doumentos grande, a partir de distribuições que sãobaseadas em estatístias provenientes de onjuntos de dados reais.Uma outra direção para pesquisa futura é desenvolver uma abordagem para enontrar aarquitetura ótima para um meanismo de busa na Web em termos de usto, que ombineas estratégias de partiionamento e repliação a �m de satisfazer requisitos operaionaisxxvii



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

ft(p, r, X) ≤ T (10)
fu(p, r, X) ≤ Uonde r é o número de repliações (de um luster de servidores de índie); p é o númerode partições do índie (através dos servidores de índie num luster); T é o requisito parao tempo de resposta; U é o requisito para a utilização; X é o requisito para a vazão;e ft(p, r, X) e fu(p, r, X) alulam tempo de resposta e utilização, respetivamente, parauma dada vazão X e uma dada arquitetura onde o índie é partiionado em p divisões erepliado r vezes.
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Glossary
AronymsCCDF: Complementary Cumulative Distribution Funtion, a funtion omplementary tothe Cumulative Distribution Funtion.CDF: Cumulative Distribution Funtion, a funtion that ompletely desribes the prob-ability distribution of a random variable.FCFS: First-Come First-Served, a queueing disipline in whih requests are served in theorder of arrival at a queue.PDF: Probability Density Funtion, a funtion that represents a probability distributionin terms of integrals.PMF: Probability Mass Funtion, a funtion that gives the probability that a disreterandom variable is exatly equal to some value. A probability mass funtion di�ersfrom a probability density funtion in that the values of the latter, de�ned only forontinuous random variables, are not probabilities; rather, its integral over a set ofpossible values of the random variable is a probability.MVA: Mean Value Analysis, an e�ient algorithm to solve produt-form queueing net-works and obtain mean values for queue lengths and response times.Parameters
α: parameter of a Zipf's distribution.
b: size of the subolletion stored by an index server.i



Dserver
cpuhit,r

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

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

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

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

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

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

r : average servie time for lass r queries at an index server.
tfi,j: number of times the term ki ours in doument dj.
Userver: total resoure utilization of an index server.
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Chapter 1Introdution
1.1 MotivationThe World Wide Web dates from the end of the 1980s [17℄ and no one ould have imaginedits urrent impat. The boom in the use of the Web and its exponential growth are nowwell known. Just the amount of textual data available is estimated to be in the orderof hundreds of terabytes. In addition, other media, suh as images, audio, and video,are also available. This triggers the need for e�ient tools to manage, retrieve, and �lterinformation from this huge and diversi�ed database.Searh engines have beome an essential and popular tool for dealing with the hugeamount of information found on the Web. A survey by iProspet [30℄ reveals that 35.1%of the Internet users use searh engines at least one a day, 21.2% use searh engines fouror more times a day, and 22.7% use searh engines multiple times a week, whih indiatesthat searh engine usage is a popular type of online ativity.Further, searh engines are urrently a ritial omponent of Web eonomy. The tremen-dous suess of keyword targeted advertising has fuelled Web eonomy to new heights. Infat, in 2004 Amerian ompanies spent between 9 and 10 billion dollars in online adver-tising to promote their produts and servies [29℄. Around 40 − 50% of this amount isestimated to have been spent on searh advertising. Aording to JupiterResearh pro-jetions, by 2010, searh advertising alone will represent a market of 18.9 billion [29℄.Additionally, searh engines are expeted to play a major role in the ontext of orporatesearh, i.e., installing searh engines in the Intranets of large ompanies to sift through thevast amounts of data produed internally. Fairly reent announements of new produts bymajor players, suh as Google [26℄ and Yahoo [63℄, indiate a rising interest in orporate1



2 CHAPTER 1. INTRODUCTIONsearh. In this ase, the interest of the orporation is on ompiling and organizing theinformation it generates regarding its own business, using information on the business asa de fato asset.Web searh engines require a huge amount of omputational resoures to handle theinoming query tra�, whih is often haraterized by high peak requirements. Further,the fat that the number of douments available on the Web keeps growing onsistently�there are now at least 20 billion douments in the Web [24℄�makes the problem even morehallenging. To ope with these requirements, modern Web searh engines rely on lustersof server mahines for query proessing [14, 18, 45℄.The arhiteture of a typial Web searh engine is omposed of lusters of index servers,with the douments partitioned among them (eah index server stores a part of the dou-ment olletion and an index for it). This arhiteture is usually referred to as doumentpartitioning and is preferred beause it simpli�es maintenane, simpli�es the generation ofthe index (whih an be done loally), and degrades graefully (beause the failure of anindex server does not prevent any query from being answered, though the �nal answer setmight not ontain all the relevant douments in the olletion). The luster also inludesa broker that ommuniates with the various index servers.A new user query reahes the searh engine through the broker, whih sends a opyof it to eah index server for loal proessing. Typially, eah index server returns its top
10 ranked douments to the broker, whih runs a merge in plae to determine the �nal
10 answers to be sent to the user.The proessing of a query an be split into two onseutive major phases [14℄. A�rst phase whih onsists of retrieving referenes to the douments that ontain all queryterms and ranking them aording to some relevane metri (usually done by the indexservers). A seond phase whih onsists of taking the top ranked answers, typially 10,and generating snippets, title, and URL information for eah of them (usually done by aluster of doument servers, eah one holding a part of the doument olletion). Whilethis seond phase has roughly onstant ost, independently of the size of the doumentolletion, the �rst phase has a ost that inreases with the size of the olletion. Therefore,the performane of the �rst phase is ruial for maintaining the salability of modern searhengines that deal with an ever-inreasing amount of Web douments.Given the omplexity involved in designing e�ient Web searh engines and the key rolesuh systems play in Internet usage nowadays, it is of utmost importane to understand thebehavior of Web searh engines. This is essential for the performane analysis and apaity



1.2. OBJECTIVES AND CONTRIBUTIONS 3planning of suh systems in order to allow them to properly fae the ever-inreasing demandusers are submitting them to.1.2 Objetives and ContributionsThe objetive of this thesis is to provide a performane framework for the design andanalysis of the infrastruture of Web searh engines. Our goal is to have a simple andreasonably aurate tool that an answer apaity planning questions suh as:(i) Given a olletion omposed of n douments distributed over p mahines, what kindof average query response time guarantees one an expet?(ii) What kind of optimization in mahine resoures might yield a redution in the averagequery response time to meet a servie level objetive de�ned by the management ofthe Web searh engine?(iii) What is the minimum number of repliations of the luster of index servers that willguarantee that, on the average, the query response time on a peak period will notexeed the threshold de�ned by the management of the Web searh engine?In this thesis, we analyze the performane of retrieving the most relevant douments fora given user query, i.e., the �rst phase of the query proessing task. The major ontributionsof this thesis are:
• Investigation and analysis of the imbalane issue in a omputational luster for par-allel query proessing omposed of homogeneous index servers, as presented in Chap-ter 4. We verify in pratie a onsistent imbalane per query in the servie time atindex servers, even though the distribution of sizes of inverted lists at the variousservers are quite balaned. This is an important experimental result beause our �nd-ings ontradit the usual assumption of balaned servie times adopted by previoustheoretial models found in the literature. Moreover, we identify and fully analyzethe main soures of imbalane: the use of disk ahe, the size of main memory in thehomogeneous index servers, and the number of index servers in the luster.
• A apaity planning model for Web searh engines that onsiders the imbalane inquery servie times among homogeneous index servers, as presented in Chapter 5.Our model, whih relies on a queueing-based analytial model, is simple and yet



4 CHAPTER 1. INTRODUCTIONreasonably aurate. To set up the parameters of our model, we run experimentson a small luster of index servers. One the key parameters have been estimated,we verify the auray of the model by omparing its preditions with experimentalresults also produed using the small luster of index servers. Finally, we illustratehow to use our model to predit query response time when adopting faster CPUsand disks than those in use. We onsider a realisti senario, where a olletion of
20 billion douments is distributed over 2, 000 index servers.
• Charaterization of four query datasets with millions of queries representing the queryworkload of two Brazilian searh engines, namely TodoBR1 [55℄ and Radix [42℄, andtwo worldwide searh engines, namely AllTheWeb [1℄ and Altavista [2℄, as presentedin Setion 5.2. A subset of 85, 604 queries in a high-load hour of the TodoBR querydataset is used for a series of validation experiments of the apaity planning modelfor Web searh engines. Our �ndings show that (i) the distribution of queries andof terms in queries through the four onsidered datasets follow a Zipf's distribution;(ii) queries ontaining two or fewer terms are the most frequent for all onsidereddatasets; (iii) there is a periodi behavior on the query workload through the fourquery datasets; and (iv) interarrival times of queries in the TodoBR dataset followan Exponential distribution.1.3 Organization of this ThesisThis thesis is organized as follows. Chapter 2 introdues basi onepts related to ourperformane framework for the design and analysis of the infrastruture of Web searhengines. Chapter 3 disusses the related work in four key areas to the apaity planning forWeb searh engines: index organization, system arhiteture, workload haraterization,and performane modeling. Chapter 4 investigates and analyzes the imbalane issue ina omputational luster omposed of homogeneous index servers. Chapter 5 proposes aapaity planning model for Web searh engines. Our onlusions and future work followin Chapter 6.
1TodoBR is a trademark of Akwan Information Tehnologies, whih was aquired by Google in July2005.



Chapter 2Basi ConeptsIn this hapter, we introdue basi onepts related to our performane framework for thedesign and analysis of the infrastruture of Web searh engines. Setion 2.1 presents thearhiteture of our system, desribing the luster of index servers in Setion 2.1.1, the indexorganization in Setion 2.1.2, the ranking strategy in Setion 2.1.3, and the parallel queryproessing tehnique in Setion 2.1.4. Setion 2.2 presents queueing networks for systemperformane evaluation and predition, inluding multiple-lass produt-form queueingnetworks in Setion 2.2.1 and fork-join queueing networks in Setion 2.2.2.2.1 An Arhiteture for Web Searh Engines2.1.1 Cluster of Index ServersModern Web searh engines typially rely on omputational lusters for query proess-ing [14,18,45℄. Suh luster is omposed of a single broker and p index servers. Figure 2.1illustrates this arhiteture for a typial Web searh engine. Let n be the size of the wholedoument olletion. Assuming that the douments are uniformly distributed among the
p index servers, the size b of any loal subolletion is then given by b = n/p.The broker reeives user queries from lient nodes and forwards them to the indexservers, triggering the parallel query proessing through the p loal subolletions. Eahindex server searhes its own loal subolletion and produes a partial ranked answer.These partial ranked answers are then sent to the broker where they are ombined throughan in-memory merging operation. The �nal list of ranked douments is then sent bak tothe user. 5



6 CHAPTER 2. BASIC CONCEPTS
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. . .Figure 2.1: Arhiteture of a typial searh engine.For the moment we disregard appliation-level ahing�neither of query results at thebroker nor of lists of douments at the index servers. We model, however, the e�ets of diskahe at the index servers, whih is natively implemented by the loal operating system.We note that the desribed arhiteture is for a single query proessing luster, whihonstitutes the basi unit of modern searh engines. Large sale modern Web searh enginesbasially repliates this luster unit for supporting a higher query arrival rate [14, 18, 45℄.2.1.2 Inverted IndexAn inverted index [12, 62℄ is typially adopted as the indexing struture for eah subol-letion. Inverted �les are useful beause they an be searhed based mostly on the set ofdistint words in all douments of the olletion. They are simple data strutures that per-form well when the pattern to be searhed for is formed by onjuntions and disjuntionsof words.The struture of our inverted indexes is as follows. It is omposed of a voabulary and aset of inverted lists. The voabulary is the set of all unique terms (words) in the doumentolletion. Eah term in the voabulary is assoiated with an inverted list that ontains anentry for eah doument in whih the term ours. Eah entry is omposed of a doumentidenti�er and the within-doument frequeny tfi,j representing the number of ourrenesof term ki within the doument dj.The douments of the whole olletion are randomly distributed among the p indexservers, a poliy that works �ne in balaning the distributions of the sizes of the inverted



2.1. AN ARCHITECTURE FOR WEB SEARCH ENGINES 7lists that ompose the loal inverted indexes [5, 7, 8℄, as further detailed in Setion 4.3.1.The size of eah loal inverted index is O(n/p), where n is the size of the whole doumentolletion. This type of index organization, hereafter referred to as doument partitioning,is urrently the de fato standard in all major searh engines [14, 45℄.2.1.3 Vetor Spae ModelIn this work, we use the standard vetor spae model [47℄ to rank the douments retrievedfrom the index servers. Modern searh engines also adopt link-based ranking, suh asPageRank [19℄, ombined with a text-based ranking, suh as the vetor spae model, to rankdouments. However, sine link information is pre-omputed o�ine as a global measure,its usage has only modest impat on performane. Note that no matter the omplexityof the adopted information retrieval algorithm, our model an apture the behavior ofthe algorithm beause of its experimental basis (further details in Chapter 5). Thus, ourapproah remains realisti.In the vetor spae model, douments and queries are represented as vetors in a spaeomposed of the terms in the voabulary of the olletion. With every term ki in a dou-ment dj is assoiated a weight wi,j. In this way, a doument dj is represented as a vetorof term weights ~dj = (w1,j, w2,j, ..., wt,j), where t is the total number of distint termsin the entire doument olletion. Eah wi,j weight re�ets the importane of term ki indoument dj and is usually omputed as:
wi,j = tfi,j × idfi (2.1)The term frequeny tfi,j is simply the number of times the term ki ours in dou-ment dj. The tf fator provides one measure of how well that term desribes the doumentontents. The inverse doument frequeny idfi is a measure of the general importane ofthe term ki and is usually omputed as:

idfi = log
N

ni

(2.2)where ni is the number of douments in whih ki ours and N is the total number ofdouments in the olletion. The motivation for usage of an idf fator is that terms whihappear in many douments are not very useful for distinguishing a relevant doument froma non-relevant one. The expression for wi,j is usually referred to as term frequeny-inversedoument frequeny or tf-idf weight. Its foundations lie in the observation that a term is



8 CHAPTER 2. BASIC CONCEPTSmore important if it ours many times in a doument and less important if it ours inmany douments in the olletion.In the vetor spae model, a query q is also represented as a vetor of term weights
~q = (w1,q, w2,q, ..., wt,q). For omparing a query with a doument, the most ommonly usedmeasure is the osine of the angle between the query and doument vetors. The similaritybetween a doument dj and a query q is de�ned as:

sim(dj , q) =
~dj • ~q

|~dj| × |~q|
(2.3)

=

∑t

i=1
wi,j × wi,q

√

∑t

i=1
w2

i,j ×
√

∑t

i=1
w2

i,qwhere |~dj| and |~q| are the norms of the doument and query vetors. The fator |~q| doesnot a�et the ranking (i.e., the ordering of the douments) beause it is the same for alldouments. The fator |~dj| provides a normalization in the spae of the douments. Byomputing the similarities between all the douments in a olletion D and a given query q,we obtain an ordered list of douments, where douments more likely to satisfy the queryhave higher similarities.A standard algorithm for ranking douments with the vetor spae model uses a setof aumulators, one aumulator for eah doument in a olletion, and a set of invertedlists. For eah query term ki, the ontribution sim(dj , q, ki)�made by the term ki to thedegree of similarity between a query q and eah doument dj in the inverted list�is addedto the value of the aumulator of doument dj . This ontribution, alled partial similarity,is given by:
sim(dj , q, ki) = wi,j × wi,q = tfi,j × log

N

ni

× tfi,q × log
N

ni

(2.4)The �nal result is omposed by the douments with the highest aumulator values. Asimple version of this algorithm is shown in Figure 2.2.Using the idf fator implies global knowledge about the whole olletion to be availableat the index servers. In an arhiteture haraterized by a strategy of loal doumentpartitioning, this ould be aomplished if index servers exhange their loal idf fatorsafter the loal index generation phase. Eah index server may then derive the globalidf fator from the set of loal idf fators [44℄.



2.1. AN ARCHITECTURE FOR WEB SEARCH ENGINES 91. For eah doument dj in the olletion, set aumulator Adj
← 0.2. For eah term ki in the query q,(a) Retrieve the inverted list for ki from disk.(b) For eah term entry < dj , tfi,j > in the inverted list,set Adj

← Adj
+ sim(dj , q, ki).3. Divide eah non-zero aumulator Adj

by the doument norm | ~dj |.4. Identify the f highest aumulator values (where f is the number of doumentsto be presented to the user) and retrieve the orresponding douments.Figure 2.2: Basi algorithm for ranking using the vetor spae model.2.1.4 Parallel Query ProessingIn our experiments, a lient mahine submits queries to the broker aording to a queryarrival distribution. This broker then broadasts eah query to all index servers. Oneeah index server reeives a query, it retrieves the full inverted lists relative to the queryterms, intersets these lists to produe the set of douments that ontains all query terms(i.e., the onjuntion of the query terms1), omputes a relevane sore for eah doument,and sorts them by dereasing sore�this results in a partial ranked answer to be sent byeah index server to the broker. Eah query term ki is proessed by dereasing idfi, i.e.,by inreasing order of the number ni of douments in the whole olletion ontaining theterm ki, thus leading to a signi�antly more e�ient onjuntion of their inverted lists.As soon as the ranking is omputed, the top ranked douments at eah index server aretransferred to the broker mahine. The broker is then responsible for ombining the partialranked answers reeived from the index servers through an in-memory merging operation.The �nal list of top ranked douments is then sent bak to the lient mahine.For simpliity, we adopt a single proessing thread at eah index server. Lu et al. [33℄verify that the query arrival rate supported by the system inreases with the number ofthreads, until either CPUs or disks are overutilized. The use of multiple proessing threadsat index servers is left for future work.Notie that in this arhiteture, haraterized by a strategy of loal doument partition-ing, the response time of a partiular query basially depends on the exeution time of the1Taking the onjuntion of the query terms is now standard pratie on the Web



10 CHAPTER 2. BASIC CONCEPTSslowest index server to produe the orresponding partial answer set. Therefore, the higherthe imbalane in exeution times of index servers, the larger tends to be the response timeof a query proessed by the luster of servers. Thus, it is ritially important to avoid im-balane. If the doument olletion is partitioned among a ertain number of homogeneousindex servers in a balaned way, suh that all of them manage a similar amount of datawhen proessing a query, it would be expeted that exeution times were also balaned.This idealized senario of supposing balaned exeution times as a diret onsequene of auniform olletion distribution among index servers is indeed a usual assumption taken bytheoretial models in the literature to simplify the modeling task. Nevertheless, suh anidealized balane is unlikely to be found in pratie as we point out in this work. Suh anobservation is based on the experimental analysis desribed in Chapter 4.2.1.5 The Broker is not the Main BottlenekObserving the arhiteture for parallel query proessing in Figure 2.1, we notie that thebroker onstitutes a potential bottlenek. Every query that is submitted to our luster ofindex servers is proessed by the broker, whih has to merge the partial results produedby the various index servers. However, this merging of partial results is done all in memoryand an be done quikly. As a result, the broker works at relatively low loads at all times,as we now evaluate.To stress the broker, we implemented a simulator for the luster with p index servers.By varying p we an stress the broker and observe how it behaves. The broker takes queriesat an arrival rate λ (whih we varied) and passes them to a single mahine that runs oursimulator. For eah query, the broker sends p query requests to our simulator, one for eahindex server. For eah query request it reeives, the simulator does not proess it. Instead,it sorts an answer from an array of pre-omputed answers stored in main memory, andsends this answer to the broker. Thus, from the viewpoint of the broker everything goes onas if there were indeed p index servers in the luster, exept for the negligible time spentby the simulator to generate partial answers to the broker. Figure 2.3 reports the averagetime at the broker per query. We observe that even at high loads and with a large numberof index servers, time at the broker is not a�eted. In fat, with 256 index servers andquery arrival rates around 100 queries/seond, average time at the broker per query is lessthan 10 milliseonds.This is beause of two fundamental reasons. First, all the work the broker does isarried out fully in main memory. Seond, all the tasks the broker exeutes are simple
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Figure 2.3: Average time (seonds) at the broker per query as a funtion of the queryarrival rate (queries/seond).
tasks that do not take muh CPU time. The broker does not have to make rankingomputations and does not have to exeute algebrai operations (other than omparingdoument identi�ers). Further, sine it has to wait for the partial results for eah query,it has plenty of free resoures that an be shared with the various queries in the inputstream.Eventually the broker saturates as shown in Figure 2.3. In our ase saturation is abrupt.The reason is that saturation is aused by ontention at the network drive interfae. With
256 index servers, for instane, eah user query requires 256 write operations to sendthe queries out and another 256 read operations to retrieve the partial answers from thenetwork. At a rate above 150 queries/seond, the network drive interfae fails to handlethe load. This is not ritial though beause the index servers saturate at a rate one orderof magnitude smaller (i.e., index servers approximate saturation at 28 queries/seond aswe later show in Setion 5.3.2). That is, a broker whose main task is to merge partialanswer sets is not the main bottlenek.



12 CHAPTER 2. BASIC CONCEPTS2.2 Queueing NetworksQueueing networks have been extensively applied to represent and analyze omputer sys-tems. They have proved to be a powerful and versatile tool for system performane eval-uation and predition. A queueing network is a network of interonneted queues thatrepresents a omputer system [36℄. A queue in a queueing network stands for a resoure(e.g., CPU, disk, network) and the queue of requests waiting to use the resoure. A queueis haraterized by a funtion S(n) that represents the average servie time per requestwhen there are n requests at the queue. The number of requests n at the queue is alledthe queue length.Not all requests that �ow through the resoures of a queueing network are similar interms of the resoures used and the time spent at eah resoure. The total workloadsubmitted to a omputer system may be broken down into several workload omponents,whih are represented in a queueing model by a lass of requests. Di�erent lasses mayhave di�erent servie demand parameters and di�erent workload intensity parameters. Theworkload intensity parameters provide a measure of the load plaed on a system, indiatedby the number of units of work that ontend for system resoures. In the ase of Websearh engines, this measure orresponds to the number of inoming queries per seond.The workload servie demand parameters speify the total amount of servie time requiredby eah basi omponent of the workload on eah resoure of the system. In a Web searhengine, the servie time for a user query is equivalent to the amount of time needed toselet the most relevant douments for this query.Classes of requests may be lassi�ed as open or losed depending on whether the numberof requests in the queueing network is unbounded or �xed, respetively. Open lasses allowrequests to arrive, go through the various resoures, and leave the system. Closed lasses areharaterized by having a �xed number of requests in the queueing network. A queueingnetwork in whih all lasses are open is alled an open queueing network. A queueingnetwork in whih all lasses are losed is alled a losed queueing network. A queueingnetwork in whih some lasses are open and others are losed is alled a mixed queueingnetwork.A entral onept in the solution and analysis of queueing networks is the state of thenetwork [37℄. The state represents a distribution of requests over lasses of requests andresoures. The solution of queueing networks onsists of �nding the long term (i.e., thesteady state) probability of being in any partiular state. This refers to the probabilityof taking a random snapshot (or hekpoint) of the system and �nding the system in a



2.2. QUEUEING NETWORKS 13partiular state. The analysis of queueing networks onsists of evaluating a set of perfor-mane measures, suh as system response time, system throughput, and server utilization.The popularity of queueing networks for system performane evaluation is due to a goodbalane between a relative high auray in the performane results and the e�ienyin model analysis and evaluation. In this framework, the lass of produt-form queueingnetworks has played a fundamental role.Produt-form queueing networks have a simple losed-form expression of the steady-state probability distribution that allow to de�ne e�ient algorithms to evaluate averageperformane measures [13℄. The preise haraterization of the lass of produt-form net-work is not easy. The produt-form solution is related to some properties of the queueingnetwork model that are de�ned on the Markov proess underlying the queueing model. Themost famous result onerning produt-form queueing networks is the BCMP theorem [15℄,developed by Baskett, Chandy, Muntz, and Palaios. The BCMP theorem de�nes the well-known lass of BCMP queueing networks with produt-form solution for open, losed, ormixed models with multiple-lasses of ustomers and various servie disiplines and servietime distributions. The steady-state probability distribution is expressed as the produtof the distributions of the single queues with appropriate parameters and, for losed net-works, with a normalization onstant. In the ase of servie enters with a First-ComeFirst-Served (FCFS) servie disipline, under whih requests are servied in the order inwhih they arrive, the servie time distributions are required to be exponential with thesame mean for all lasses. Although all lasses must have the same mean servie timeat any given resoure, they may have di�erent visit ratios, whih allows the possibility ofdi�erent servie demands for eah lass at any given resoure. In open networks, the timebetween suessive arrivals is assumed to be exponentially distributed.In our work, the Web searh engine is represented as an open queueing network om-posed of the broker and the subsystem of index servers, as further disussed in Chapter 5.The broker is modeled as a produt-form queueing network with a single lass, an indexserver as a produt-form queueing network with multiple-lasses, and the subsystem ofindex servers as a fork-join queueing network.2.2.1 Multiple-Class Open Queueing NetworksMultiple-lass produt-form queueing networks have e�ient omputational algorithms fortheir solution. Beause of its simpliity and intuitive appeal, we adopt the MVA-basedalgorithm for approximate solution of open multiple-lass models [37℄.



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

• Si,r,: average servie time of lass r requests at resoure i

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

• Di,r: average servie demand of lass r requests at resoure i; Di,r = Vi,rSi,r

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

• R′

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

i,r, = Vi,rRi,r

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

• ni: average number of requests at resoure i

• Xi,r: lass r throughput at resoure i

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

X0,r = λr (2.5)The appliation of Little's Law [37℄ to eah resoure gives
ni,r = Xi,rRi,r (2.6)Using the Fored Flow Law [37℄ and Equation 2.5, the throughput of lass r at re-soure i is

Xi,r = X0,rVi,r = λrVi,r (2.7)



2.2. QUEUEING NETWORKS 15The average residene time for the entire exeution is R′

i,r = Vi,rRi,r. Using Equation 2.7in Equation 2.6 the average queue length per resoure for eah lass beomes
ni,r = λrR

′

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

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

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

R′

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

i,r is the average queue length at resoure i seen by an arriving lass r request.Te arrival theorem [49℄ states that in an open produt-form queueing network, a lass rarriving request at servie enter i sees the steady-state probability distribution of theresoure state, whih is given by the queue length. Thus,
nA

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

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

ni,r

ni,s

=
Ui,r

Ui,s

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

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

ni,r =
Ui,r

1− Ui

(2.15)



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

i,r =
Di,r

1− Ui

(2.16)The interation among the open lasses of a multiple-lass model is expliitly rep-resented by the term Ui of Equation 2.16, whih orresponds to the total utilization ofresoure i by all the lasses in the model.The analysis of a produt-form model with multiple open lasses begins with the on-straint that Ui ≤ 1 for all resoures of the network. From Equation 2.9, the stabilityondition for an open model is
Ui ≤ 1 ∀ i (2.17)

R
∑

r=1

λrDi,r ≤ 1 ∀ i, r (2.18)2.2.2 Fork-Join Queueing NetworksParallelism in omputer systems an be modeled by fork-join queuing networks [37℄. Whenentering a onurrent proessing stage, an arriving request forks into subtasks that areexeuted independently either on di�erent servie enters or on the same servie enter.Upon ompleting exeution, eah subtask waits at the join point for its sibling tasks toomplete exeution. The fork operation starts new onurrent subtasks. The join operationfores one subtask to wait for sibling subtasks.Due to the wide-spread use of parallelism in omputer and storage systems, fork-joinqueueing networks have been studied extensively [3, 22, 25, 34, 40, 54, 57�60, 64℄. An exatanalysis of the fork-join queuing network is presented only for fork-join networks with
2 queues [25,40,58℄. There is no known losed-form solution for fork-join queuing networkswith more than 2 queues. Hene, the performane measures of suh networks omputedusing approximation and bounding tehniques.In our work, we use the upper-bound on the average response time proposed in [40℄ forfork-join queueing networks with exponential interarrival and servie times. The fork-joinqueueing network onsists of p (p > 1) servie enters onneted in parallel, as illustratedin Figure 2.4. A request to the fork-join network is split into p independent sub-requests,one for eah of the p servie enters. The original request ompletes when all subrequestsomplete, i.e., when all of them arrive at the join point. Thus, the time spent by a requestin the fork-join network is the maximum of the times spent in eah of the p servie enters.



2.2. QUEUEING NETWORKS 17The average servie time of a request is assumed to be the same at eah of the p servieenters of a fork-join network.
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Figure 2.4: Fork-join queueing network.Consider the following parameters for the fork-join queueing network:
• S: average servie time at a servie enter;
• p: number of parallel servie enters at the fork-join network;
• R: average response time at the fork-join network;
• U : utilization of a servie enter.The upper-bound on the average response time for the fork-join queueing network isbounded by:

R ≤ Hp

S

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

∑p

i=1
(1/i). The harmoni numberaounts for the synhronization time at the joining point. The rationale for this approx-imation omes from the fat that the expetation of a random variable de�ned as themaximum of p exponentially distributed random variables with average S is equal to SHp.
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Chapter 3Related WorkIn this hapter, we disuss related work in four key areas to the apaity planning forWeb searh engines: index organization in Setion 3.1, system arhiteture in Setion 3.2,workload haraterization in Setion 3.3, and performane modeling in Setion 3.4.3.1 Index OrganizationDi�erent strategies for distributing the index of a doument olletion among mahines havebeen disussed in the literature. Tomasi and Garia-Molina [56℄ ompare the performaneimpat on �boolean and� query proessing of two basi and distint options for storingthe inverted lists, namely doument partitioning and term partitioning, as illustrated inFigures 3.1 and 3.2 respetively.Doument partitioning: The douments are evenly distributed among index servers andeah server generates a loal inverted �le for its douments. For proessing a query,a entral broker mahine (to whih all the queries are �rst direted) broadasts thequery to all index servers. A query is proessed by an index server by reading intomemory all the inverted lists related to query terms, interseting them, and produinga list of mathing douments. This partial answer set is sent to the broker, whihonatenates all the partial answer sets to produe the answer to the query.Term partitioning: A global inverted �le is generated for all douments, and the fullinverted lists are evenly distributed aross index servers. For proessing a query, thebroker determines whih index servers hold inverted lists relative to the query terms,breaks the query into subqueries, and sends them to the respetive servers. Eah19
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Figure 3.1: Doument partitioning.subquery is omposed by the terms whih are stored in the index servers it is sent to.If an index server reeives a query with a single term, it fethes the orrespondinginverted list and returns it to the broker. If the subquery ontains multiple terms,the index server intersets the orresponding inverted lists and sends the result asthe partial answer set. The broker intersets (instead of onatenating) the partialanswer sets to obtain the �nal answer.In the work by Tomasi and Garia-Molina [56℄, simulation experiments attempt todetermine under what onditions eah index organization is better, how eah index or-ganization sales up to large systems (more douments, more proessors) and what is theimpat of key parameters, suh as seeking time of the storage devie, load level, and numberof keywords in a query. They generate syntheti databases and queries, from probabilitydistributions that are based on atual statistis. Their results indiate that the doumentpartitioning has the most balaned use of resoures, whih leads to better performaneunder more stressful senarios. The term partitioning performs poorly beause it saturatesthe LAN by transmitting many long inverted lists, and takes longer to read inverted listswhih are not split aross disks.
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Figure 3.2: Term partitioning.Jeong and Omieinski [31℄ onsider the doument partitioning and the term partition-ing approahes to physially divide inverted indexes in a shared-everything multiproessormahine with multiple disks. By simulation, they study the performane impat of theseshemes on boolean query proessing under a number of workloads where the term frequen-ies in the douments, the term frequenies in the queries, the number of disks, and themultiprogramming level are varied. In general, they found that when the term distributionis less skewed or when the term distribution in the user query is uniformly distributed thatthe term partitioning performed the best. However, when the term distribution is highskewed, the doument partitioning performed the best.Ribeiro-Neto and Barbosa [44℄ onsider the doument partitioning and the term par-titioning for a digital library distributed in a tightly oupled environment. The retrievalsystem uses the vetor spae model as ranking strategy. The operational environment isthat of a network of workstations onneted by fast swithing tehnology, where eah ma-hine has its own loal memory and disk. Experiments were based on an analytial modeloupled with a small simulator and investigate how query performane is a�eted by theindex organization, the network speed, and the disks transfer rate. All estimates are basedon the douments and queries in the TREC3 olletion [27℄. The results indiate that term



22 CHAPTER 3. RELATED WORKpartitioning onsistently outperforms doument partitioning for disjuntive queries in thepresene of fast ommuniation hannels, mainly beause term partitioning allows trad-ing seek operations in disk to network tra� and greater onurreny among the variousqueries.MaFarlane et al. [35℄ investigate the doument partitioning and term partitioningshemes for distributing inverted lists. The retrieval model implemented is the probabilistiand the system o�ers only a sequential query servie. The searh topology is that of amaster/slave with a top node and a number of leaf nodes, eah with its own disk. The dataused in experiments are part of the douments and queries in the TREC7 olletion [28℄.Experimental results indiate that the doument partitioning is the preferable method forsequentially submitted queries. The problem with the term partitioning is that too muhdata has to be ommuniated from the leaf to the top proess and the sort annot beparallelized without further ommuniation between leaves and top node.A previous work of ours [6℄ ompares the doument partitioning and term partition-ing strategies for distributing inverted lists. The retrieval system uses the vetor spaemodel and addresses a onurrent query servie. The arhiteture adopts a network ofworkstations model and the lient-server paradigm. The data used in experiments om-prise douments and queries in TREC3 olletion [27℄, besides an arti�ial query set thatmimis Web-like queries. The impat of the two index partitioning strategies on queryproessing performane was evaluated on a real ase framework. Experimental resultson retrieval e�ieny show that term partitioning outperforms doument partitioning fordisjuntive queries speially when the number of proessors exeeds the average numberof terms in query. The main reason is that term partitioning provides a high onurrentquery servie, whih is partiularly evidened when the number of proessors exeeds theaverage number of terms in query.Sornil and Fox [51℄ ombine the doument partitioning and term partitioning ap-proahes to organize inverted indexes in a hybrid partitioned sheme. In the hybrid shemethey divide an inverted list into a number of equal sized hunks, whih are randomly dis-tributed to nodes in the system. Their system arhiteture onsists of a number of nodesand an information retrieval server onneted through an interonnetion network, eahnode ontaining one disk and one CPU. They return the entire inverted lists to the infor-mation retrieval server, that is, their network of proessing nodes an be regarded as onebig disk supplying inverted lists to the information retrieval server. They model olletions,query term seletion, disk nodes, and the network. Simulation results show that the hybrid



3.1. INDEX ORGANIZATION 23partitioning outperforms the doument partitioning and the term partitioning over a rangeof onditions, beause it allows load balaning aross nodes with a larger partitioning unitthan the doument partitioning. The term partitioning performs better than the doumentpartitioning in most onditions, beause of the saturated nodes due to the amount of I/Oinurred by the doument partitioning.In a previous work of ours [4℄, we ompare the performane of the hybrid partition-ing, introdued by Sornil and Fox [51℄, against the doument partitioning and the termpartitioning. Our work di�ers from that presented in [51℄ in the following aspets. Whilethey deal only with returning entire inverted lists to an information retrieval server, weaddress the omplete query proessing. Also, while they model douments and queries, weuse a real Web olletion as experimental data. Our results show that the hybrid parti-tioning is ompetitive and sometimes outperforms both doument and term partitioningfor disjuntive queries. Regarding load balane, the hybrid partitioning outperforms theterm partitioning with gains reahing two times. Regarding response time, the hybridpartitioning and the term partitioning have similar performane on average, and both out-perform signi�antly the doument partitioning, with gains that reahed �ve times. Asimilar result is observed regarding the system throughput. A di�ulty with the hybridapproah is that it has disadvantages ompared to both doument partitioning�whereeah node ompletely indexes a subolletion, so proessing an be node-oriented�, andterm partitioning�where the number of disk aesses is minimized. Whether there areadvantages is unlear.Muh of the literature omparing doument partitioning, term partitioning, and hybridpartitioning is inonsistent. Using simulation and arti�ial data, Tomasi and Garia-Molina [56℄ and Jeong and Omieinski [31℄ �nd in favor of doument partitioning. Onexperimentation and real data, but only 50 queries�insu�ient to show disk ahe e�ets�MaFarlane et al. [35℄ �nd the same result. Contraditing all of these results, Ribeiro-Neto and Barbosa [44℄ and Badue et al. [6℄ �nd that term partitioning is superior. Usingarti�ial data, Sornil and Fox [51℄ show that the hybrid partitioning outperforms both thedoument partitioning and the term partitioning. On real data, Badue et al. [4℄ on�rmthat the hybrid partitioning is ompetitive and sometimes outperforms both the doumentpartitioning and term partitioning. Sornil and Fox [51℄ and Badue et al. [4℄ also showthat both hybrid partitioning and term partitioning outperform signi�antly the doumentpartitioning.



24 CHAPTER 3. RELATED WORKHowever, muh of these previous work is open to question. Arti�ial or small sets ofdouments or queries are not likely to be preditive of real-world behavior, and simula-tions designed to estimate time must deal with a great many omplex variables�inludingdisk ahe operations performed by operating system, relativities of CPU speed, networkbandwidth, network delay, disk properties, term skew, and query skew�if they are to berealisti.Mo�at et al. [39℄ introdues a pipelined query evaluation methodology, based on termpartitioning, in whih partially evaluated queries are passed amongst the set of indexservers that host the query terms. The broker then beomes a tra� diretor rather thana ranking engine, and the omputational load is more e�etively shared among the indexservers. They ompare the pipelined approah to the doument partitioning and termpartitioning approahes experimentally. The various doument olletions used in theirexperiments are all derived from the TREC Terabyte olletion built in 2004 by rawlinga large number of sites in the .gov domain. In total, the olletion ontains 426 gigabytes.A stream of 20, 000 queries was derived from the Exite query logs [53℄. Their resultsshow that the term partitioning is highly ine�ient, the doument partitioning has fastresponse at low query loads, and the pipelining approah provides the best response timesand throughput rates at high query loads.Mo�at et al. [38℄ examine methods for load balaning in the pipelined query evaluationmethodology based on term partitioning [39℄ and propose a suite of tehniques for reduingnet querying osts. In partiular, they explore the load distribution behavior that pipelin-ing displays, and show that the imbalanes an be addressed by tehniques that inludepreditive index list assignments to nodes and seletive index list repliation. Their re-sults are derived from live experimentation in a searh system testbed. The data used inexperiments omprise 426 gigabytes GOV2 rawl of the .gov domain used in the TRECTerabyte Trak sine 2004, and a set SYNQ of queries that have been arti�ially adaptedto the GOV2 rawl to give term-frequeny, repetition, and answer-frequeny propertieslose to those of real queries (the Exite97 query log) on general Web data (the TRECwt10g olletion) [61℄. In ombination, the tehniques they propose inrease the through-put of term-distributed indexing by 30%. Nevertheless, loal �utuations in workloadmean that eah node in the network is less than 100% busy, and while the �nal throughputrates attained in their experiments remain tantalizingly lose to the rates ahieved by anequivalent doument-distributed omputation, they did not sueed in beating doumentdistribution, despite the heavier CPU onsumption of the latter. An important onlusion



3.2. SYSTEM ARCHITECTURE 25of their investigation is thus that doument partitioning retains its leading position as themethod against whih others must be judged.Given its superior performane and popularity in large-sale searh engines [14, 45℄,we adopt the doument partitioning for distributing the index of our doument olletionamong index servers (see Setion 2.1).3.2 System ArhitetureBarroso et al. [14℄ desribe the luster arhiteture of the Google [26℄ searh engine, asillustrated in Figure 3.3. To provide su�ient apaity to handle query tra�, their servieonsists of multiple lusters distributed worldwide, eah luster with around a few thousandmahines. A DNS-based load-balaning system selets a luster by aounting for the user'sgeographi proximity to eah physial luster, while also onsidering the available apaityat the various lusters. A hardware-based load balaner in eah luster monitors theavailable set of Web servers (that we refer to as brokers) and performs loal load balaningof requests aross a set of them. After reeiving a query, a broker oordinates the queryexeution and formats the results into a Hypertext Markup Language (HTML) responseto the user's browser.

Figure 3.3: Google query-serving arhiteture.



26 CHAPTER 3. RELATED WORKQuery exeution onsists of two major phases. In the �rst phase the index serversonsult an inverted index, determine a set of relevant douments by interseting the hitlists of the individual query words, and ompute a relevane sore for eah doument. Thisrelevane sore determines the order of results on the output page. The searh proessis parallelized by dividing the index into piees, eah having a randomly hosen subset ofdouments from the full index (whih we refer to as doument partitioning). A pool ofindex servers serves requests for eah index piee, and the overall index luster ontainsone pool for eah index piee. Eah request hooses an index server within a pool usingan intermediate load balaner. The �nal result of this �rst phase of query exeution isan ordered list of douments identi�ers. We note that index partitioning is used to reatesalability in olletion size, and repliation of eah index piee aross a pool of indexservers is used to reate salability in query throughput. Repliation also provides faulttolerane.The seond phase involves taking this list of doument identi�ers and omputing theatual title and Uniform Resoure Loator (URL) of these douments, along with query-spei� doument summary. Doument servers handle this job, fething eah doumentfrom disk to extrat the title and the keyword-in-ontext snippet. As with the index lookupphase, the strategy is to partition the proessing of all douments by randomly distributingdouments into smaller index piees, having multiple replias of doument servers respon-sible for handling eah index piee, and routing requests through a load balaner. Whenall phases of query proessing are omplete, a broker generates the appropriate HTML forthe output page and returns it to the user's browser.Risvik et al. [45℄ desribe the luster arhiteture of the Fast [1℄ searh engine omposedof a dispather (that we refer to as broker) and a set of index servers, as illustrated inFigure 3.4. Similarly to the Google arhiteture desribed in [14℄, Fast searh enginearhiteture also adopts doument partitioning for saling on data volume and repliationof index partitions for saling on performane and providing fault tolerane. Let I denotethe full index and Sj
i an index server in a n × m luster. By data partitioning, the fullindex I is partitioned aross index servers Sj

i in the row j, eah server having a disjointsubset Ii of douments from the full index. By data repliation, index servers Sj
i in theolumn i repliate the index partition Ii.Similarly to the works presented in [14, 45℄, we onsider a Web arhiteture omposedof a single broker and a luster of index servers (see Setion 2.1). The whole olletionof douments is partitioned aross the index servers, suh that eah server stores its own
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Figure 3.4: Fast searh luster overview.loal subolletion. Upon the arrival of a given user query, the task of retrieving the mostrelevant douments for this query is then shared among the index servers, so that eahserver performs the retrieving task for the query only on its partition of the doumentolletion. A broker is responsible for merging the partial ranked answers from the serversto produe the �nal ranked answer. Note that we fous on the performane of the �rstphase of the query proessing task, i.e., the retrieval of the most relevant douments for agiven user query.Orlando et al. [41℄ present the arhiteture of a parallel and distributed engine forsearhing the Web on whih they explore three main parallelization strategies: (i) a taskparallel strategy, by whih queries are exeuted independently by a set of homogeneousindex servers; (ii) a data parallel strategy (that we refer to as doument partitioning),by whih eah query is proessed in parallel by index servers aessing disjoint subsetsof douments of the database; and (iii) a hybrid strategy, whih is a ombination of thetask parallel and data parallel strategies. They have onduted real experiments thathighlighted the better performane of the hybrid strategy due to a good exploitation ofmemory hierarhies, in partiular of the bu�er ahe whih virtualizes the aess to the



28 CHAPTER 3. RELATED WORKdisk-resident inverted lists. This work presents a similar analysis to ours in terms ofidentifying the disk ahe operations as a fator for aelerating disk aess times. In fat,it inherently onsiders any imbalane on servie times among index servers in its resultsbeause they are derived from real experimentation. Nevertheless, this experimentation-based approah fails to be aware of the imbalane and to haraterize its impat on theperformane of a Web searh engine, as we do in our work (see Chapter 4).
3.3 Workload CharaterizationPrevious work on query haraterization for Web searh engines mainly fouses on theharaterization of user searh behavior and user searh goals to enhane the relevane tousers of the provided answers, i.e., to improve the searh e�ay. Silverstein et al. [50℄present an analysis of individual queries, query dupliation, and query setions in a querylog from the AltaVista Searh Engine. Spink et al. [52℄ examine the query reformulationby users, and partiularly the use of relevane feedbak by users of the Exite Web searhengine. Rose and Levinson [46℄ desribe a framework for understanding the underlyinggoals of user searhes. Baeza-Yates et al. [11℄ analyze query log data and show severalmodels about how users searh and how users use searh engine results. Chau et al. [21℄study the information needs and searh behavior of the users for a Web site searh engineand ompare them with those of general-purpose searh engine users. Kammenhuberet al. [32℄ use lient-side logs to evaluate user behavior in what they all Web searhlikstreams, i.e., searh-indued liks on the answer page provided by the searh engineand the subsequently visited hyperlinked pages. Nevertheless, haraterizing interarrivaltimes of queries in typial Web searh engines is ruial for a performane evaluation ofsearh e�ieny in terms of, for instane, query response times. This is our fous in ourwork. Beizel et al. [16℄ analyze hourly variations in query tra� and remark that thenumber of queries issued is substantially lower during non-peak hours than peak hours.In our work, besides on�rming this result for four di�erent real-world searh engines, weprovide as an outome the haraterization of queries issued in these searh engines withperformane evaluation and apaity planning in mind (see Setion 5.2).



3.4. PERFORMANCE MODELING 293.4 Performane ModelingAlthough many performane models exist for apaity planning of di�erent systems [37℄,the availability in the literature of performane models for Web searh engines is ratherlimited.Caheda et al. [20℄ present a ase study of di�erent arhitetures for a distributedinformation retrieval system, in order to provide a guide to approximate the optimal ar-hiteture with a spei� set of resoures. Using a simulator based on an analytial modelfor query proessing (similar to the one desribed in [44℄), they analyze the e�etive-ness of a distributed, repliated, and lustered arhiteture simulating a variable numberof workstations. A doument model generates syntheti douments from probability dis-tributions that are based on atual statistis from the SPIRIT olletion, omposed ofapproximately 94 million douments and 1 terabytes of text, and a query model seletsuniformly the number of terms between 1 and 4 terms per query, based on the terms usedin the TREC10 topi-relevane queries. Their results show that in a purely distributedinformation retrieval system, the brokers beome the bottlenek due to the high numberof loal answer sets to be sorted. In a repliated system, the network is the bottlenek dueto the high number of query servers and the ontinuous data interhange with the brokers.Finally, they demonstrate that a lustered system will outperform a repliated system if ahigh number of query servers is used, essentially due to the redution of the network load.However, a hange in the distribution of the users' queries ould redue the performaneof a lustered system.The analytial model presented in the work by Caheda et al. [20℄ assumes that servietimes are balaned if index servers manage a similar amount of data when proessing aquery. On the ontrary, we found that even with a balaned distribution of the doumentolletion among index servers, relations between the frequeny of a query in the olletionand the size of its orresponding inverted lists lead to imbalanes in query servie timesat these same servers, beause these relations a�et disk ahe behavior (see Chapter 4).Also, their simulation results show that the brokers beome the bottlenek in a distributedsystem, and the network is the bottlenek in a repliated system. In ontrast, we observedin our experiments that the average query residene time at the broker is relatively lowompared to the average query system response time, and the network introdues negligibledelays to the average query system response time (see Setion 5.3).Chowdhury and Pass [23℄ introdue a framework based on queueing theory for analyzingand omparing arhitetures for searh systems in terms of their operational requirements:



30 CHAPTER 3. RELATED WORKthroughput, response time, and utilization. Using this framework, they also examine asalability strategy that ombines index partitioning and repliation to meet operationalrequirements imposed on searh systems. Lastly, they introdue a new ost-based analysismodel that �nds an optimal set of solutions to onsider when designing a searh system.Nevertheless, their queueing model obliviously assumes a perfet balane among the ser-vie times of index servers that proess an equal number of douments per query. Also,they do not verify the auray of their model by omparing its preditions with experi-mental results. In ontrast, based on evidene from pratial experiments in our work (seeChapter 4), we propose a performane model for apaity planning purposes that onsidersthe imbalane in query servie times among homogeneous index servers, while providing amodel validation with pratial experiments in a real-world testbed (see Chapter 5).In short, to the best of our knowledge, ours is the �rst work to propose a apaityplanning model for Web searh engines based on experimental work using atual data andsystem implementation.



Chapter 4Analyzing Imbalane amongHomogeneous Index ServersIn this hapter, we investigate and analyze the imbalane among homogeneous index serversin a luster for parallel query proessing. Setion 4.1 motivates the experimental analysisof the imbalane among homogeneous index servers. Setion 4.2 haraterizes the workloadused in the experimental analysis. Setion 4.3 haraterizes imbalane in the servie timesof homogeneous index servers, desribing the experimental setup in Setion 4.3.1, and thesoures for the veri�ed imbalane in Setions 4.3.2 and 4.3.3. Our onluding remarksfollow in Setion 4.4.4.1 IntrodutionIn the arhiteture for parallel query proessing, haraterized by a loal partitioning ofthe doument olletion, the response time of a query is determined by the servie time ofthe slowest index server. As a onsequene, imbalane in servie times among index serversinreases the response time of a query exeuted by the luster of servers. Therefore, it isritially important to avoid imbalane among index servers if higher performane is to beahieved.A ommon ounter-measure against imbalane is to distribute the whole olletion ofdouments among homogeneous index servers in a balaned way, suh that eah serverhandles a similar amount of data for proessing any given query. Homogeneous indexservers have idential on�guration of hardware and software. At a �rst glane, as a onse-quene of having similar data volumes handled at eah server for a given query, one would31



32 CHAPTER 4. ANALYZING IMBALANCE AMONG HOMOGENEOUS INDEX SERVERSexpet that servie times at the homogeneous index servers would also be approximatelybalaned. Indeed, this idealized senario of balaned servie times is a usual assumptiontaken by theoretial models for Web searh engines [20, 23, 44℄. However, in a real asesenario, relations between the frequenies of queries in the olletion and the sizes of theorresponding inverted lists lead to imbalanes in query servie times.In this hapter, we arefully investigate and analyze the imbalane issue in a omputa-tional luster omposed of homogeneous index servers. As a major ontribution, we verifythat the idealized senario of balaned servie times at homogeneous index servers withsimilar data volumes is unlikely to be found in pratie. Our results are derived from ex-periments in an information retrieval testbed fed with real data obtained from a real-worldsearh engine. This is an important experimental result beause our �ndings shed lighton a usual assumption that is obliviously taken as valid by previous theoretial models,whereas imbalane masks possibilities for performane improvements. Moreover, we iden-tify and fully analyze the main soures of imbalane: the use of disk ahe, the size of mainmemory in the homogeneous index servers, and the number of servers in the luster.4.2 Workload CharaterizationThe test olletion is omposed of 10 million Web pages olleted by the TodoBR searhengine from the Brazilian Web in 2003. The inverted index for the whole olletion ou-pies roughly 12 gigabytes. The query set used in our tests is omposed of 100 thousandqueries, extrated from a partial log of queries submitted to the TodoBR searh engine inSeptember 2003.The distribution of text terms in both douments and queries follows a Zipf's distri-bution [9, 10℄. Figure 4.1 shows the normalized frequeny of text terms in douments andthe normalized frequeny of text terms in queries. The x-axis shows the resulting rank ofeah text term when these are sorted by dereasing order of ourrene in douments or inqueries. Therefore, the frequeny in douments (or in queries) that are expeted for the xmost frequent term is given by
f(x) = O(x−α), α > 0. (4.1)Fitting a straight line to the log-plot of the data presented in Figure 4.1, we an estimatethe value of the parameter α that is equal to the slope of the line. Our data shows thatthis value is 0.93 and 0.80 for the distribution of text terms in douments and in queries,respetively.
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Figure 4.1: Frequeny of text terms in douments and in queries.The query voabulary has 21, 552 terms and the text voabulary has 3, 541, 678 terms.Common terms between both olletions are 17, 468. Figure 4.2 shows the normalized fre-queny of text terms in the doument olletion as a funtion of the normalized frequenyof text terms in the query olletion, thus onsidering only the 17, 468 ommon terms be-tween both distributions. Comparing the normalized frequeny of text terms in doumentsand in queries, we observe that�even if dealing with rare query terms�it is likely thatquery terms are mentioned in a large number of douments. This is important beausethis indiates that suh a query set onsistently generates a signi�ant query proessingload in our system.In fat, there are some very rare terms in our olletion, thus leading to small invertedlists. As a onsequene, when we partition the olletion among the index servers, someof them may not store any portion of the inverted lists related to rare terms. In the aseof queries onerning suh rare terms, the imbalane is alulated as the ratio between themaximum servie time and average servie time of index servers that have inverted lists forthe query terms and e�etively partiipate in the parallel query proessing. The numberof unpartiipating index servers tends to inrease with the total number of servers. In ourtest olletion, this ase ours in only 2% of our queries and does not signi�antly impatthe overall performane.
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Normalized frequency of terms in queriesFigure 4.2: Relationship between the frequeny of terms in douments and in queries.
It is important to investigate if there is a uniform distribution of doument partitionsamong index servers, beause otherwise this would be an expeted soure of imbalane.Consider our luster with 7 index servers (detailed in Setion 4.3.1), suh that doumentsare randomly distributed in 7 subolletions. Table 4.1 shows the oe�ient of orrelationbetween the normalized frequeny of text terms in the subolletions of douments and thenormalized frequeny of text terms in the query olletion. We observe that the orrelationpattern between the doument olletion and query remains virtually unhanged afterthe partition of the whole olletion among the index servers. This indiates that datadistribution in our experiments seems unlikely to be a signi�ant soure of imbalane inthe servie time of parallel query proessing.Figure 4.3 shows the PMF of the sizes of queries in our query log. The size of a queryis given by the sum of the sizes of the inverted lists related to its terms. It is interesting topoint out that the distribution of servie times of unrelated queries with respet to theirsize and their frequeny in the olletion (Figure 4.9) follows the same kind of distributionof sizes of queries.



4.3. CHARACTERIZING IMBALANCE 35Table 4.1: Correlation between the frequeny of text terms in queries and in subolletions.Subolletion Coe�ient of orrelation
1 0.309722

2 0.309536

3 0.309643

4 0.309901

5 0.309465

6 0.309528

7 0.309692Whole olletion 0.309645
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Query size (megabytes)Figure 4.3: PMF of the sizes of queries.4.3 Charaterizing ImbalaneWe de�ne the imbalane of a given query as the ratio between the maximum servie timeand average servie time of index servers partiipating in the parallel proessing for thispartiular query. The servie time is de�ned as the time for reeiving servie at an indexserver, whih does not inlude the waiting time in queue. This imbalane metri equals 1



36 CHAPTER 4. ANALYZING IMBALANCE AMONG HOMOGENEOUS INDEX SERVERSin a perfetly balaned senario that yields the maximum servie time exatly mathingthe average servie time. As the imbalane metri progressively gets higher than 1, thereis a stronger indiation that the query response time is dominated by a muh larger servietime of a single index server.In Setion 4.3.1, we desribe our experimental setup, inluding the homogeneous lusterof index servers and the uniform distributions of sizes of inverted lists aross index servers.Based on this experimental study, we verify the presene of a signi�ant level of imbalanein servie time among the servers in despite of the olletion being uniformly distributedamong these same servers. Moreover, we identify and analyze the main soures for thisimbalane: the use of disk ahe in Setion 4.3.2, and the size of main memory and thenumber of index servers in the luster in Setion 4.3.3.4.3.1 Experimental SetupFor the experiments reported in this hapter, we use a luster of 7 homogeneous indexservers. In our setup, eah index server is a Pentium IV with a 2.4 gigahertz proessor,
1 gigabytes of main memory and a ATA IDE disk of 120 gigabytes. The broker is anATHLON XP with a 2.2 gigahertz proessor and 1 gigabytes of main memory. The lientmahine, responsible for managing the stream of user queries, is an AMD-K6-2 with a
500 megahertz proessor and 256 megabytes of main memory. All of them run the DebianLinux operating system kernel version 2.6. Index servers and broker are onneted by a
100 megabits/seond high-speed network.The doument olletion used in our experiments is relatively small ompared to theenormous olletions handled by modern searh engines. In order to overome this limi-tation and establish a senario to ondut our experiments where the absene of enoughapaity for disk ahe may happen, we maintain a bounded ratio between the size of thesubolletions and the size of the main memory at eah index server by limiting the latterto 200 megabytes, unless otherwise stated.In our experiments, we adopt the standard vetor spae model to rank the doumentsretrieved from the index servers (see Setion 2.1.3). Combined to the text-based rankingperformed by the vetor spae model, a link-based ranking might be used to improvethe relevane evaluation of retrieved douments, i.e., the douments resulting from theintersetion of inverted lists related to the query terms. Sine link information for eahdoument is pre-omputed o�ine, its usage an be fully arried out using main memory,thus not generating imbalane in query servie times among homogeneous index servers,



4.3. CHARACTERIZING IMBALANCE 37beause the main soures of imbalane are related to disk operations, as further detailed inSetions 4.3.2 and 4.3.3. Also, we evaluate the full inverted lists (see Setion 2.1.4). Modernsearh engines that deal with huge doument olletions perform a partial evaluation ofinverted lists instead of a full one. If we adopt partial evaluation of inverted lists�meaningshorter inverted lists�imbalane in query servie times among homogeneous index serverswould be expeted to be smaller. Nevertheless, partial evaluation of a huge doumentolletion may ause a similar load as the one in our full evaluation ase.To avoid imbalane among index servers, we opt for balaning the distributions of thesizes of the inverted lists that ompose the loal inverted indexes. To ahieve this we simplyassign eah doument to an index server randomly. A random distribution of doumentsamong index servers works well beause it naturally spreads douments of various sizesaross the luster. As a result, the distributions of doument sizes in the index serversbeome similar in shape, thus leading to inverted lists whose size distributions are alsosimilar. Our motivation is to balane the storage spae utilization at the di�erent indexservers and, as a onsequene, redue imbalane in servie time at the servers [5,7,8℄, thusminimizing the e�ets of this possible soure of imbalane.Figure 4.4 illustrates the probability mass funtion (PMF)1 of the size of the invertedlists that ompose the 7 loal inverted indexes in our luster with 7 index servers (detailedin Setion 4.3.1). We observe that the distribution of storage use is very similar in shapethroughout the di�erent index servers (atually, they overlap eah other in Figure 4.4),indiating that the random assignment of douments to servers works �ne to balanestorage use among servers.Although the utilization of disk spae at index servers is balaned, as shown in Fig-ure 4.4, we investigate if this balaned storage use among the subolletions re�ets onbalaned loal servie times among index servers, or not. Figure 4.5 illustrates the distri-butions of average, maximum, and minimum loal servie times per query. These statistison servie time for a query are omputed from loal servie times of index servers that ef-fetively partiipate in the parallel query proessing in our luster. Interval bars representthe minimum and maximum servie times for eah query. To allow visual inspetion, wedisplay results for seleted queries at intervals of 2000 queries.As an outome of these experimental results, we verify in pratie a onsistent imbal-ane per query in the servie time at index servers, even though the distribution of sizes1For disrete random variables, suh as the size of inverted lists, we use a probability mass funtion(PMF). For ontinuous random variables desribed later, suh as the servie time of queries, we use aprobability density funtion (PDF).
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Figure 4.4: PMF of the sizes of inverted lists.
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QueryFigure 4.5: Distribution of loal servie times per query.of inverted lists at the various index servers are quite balaned. Motivated by this unex-peted result, whih ontradits the usual assumption of balaned servie times adopted



4.3. CHARACTERIZING IMBALANCE 39by theoretial models found in the literature, we ondut a omprehensive experimentalanalysis to investigate the soures for the observed imbalane. As a onsequene, we iden-tify the main soures for imbalane: the use of disk ahe, the size of main memory in thehomogeneous index servers, and the number of servers in the luster. We analyze the �rstsoure of imbalane in Setion 4.3.2 and the other ones in Setion 4.3.3.4.3.2 In�uene of Disk CaheWe identify the use of disk ahe at the di�erent index servers as the major soure ofimbalane. To illustrate the onsequenes of this e�et on query performane, we refer toa sample query proessing observed in our real experiments, where we onsider our lusterwith 7 index servers and a user query q with the following servie times (in milliseonds)at servers: 31.83, 26.41, 30.12, 24.43, 5.27, 35.09, 28.18. For the same sample, the diskaess times (in milliseonds) at index servers is: 27.62, 22.18, 25.67, 20.25, 1.01, 30.87,
23.94, and the number of bytes retrieved from disk by the servers is: 374, 128, 375, 920,
378, 328, 375, 712, 374, 376, 373, 864, 373, 352. Even though index servers read from thedisk a similar amount of data, the servie time of server 5 is muh smaller than the others(1.01 milliseonds). A possible explanation for this relatively small disk aess time is thatinverted lists were found in the disk ahe of the operating system, thus aelerating diskI/O at this partiular index server in omparison with the disk aess time observed at theother servers.Figure 4.6 shows the PDF of loal disk aess times in our luster. Note that thedistributions of disk aess time in the distint index servers overlap eah other, indiatingthat the behavior of disk aess throughout the servers is very similar. We observe thatthe disk aess times at all index servers are basially grouped in two main regions: the�rst region is related to disk aess times less than 4.5 milliseonds and the seond regionto disk aess times greater than 4.5 milliseonds. We attribute the �rst region of smallerloal disk aess times to queries whose inverted lists are found in the disk ahe (referredto as ahe region), and the seond region of larger disk aess times to queries whoselists had to be atually retrieved from disk (referred to as disk region). It is interestingto observe that the boundary between these two regions (ahe region and disk region)and the peak in the disk region atually orrespond to two tehnial spei�ations of theadopted storage devies: the average rotational lateny (4.5 milliseonds) and the laterplus the average seek lateny (13.5 milliseonds). Seek lateny is the time taken to movedisk heads to the right trak and rotational lateny refers to the waiting time until theright setor is under the read/write head.
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Figure 4.6: PDF of loal disk aess times.Note that the disk aess an be some orders of magnitude faster if the index server�nds the needed data in the ahe region, thus avoiding the muh slower atual aess tothe disk. For a given query q, if the loal disk aess time at a single index server is inthe disk region and the loal disk aess times at the other servers are in the ahe region,then the imbalane of query q might be severe.Indeed, we verify that imbalane in servie times among index servers inreases withthe number of servers operating in the ahe region, as shown in Figure 4.7. The pointsin Figure 4.7 show the imbalane for eah query and the line shows the average imbalaneover queries as a funtion of the number of index servers operating in the ahe region.This value is of ourse omplementary to the number of index servers operating in thedisk region. For example, for a partiular query being proessed in our luster of 7 indexservers, if Figure 4.7 shows that 2 of them operate in the ahe region, then neessarily theother 5 are in disk region, diretly in�uening the imbalane magnitude.To better understand how disk ahe diretly impats imbalane, it is important to takea areful look at the average imbalane in Figure 4.7 for some representative senarios: noahe, the worst ase, and the best ase. In the no ahe senario (i.e., 0 in the x-axis ofFigure 4.7), all index servers atually aess the disk to retrieve the needed data, obtainingthe lowest imbalane (1.38) among the ases where there is at least one server operating in
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42 CHAPTER 4. ANALYZING IMBALANCE AMONG HOMOGENEOUS INDEX SERVERSWe further analyze the relationship between the size of queries and the frequeny ofqueries in the olletion, investigating if there are any links to the use of disk ahe. Aspreviously explained, the size of a query is given by the sum of the sizes of the invertedlists related to its terms. Therefore, we onsider separately the queries that �nd a ertainlevel of relation between the size of the inverted lists they demand and their frequenyin the olletion, and those that do not. To ahieve this, we alulate the relation as theratio between the query size and the query frequeny. If this ratio is greater than or equalto 0.25 and less than or equal to 4, then the size and the frequeny of the query are relatedby a fator of 4, whih we onsider as representing a reasonable level of relation betweenthem. Therefore, queries that fall into this riterion are onsidered related, otherwise theyare onsidered unrelated.In Figure 4.8, we plot the normalized size of queries as a funtion of the normalizedfrequeny of queries in the olletion, but we make a distintion between the related andthe unrelated queries. When we make this distintion, it is interesting to analyze sepa-rately three di�erent representative regions that show up in Figure 4.8: (i) Region 1 isharaterized by unrelated data where the size of queries is prevailing over the frequenyof queries; (ii) Region 2 ontains the related queries; and (iii) Region 3 is haraterized byan unrelated region where the frequeny of queries is prevailing over the size of queries.
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Figure 4.8: Comparing query frequeny and query size.



4.3. CHARACTERIZING IMBALANCE 43Figure 4.9 ompares the servie time for related and unrelated queries with respet totheir size and their frequeny in the olletion. This omparison learly shows that the wellrelated queries (Region 2) have taken a better bene�t of disk ahe. This happens beausethey have the best tradeo� between the size of their inverted lists and their frequeny in theolletion. On the one hand, the largest inverted lists are demanded by the most frequentqueries, favoring disk ahing of these large inverted lists. On the other hand, rare queries,unlikely to �nd the inverted lists they need in the disk ahe, require the smallest invertedlists that do not demand large transfer times from the disk. For the unrelated data fromRegion 1, the frequeny of queries is proportionally smaller than the size of queries. Thisimplies that rare queries demand for large inverted lists, thus resulting in no use of diskahe and large transfer delays. The unrelated data from Region 3 fae the opposite: queryterms impose relatively small data volumes to be retrieved in the system, thus getting smallservie times either through small transfer delay or through the use of disk ahe. Althoughthese queries have small servie times they are not as numerous as the related ones or theunrelated ones in Region 1. Therefore, related queries prevail as a group in getting thesmallest servie time. Furthermore, to orroborate this analysis it is important to notiethat in Figure 4.9 the unrelated distribution mimis the size distribution (Figure 4.3) whilethe related one mimis the e�et of disk ahe (Figure 4.6).
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44 CHAPTER 4. ANALYZING IMBALANCE AMONG HOMOGENEOUS INDEX SERVERSThese results on the in�uene of disk ahe on imbalane also suggest that the morememory available for disk ahe at the index servers, the lower the imbalane, and thelarger the number of servers in the luster, the higher the imbalane, as we will disuss inthe following.4.3.3 In�uene of Main Memory Size and Number of Index ServersThe results from Setion 4.3.2 indiate that other soure of imbalane is the size of themain memory of index servers beause this a�ets the availability of data in the aheregion at servers and, as a onsequene, the imbalane. Therefore, we investigate in thissetion how the main memory size at the index servers atually in�uenes on the imbalanein parallel query proessing.Figure 4.10 shows the average imbalane as a funtion of the number of index serversin our luster, while varying the size of the main memory at eah server. We observethat the average imbalane in servie time of index servers inreases as the size of mainmemory dereases, as would be expeted. For the average imbalane shown in Figure 4.10,the best �tting we found was a logarithm growth of the number of index servers given by
O(log1.24(x)), O(log1.04(x)), O(log1.08(x)), O(log1.21(x)), O(log1.27(x)), for 200, 300, 400,
500, and 600 megabytes of main memory, respetively.
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Figure 4.10: Average imbalane as a funtion of the main memory size at index servers.



4.4. CONCLUDING REMARKS 45On the one hand, when the main memory size is relatively large as ompared to thesize of the loal index stored at the index servers, there is more memory apaity availablefor the operating system to perform disk ahe operations. This implies that loal diskaess times at all index servers fall into the ahe region for a high perentage of queriesin our olletion and this is exatly the best ase senario that produes the smallestimbalane (see Setion 4.3.2). On the other hand, onsidering a relatively small mainmemory available for disk ahe, index servers need to atually retrieve the inverted listsfrom the disk. In this senario, the queries are more suseptible to imbalane as some diskbloks might be found in the disk ahe of a few index servers and not be found in thedisk ahe of the remaining servers. We also point out that there is a diminishing returnin terms of imbalane while the RAM memory apaity inreases.The results presented in Setion 4.3.2 also indiates that another soure of imbalaneis the number of index servers in the luster, beause the probability to our varianeamong loal servie times inreases with the number of index servers partiipating inthe parallel query proessing. We observe in Figure 4.10 that, for a �xed size of mainmemory, the average imbalane in servie times of index servers inreases with the numberof index servers partiipating in the parallel query proessing. We have already disussedin Setion 4.3.2 that the average imbalane inreases with the number of index serversoperating in the ahe region, as shown in Figure 4.7. Therefore, this indiates that thelarger the number of index servers partiipating in the parallel query proessing, the higherthe probability of inreasing the ratio between the number of servers operating in the aheregion and those in the disk region. As a onsequene, this leads to larger imbalane inservie times per query in the luster.4.4 Conluding RemarksIn this hapter, we investigated and analyzed the imbalane among homogeneous indexservers in a luster for parallel query proessing. We veri�ed a onsistent imbalane perquery in the servie time at index servers, even though the distribution of sizes of invertedlists at the servers are quite balaned. Our results are derived from a omprehensiveexperimental analysis using an information retrieval testbed and real data obtained from areal-world searh engine. This is an important experimental result beause it sheds light onthe usual assumption of balaned servie times adopted by many theoretial models in theliterature to simplify their modeling task [20, 23, 44℄. Further, we have also identi�ed and



46 CHAPTER 4. ANALYZING IMBALANCE AMONG HOMOGENEOUS INDEX SERVERSfully analyzed the main soures for this unexpeted imbalane: the use of disk ahe, thesize of main memory in the homogeneous index servers, and the number of index serversin the luster.



Chapter 5A Capaity Planning Model for WebSearh EnginesIn this hapter, we propose a apaity planning model for Web searh engines. Setion 5.1introdues our model. Setion 5.2 haraterizes the query datasets used in our experimentalanalysis. Setion 5.3 desribes our apaity planning strategy for modernWeb searh enginearhitetures. Our onluding remarks follow in Setion 5.4.5.1 IntrodutionAlthough many performane models exist for apaity planning of di�erent systems [37℄,the availability in the literature of performane models for Web searh engines is ratherlimited. Caheda et al. [20℄ present a ase study of di�erent arhitetures for a distributedinformation retrieval system, in order to provide a guide to approximate the optimal ar-hiteture with a spei� set of resoures. Using a simulator based on an analytial modelfor query proessing, they analyze the e�etiveness of a distributed, repliated, and lus-tered arhiteture simulating a variable number of workstations. Chowdhury and Pass [23℄introdue an approah based on queueing theory for modeling and analyzing arhiteturesfor searh systems in terms of their operational requirements: throughput, response time,and utilization. Both the analytial model in [20℄ and the queueing model in [23℄ simplyassume balaned servie times among homogeneous index servers that proess an equalnumber of douments per query. However, even with a balaned distribution of the do-ument olletion among index servers, relations between the frequeny of a query in the47



48 CHAPTER 5. A CAPACITY PLANNING MODEL FOR WEB SEARCH ENGINESolletion and the size of its orresponding inverted lists lead to imbalanes in query servietimes at these same servers, beause these relations a�et disk ahe behavior.In this hapter, we propose a apaity planning model for Web searh engines thatonsiders the imbalane in query servie times among homogeneous index servers. Ourmodel, whih is based on a queueing network, is simple and reasonably aurate. To set upthe parameters of our model, we run experiments on a small luster of index servers thatwe have available. One the key parameters have been estimated, we an use our modelto very quikly gain insight into the behavior of the Web searh engine. To illustratethe appliability of our model in realisti senarios, we onsider a olletion of 20 billiondouments partitioned among 2, 000 index servers and analyze the impat of adoptingfaster CPUs and disks on the query system response time.Despite the use of stohasti modeling tehniques, our work has a strong experimentalnature. We rely on experimental measurements taken using an atual luster of indexservers to �ne tune the parameters in our model. Further, we verify the auray of themodel by omparing its preditions with experimental results also produed using theluster of index servers.Given the simpliity of our model, and its yet reasonable auray, we believe that itan be used suessfully to study the behavior of large and omplex modern searh enginesin a variety of senarios.5.2 Workload CharaterizationIn this setion, we haraterize the query arrival proess based on atual aess logs fromtypial Web searh engines. We analyze query datasets representing the query workload offour di�erent real-world Web searh engines: TodoBR [55℄, Radix [42℄, AllTheWeb [1℄, andAltavista [2℄. TodoBR and Radix fous on the Brazilian Web, whereas AllTheWeb andAltavista are worldwide searh engines. We remark that the urrent availability of querydatasets from modern operational searh engines is rather restrited beause suh data areusually onsidered sensitive to searh engine operators.We �rst haraterize the query olletion provided by eah onsidered dataset. Table 5.1presents the length of eah query dataset in di�erent dimensions suh as the number ofobserved days and the total number of registered queries. We also analyze how diversequeries are as well as how popular are the terms in queries found in eah dataset. Figure 5.1ompares the frequeny of unique queries and the frequeny of unique terms in queries



5.2. WORKLOAD CHARACTERIZATION 49throughout the four datasets. We verify that�although the query datasets over di�erenttime periods, query loads, users, and languages�the distribution of queries and of termsin queries throughout the datasets are quite similar and follow a Zipf's distribution [9,10℄.Fitting a straight line to the log-plot of the data presented in Figure 5.1, we an estimatethe value of the parameter α that is equal to the slope of the line. For the distributionof queries, the values of the parameter α of the Zipf's distribution are 0.82, 0.89, 0.75,and 0.74 for the TodoBr, Radix, AllTheWeb, and Altavista datasets, respetively. For thedistribution of terms in queries, the values of the parameter α of the Zipf's distributionare 0.98, 1.09, 0.90, and 0.88 for the TodoBr, Radix, AllTheWeb, and Altavista datasets,respetively. Table 5.1: Length of the onsidered query datasets.TodoBR Radix AllTheWeb AltavistaDataset begins at Jan 01 2003 Jan 01 2003 Sep 01 2003 Sep 28 2001Dataset ends at Aug 31 2003 Aug 31 2003 Sep 21 2003 Ot 03 2001Number of days 243 243 21 6Number of queries 6,806,795 19,934,196 25,080,586 7,169,365Number of unique queries 1,552,735 2,830,854 6,902,160 2,096,598Number of unique terms 228,396 358,406 4,408,672 820,817Average number of queriesper day 28,012 82,034 1,194,314 1,194,893
Eah query omprises a ertain number of terms, thereby di�erent queries impose avarying proessing demand for doument retrieval on the searh engine olletions. Theperformane e�ets of this heterogeneous demand on the Web searh engine as a funtionof the number of terms in eah query are further investigated in Chapter 5. For queryharaterization purposes, as in this setion, we fous on the distribution of query lengthsthrough the onsidered query datasets. On one hand, the maximum number of termsper query we observe in eah dataset is 282 (TodoBR), 287 (Radix), 841 (AllTheWeb),171 (Altavista), basially from a few users that opied a whole text snippet into the querybox. On the other hand, however, the median query length is 1 for AllTheWeb, and 2 forTodoBR, Radix, and Altavista datasets, while the mean query length aross the datasetsis 2.02 (TodoBR), 1.91 (Radix), 1.70 (AllTheWeb), and 2.22 (Altavista). These results
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(b) Frequeny of terms in queriesFigure 5.1: Frequeny of unique queries and unique terms in queries.suggest a signi�ant trend towards queries omposed of just one to a few terms. We thusde�ne two lasses to investigate the performane e�ets of queries with di�erent lengths,namely lass small (queries with at most 2 terms) and lass large (queries with more than
2 terms). Table 5.2 shows the distribution of queries in the observed datasets onto eah



5.2. WORKLOAD CHARACTERIZATION 51de�ned lass. The presented results on�rm the prevalene of very short queries�i.e.,queries ontaining two or fewer terms�for all datasets.Table 5.2: Query lass distribution.Class TodoBR Radix AllTheWeb Altavistasmall 0.73 0.78 0.84 0.68large 0.27 0.22 0.16 0.32A periodi behavior on the query workload is onsistently observed in the four onsid-ered query datasets. Figure 5.2 presents the query workloads measured in terms of thenumber of queries within 60-minute bins over the whole duration of eah dataset. Figure 5.3shows the mean query workload over all weeks. The query workload learly presents dailyload variations. In partiular, working days present similar loads among them that aredi�erent from those observed on weekend days.Table 5.3 shows the mean query arrival rate (in queries per seond) over all weeks forall queries and queries in eah lass for all datasets. AllTheWeb and Altavista datasetspresent a heavier query load than TodoBR and Radix. This is an expeted result sine theformer are worldwide searh engines and the latter regional ones.In spite of the number of available query datasets being rather limited, it is even harderto obtain datasets for the olletion of douments used by Web searh engines to generatean answer page for eah reeived query. This is so beause the set of olleted doumentsis seen as strategi and proprietary information by the major Web searh operators. Inontrast, having aess to the doument olletion is fundamental for analyzing the per-formane of a Web searh engine in fae of a given query workload using real experimentsas we do in Chapter 5. Although we have aess to four di�erent query datasets, we onlyhave aess to the doument olletion of one of them, namely TodoBR. This would besomewhat onstraining for the performane analysis beause this Web searh engine is rel-atively light-loaded in terms of query arrival rates as ompared to other worldwide ones(e.g., AllTheWeb and Altavista).The solution we adopt is to apply a folding proedure on the TodoBR dataset to boostits query arrival rate. Therefore, we fold the TodoBR dataset by merging all queries of eahday of a week using data from the entire dataset, while still keeping the original hara-teristis of workload aspets with key impat on system performane, suh as distributionof queries, distribution of terms in queries, distribution of the number of terms in queries,
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Time (60-minute bins)(d) AltavistaFigure 5.2: Query load variation through the onsidered datasets.and distribution of the interarrival times of queries haraterized later. Figure 5.4 presentsthe daily load variation in the resulting folded TodoBR dataset. We highlight that thefolded TodoBR dataset ahieves query arrival rates similar to those observed in the moreheavy-loaded Web searh engines we study. This an be observed as we ompare the resultsfrom Table 5.4 (for the query arrival rate of the folded TodoBR dataset) with the resultspresented in Table 5.3 for AllTheWeb and Altavista query datasets, and the results fromFigure 5.4 (for the daily load variation in the folded TodoBR dataset) with the resultspresented in Figures 5.3() and 5.3(d) for the AllTheWeb and Altavista datasets, respe-tively. Through this folding proedure we are able to analyze and model the performaneof a Web searh engine in Chapter 5 based on the handling of this folded query dataset bya luster of index servers with the orresponding doument olletion of the same searhengine.
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Time (60-minute bins)(d) AltavistaFigure 5.3: Mean number of queries over time (modulo one week) for the onsidereddatasets.We also haraterize the interarrival proess of the folded version of the TodoBRdataset, whih is used as input stream in the analysis and modeling further desribedin Chapter 5. We evaluate the �tting provided by a diverse set of well-known distributionsto the interarrival time distribution observed per query lass in several high-load hours withstable arrival rate of the folded TodoBR dataset. For all time periods analyzed, we ver-ify that the Exponential distribution�although not providing the best-�t of all�presentsa fairly reasonable �tting (for both small and large lasses of queries) ompared to theGamma and Weibull distributions, whereas the Lognormal and Pareto distributions fail tomodel the observed data by far. Table 5.5 presents the sum of the squares of the di�erenesbetween the observed interarrival time distribution per query lass in a high-load hour andthe best-�t provided by eah of these well-known distributions.



54 CHAPTER 5. A CAPACITY PLANNING MODEL FOR WEB SEARCH ENGINESTable 5.3: Query arrival rate (queries/seond).TodoBR RadixDay All Class small Class large Day All Class small Class largeSun 0.48 0.36 0.12 Sun 1.88 1.46 0.42Mon 0.69 0.51 0.18 Mon 1.36 1.06 0.30Tue 0.70 0.51 0.19 Tue 1.45 1.13 0.32Wed 0.67 0.49 0.18 Wed 1.40 1.09 0.31Thu 0.70 0.53 0.17 Thu 1.40 1.11 0.29Fri 0.61 0.42 0.19 Fri 1.33 1.05 0.28Sat 0.47 0.33 0.14 Sat 1.80 1.40 0.40AllTheWeb AltavistaDay All Class small Class large Day All Class small Class largeSun 15.24 13.10 2.14 Sun 21.16 14.55 6.61Mon 19.68 16.53 3.15 Mon 29.64 20.77 8.87Tue 21.16 17.72 3.44 Tue 29.36 20.15 9.21Wed 19.46 16.36 3.10 Wed 27.54 19.05 8.49Thu 19.19 16.17 3.02 Thu � � �Fri 18.99 16.07 2.92 Fri 13.61 9.32 4.29Sat 14.78 12.66 2.12 Sat 18.97 13.03 5.94
For the sake of simpliity in modeling, we hoose to proeed based on the assumption ofan exponential interarrival proess for queries. We point out that this deision is based onthe fat that the Exponential distribution is muh simpler to model than the other ones andthat our results demonstrate that the Exponential distribution approximates the observedinterarrival proess of queries within quite aeptable bounds. In order to illustrate howlose the �tting provided by the Exponential distribution is to the observed interarrivaltime distribution for the two lasses of queries, we show the exponential �tting of queryinterarrival times in a high-load hour of the folded TodoBR dataset in Figure 5.5.
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Time (60-minute bins)Figure 5.4: Daily load variation in the folded TodoBR log.Table 5.4: Query arrival rate in the folded TodoBR log (queries/seond).Day All Class small Class largeSun 16.27 12.08 4.19Mon 23.58 17.42 6.16Tue 23.79 17.30 6.49Wed 22.77 16.67 6.10Thu 23.80 18.03 5.77Fri 20.77 14.21 6.56Sat 16.05 11.20 4.855.3 Capaity Planning for Searh EnginesThis setion desribes our apaity planning strategy for modern Web searh engine ar-hitetures, desribed in Setion 2.1. Our apaity planning strategy relies on a queueing-based analytial model to estimate the average query system response time. Its design wasdriven by the empirial observation that a tool to be useful to Web engineers should beeasy to on�gure and to apply in pratial senarios. Thus, model simpliity is of utmost
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(b) Class largeFigure 5.5: Distribution of interarrival times per query lass.importane, even if it omes at the ost of a reasonable ompromise in model auray. Asit will be shown, our model is simple, relies on easy-to-ollet data, and still has reasonableauray.



5.3. CAPACITY PLANNING FOR SEARCH ENGINES 57Table 5.5: Sum of the squares of the di�erenes between the measured and �tted distribu-tion of interarrival times per query lass.Distribution Class small Class largeExponential 0.003703 0.003777Gamma 0.004901 0.001215Weibull 0.002582 0.000874Lognormal 0.382970 0.958472Pareto 5.062961 9.8617885.3.1 Performane Model OverviewThe Web searh engine is represented by the queueing network desribed in Figure 5.6. Wemodel the system as an open queueing network omposed of the broker and the subsystemof index servers. We assume the index servers have homogeneous resoures (as would be thease in several real senarios) and that the olletion of douments is uniformly distributedover all servers. Thus, the load is assumed to be balaned aross all index servers. Finally,the network onneting index servers and broker is typially a high-speed network and,as observed in our experiments, introdues negligible delays to the query system responsetime. Therefore, it is not expliitly represented in our model.In our Web searh model, the subsystem omposed of all index servers is modeled as afork-join queueing network [37℄. In a fork-join queueing network, eah arriving task (i.e.,query) is split (i.e., fork) into p idential sub-tasks. Eah sub-task is sent to a di�erent indexserver. The queueing disipline at eah index server is FCFS (First-Come First-Served).When a sub-task �nishes exeution, it will wait until all the other sub-tasks �nish (i.e., join).Only at this moment the task ompletes exeution and leaves the network. This behaviormimis the parallelism in proessing queries by the index servers and the synhronizationintrodued at the broker for ombining partial results. Mean Value Analysis (MVA) [43℄o�ers an e�ient solution for produt-form queueing networks. In partiular, MVA anbe used to produe performane estimates for eah individual index server. However, thefork-join feature violates the assumptions required by the exat MVA solution. Thus, weuse approximate MVA and bounding tehniques [37℄ (see Setions 2.2.1 and 2.2.2) to solvethe omplete Web searh model.As indiated in Setion 5.2, typial queries may have heterogeneous demands for dif-ferent resoures of the index servers depending on the number of terms they ontain.
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1 − hitFigure 5.6: Queueing network for a Web searh engine.Moreover, reall that in order to proess a query, an index server needs to retrieve theinverted lists related to the query terms from disk. Thus, query servie time at the indexserver is dominated by disk time and, possibly, CPU time. However, due to the loality ofreferene in the terms of queries that reah the searh engine, an index server might �ndsome or all the inverted lists in the disk ahe (in memory). Thus, some queries may notretrieve any data from disk. In fat, during our validation experiments (see Setion 5.3.2),we found a non-negligible number of suh queries in all lasses of our workloads.In order to apture the impat of query heterogeneous resoure demands, we re�ne ourindex server model as follows. First, we separately model two query lasses (as de�ned inSetion 5.2), namely lass small (queries with at most 2 terms) and lass large (querieswith more than 2 terms). Seond, we separately model the average demands for CPU anddisk, as well as the probability of full disk ahe hit (i.e., all inverted lists are found inthe disk ahe) at an index server for eah query lass. Queries of lass large have largerdemands for CPU and disk of an index server than queries of lass small, while queries oflass small have higher probabilities of full disk ahe hit at an index server than queriesin lass lass large. Note that the impat of partial disk ahe hits is indiretly aptured



5.3. CAPACITY PLANNING FOR SEARCH ENGINES 59by the CPU and disk demands of eah lass. We further assume that queries may havedi�erent CPU demands depending on whether they retrieve any data from the disk. Giventhat queries are proessed sequentially by eah index server (see Setion 2.1), there is noqueueing at any resoure (CPU nor disk) of an index server.Finally, the query residene time at the broker onsists of loal proessing for broad-asting the query to all index servers, reeiving partial results from all servers, and mergingthe reeived partial results, whih depends on the number of servers in the luster. We re-mark that the average query residene time at the broker is relatively low ompared to theaverage query system response time. Indeed, for our experiments with varied parameters,the average query residene time at the broker is negligible, reahing at most 0.01% of theaverage query system response time. There are two fundamental reasons for this. First,broker's operation is fully arried out using main memory, thus demanding only CPU timeas opposed to an index server's operation that is omposed of CPU and disk demands.Seond, all the tasks the broker exeutes are relatively simple tasks that do not take muhCPU time. It should be noted that the broker does not have to make ranking omputa-tions and does not have to exeute algebrai operations, other than omparing doumentidenti�ers. Table 5.6 presents the system and workload input parameters as well as theoutput parameters of our model. The average residene time of a query at a resoure isde�ned as the sum of the average waiting time in queue and the average servie time (i.e.,the average time for reeiving servie at the resoure).5.3.2 Model SolutionThis setion desribes our solution to estimate the average query system response time of aWeb searh engine, modeled as shown in Figure 5.6. Reall that our main design goals aresimpliity and reasonable auray. Moreover, we are partiularly interested in solutionsthat deliver a good tradeo� for heavy load senarios, when the searh engine is approahingsaturation (i.e., server utilization lose to 100%).Index Server ModelThis setion derives the average query residene time at one index server. Consideringthat queries are proessed one at a time by eah index server (see Setion 2.1), there is noqueueing at any resoure (CPU nor disk) of an index server. Thus, we introdue here an



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

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

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

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

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

hitr Probability of a lass r query �nding all inverted lists in the disk aheOutputs Desription
Rsystem Average query system response time
Rcluster Average query residene time at the index server subsystem
Rbroker

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

r Average residene time for lass r queries at an index server
Sserver Average query servie time at an index server
Sserver

r Average servie time for lass r queries at an index server
Userver Total resoure utilization of an index serverabstration for the index server as a single servie enter, whose average servie time of alass r query (i.e., the average time required to proess it) is given by:

Sserver
r = hitrD

server
cpuhit,r

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

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

R
∑

r=1

λr

λ
Sserver

r (5.2)



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

Userver =
R

∑

r=1

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

Rserver
r =

Sserver
r

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

Rserver =
R

∑

r=1

λr

λ
Rserver

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

p =
Sbroker

p

1− λSbroker
p

(5.6)Reall that the index server subsystem (i.e., luster of index servers) is modeled asa fork-join network. There is no known losed-form solution for fork-join networks withmore than 2 queues. Hene, the performane metris of suh networks must be omputedusing approximation and bounding tehniques. An easy lower-bound on the average queryresidene time in the fork-join subsystem is obtained by ignoring the synhronization delaysand onsidering the average query residene time in the fork-join subsystem equals to theaverage query residene time at an index server (see Equation 5.5). However, as the numberof index servers inreases, we expet a signi�ant deviation from this lower-bound due tothe synhronization overhead.A number of approximations for queueing models with fork-join synhronization, withvarious degrees of omplexity and auray, are available in the literature (see [3, 22, 25,34,40,54,57�60,64℄ and referenes within). Nelson and Tantawi [40℄ propose a very simple



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

2
+ 1

3
+· · ·+ 1

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

Rcluster ≤ Hp

Sserver

1− Userver
(5.7)As will be shown in the next setion, we found this upper-bound�although quitesimple�to yield reasonably aurate estimates of the average query residene time at theindex server subsystem. Combining equations 5.5, 5.6 and 5.7, we obtain the followingbounds on the average query system response time for our Web searh engine:

Rserver + Rbroker
p ≤ Rsystem ≤ Hp

Sserver

1− Userver
+ Rbroker

p (5.8)Model ValidationA series of validation experiments were exeuted in dediated environment onsisting ofa luster of 8 homogeneous index servers and a single broker. Eah index server runson a 2.4 gigahertz Pentium IV proessor with 256 megabytes of main memory and a
120 gigabytes ATA IDE hard disk. The broker is an ATHLON XP with a 2.2 gigahertzproessor and 1 gigabytes of main memory. All of them run the Debian Linux operatingsystem kernel version 2.6. Index servers and broker are onneted by a 100 megabits/seondhigh-speed network.We used a test olletion omposed of roughly 10 million Web pages olleted by theTodoBR searh engine from the Brazilian Web in 2003. The olletion was uniformlydistributed over the 8 index servers, resulting in a loal subolletion of size b = 1.25 millionpages. The query dataset used in our tests is omposed of 85, 604 queries in a high-load hourof the folded TodoBR dataset whih, as disussed in Setion 5.2, has tra� harateristisommonly found in other searh engine workloads in the world.The values of the model input parameters were easily obtained by retrieving statistisolleted by the Linux operating system and made available at the /proc pseudo-�lesystem,during the experiment. We olleted the value of eah parameter for eah query in ourtest dataset, averaging the results for eah lass at the end of the experiment. CPU anddisk demands for a query are olleted from the /proc/stat pseudo-�le. To estimate thefration of queries that found all inverted lists in the disk ahe (hitr), we monitored the



5.3. CAPACITY PLANNING FOR SEARCH ENGINES 63total number of setors suessfully retrieved from disk by eah query from eah lass,available in the I/O statisti �eld of the /proc/diskstats pseudo-�le. Table 5.7 presentsthe model input parameter values obtained in our experiments. The index server resouredemands and hit probabilities are averages for all servers.Table 5.7: Model input parameter values.Parameter ValueClass small Class large
p (≤) 8 servers
b 1.25 million pages
Sbroker

p , p = 2 0.33 ms
Sbroker

p , p = 4 0.39 ms
Sbroker

p , p = 8 0.52 ms
Dserver

cpuhit,r
8.72 ms 12.92 ms

Dserver
cpumiss,r 6.36 ms 18.71 ms

Dserver
disk,r 19.47 ms 46.12 ms

hitr 0.20 0.11

λr/λ 0.73 0.27Figure 5.7 shows the average query residene time at an index server, averaged overall index servers, as a funtion of the total query arrival rate. The �estimated" urverepresents the results obtained with Equation 5.5, whereas the �measured" urve ontainsthe average query residene times measured in all 8 index servers. As shown, our modelaptures reasonably well the average performane of a typial index server. For an arrivalrate of 28 queries/seond, the average utilization of the disk, the bottlenek resoure atthe index servers, is already almost 75%, and the estimated aggregated utilization of theindex server resoures (Userver) approahes 91%. Thus, the index server is approahingsaturation. For this load, the error introdued by our model is only 25%, reasonably smallfor response time estimates [37℄.We now turn to the validation of the average query system response time. Figures 5.8and 5.9 show experimental results as well as the lower and upper-bounds on the averagequery system response time, estimated via Equation 5.8, as funtions of the arrival rateand of the number of index servers, respetively. In Figure 5.9, in order to make a fair
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Figure 5.7: Average query residene time at an index server as a funtion of the queryarrival rate (p = 8).
omparison, we kept the size of the subolletion b �xed (i.e., 1.25 million pages per indexserver), varying only the total number of servers p and, indiretly, the size of the totalolletion n = pb.As the �gures show, the lower-bound on the average query system response time is agood approximation for systems with a small number of index servers and/or light loadedservers. However, as either the load or the number of index servers inrease, the measuredaverage query system response time deviates signi�antly from the lower-bound due to thesynhronization overhead. This ontrast with previous work that disregards imbalane inquery servie times among homogeneous index servers. In fat, we see that the measuredaverage query system response time approahes the upper-bound for large number of in-dex servers and heavy loads. In partiular, for p = 8 index servers and an arrival rate
λ = 28 queries/seond, the approximation error is only 7%. Therefore, the upper-boundprovides a simple-to-ompute and yet reasonably aurate approximation of the averagequery system response time of realisti, typially heavy-loaded, Web searh engines.
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Figure 5.8: Average query system response time as a funtion of the query arrival rate(p = 8).
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Figure 5.9: Average query system response time as a funtion of the number of indexservers p (λ = 28 queries/seond).



66 CHAPTER 5. A CAPACITY PLANNING MODEL FOR WEB SEARCH ENGINES5.3.3 An Example of Model AppliabilityIn this setion, we disuss how to use our model for the apaity planning of large saleWeb searh engines. This is important beause the number of index servers in a real lusteris usually large and maintaining large lusters operational is quite expensive. Furthermore,our model is easy to use and depends only on information that is usually available in bothWeb searh logs and standard operating systems.We onsider �what if� questions, onerning future senarios for a Web searh engine.We assume a olletion of 20 billion pages, whih is the size of the indexes for Googleand Yahoo that has been made publi [24℄. We also assume that eah index server storesa subolletion of size b = 10 million pages�the largest olletion we have available forexperimentation, whih requires 2, 000 index servers to host the whole olletion. To obtainthe parameters of the index server model, we exeuted experiments in a single index serverthat runs on a 2.4 gigahertz Pentium IV proessor with 1 gigabytes of main memory and a
120 gigabytes ATA IDE hard disk. We used a test olletion omposed of roughly 10 millionWeb pages olleted by the TodoBR searh engine from the Brazilian Web in 2003. Basedon these experiments, we determine parameter values for the index server model, suh asthe average demands for CPU and disk, and the probability of full disk ahe hit at anindex server for eah query lass. To obtain the average query servie time at the broker asa funtion of 2, 000 index servers (Sbroker

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

p (p = 2, 4, 8) estimated during our validation experiments (see Table 5.7). We founda rather aurate �tting given by Sbroker
p = 3.18e−5p + 0.000265, whih we used to derive

Sbroker
p = 15.96 milliseonds for p = 2, 000. Table 5.8 presents the new parameter valuesused in our example.One the model parameters are omputed, one an apply the model to derive the per-formane metris of interest. Consider that the manager of the Web searh engine wantsto guarantee that the average query system response time will not exeed 300 millise-onds. Also onsider that the manager has the goal of supporting a query arrival rate of

1, 000 queries/seond. Using the model with the parameters desribed in Table 5.8, wealulate the upper-bound on the average query system response time as a funtion ofthe query arrival rate. Figure 5.10 shows the upper-bound on the average query systemresponse time as a funtion of the query arrival rate. The �baseline� urve representsthe results derived by the model with the experimentally estimated parameters (see Ta-ble 5.8). The results for the baseline urve indiate that, even at low rates, the responsetime upper-bound exeeds the threshold de�ned by the management of the Web searh



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

p 15.96 ms
Dserver

cpuhit,r
27.13 ms 72.33 ms

Dserver
cpumiss,r 28.44 ms 92.24 ms

Dserver
disk,r 41.78 ms 111.39 ms

hitr 0.30 0.18

λr/λ 0.73 0.27

engine. It is interesting to note that the average query residene 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/seond, and only 1.87% at an arrival rate of 10 queries/seond when the systemis approahing the point of saturation. Therefore, the average query residene time at thebroker in the baseline system is negligible for high query loads.We want to evaluate what kind of optimization in the resoures of mahines might yielda redution in the average query system response time to less than 300 milliseonds. Forthis, we onsider three senarios. Also in Figure 5.10, the urves labeled �disks 4x�, �CPUs4x�, and �CPUs/disks 4x� represent the upper-bound on the average query system responsetime for the senarios where disks are four times faster, CPUs are four times faster, andCPUs and disks are both four times faster, respetively. These are the three senariosanalyzed in the following.Senario 1 - Disks are four times faster.In the �rst senario, we want to evaluate the impat on query system response time ofdisks that are four times faster than those in use. This is re�eted in the model parameterby dividing the demands for disks by a fator of four. The solution of the model with thenew parameters yields the new average response time upper-bound. The results show thatthe upper-bound on the average query system response time dereases signi�antly, withgains that reah 7.49 times approximately over the baseline system when it is approah-



68 CHAPTER 5. A CAPACITY PLANNING MODEL FOR WEB SEARCH ENGINESing saturation (λ = 10 queries/seond). We also observe that the supported arrival rate(λ = 15 queries/seond) inreases 1.50 times approximately when ompared to the arrivalrate supported by the baseline system (λ = 10 queries/seond). Nevertheless, the upper-bound still exeeds the de�ned threshold even at light loads. We note that the averagequery residene time at the broker is 12.05% of the upper-bound on the average querysystem response time at an arrival rate of 1 query/seond, and 31.91% at an arrival rateof 15 queries/seond when the system is approahing the saturation point. Although itis relatively low ompared to the average query system response time, the average queryresidene time at the broker in this senario is not negligible for high query loads.Senario 2 - CPUs are four times faster.In the seond senario, we want to assess the impat on query system response time of CPUsthat are four times faster. For modeling the new CPUs, we divide the demands for CPUsby a fator of four. Using the model, we alulate the new average response time upper-bound. The results indiate that the on�guration with faster CPUs slightly outperformsthe on�guration with faster disks, with gains of 8.26 times approximately over the baselinesystem when it is approahing saturation (λ = 10 queries/seond). We also observe thatthe supported arrival rate (λ = 16 queries/seond) inreases 1.60 times approximately whenompared to the arrival rate supported by the baseline system (λ = 10 queries/seond).Nevertheless, the upper-bound still exeeds the de�ned threshold even at light loads (asin Senario 1). We point out that the average query residene 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/seond, and only 0.33% at an arrival rate of 16 queries/seond when the system isapproahing saturation. Therefore, the average query residene time at the broker in thissenario is negligible at any query load.Senario 3 - CPUs and disks are both four times faster.In the third senario, we want to verify the impat on query system response time ofCPUs and disks that are both four times faster. For modeling the new resoures, wedivide the demands for CPUs and disks by four. The solution of the model with thenew parameters yields the new average response time upper-bound. The results indi-ate that the average query system response time is less than 297 milliseonds at anarrival rate of 14 queries/seond, whih satis�es the servie level objetive for the Websearh engine of 300 milliseonds per query. The results also show a remarkable redutionin the upper-bound on the average query system response time, with gains that reah
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35.90 times approximately over the baseline system when it is approahing the saturationpoint (λ = 10 queries/seond). Further, we observe an expressive inrease in the sup-ported arrival rate (λ = 42 queries/seond), with gains that reah 4.20 times approximatelyover the baseline system (λ = 10 queries/seond). We note that the average query resi-dene time at the broker is 7.78% of the upper-bound on the average query system responsetime at an arrival rate of 1 query/seond, 6.91% at an arrival rate of 14 queries/seond,and only 0.90% at an arrival rate of 42 queries/seond when the system is approahingthe point of saturation. Therefore, the average query residene time at the broker in thissenario is negligible at high query loads (as in the baseline system).We still have to meet the objetive of supporting an arrival rate of 1, 000 queries/seond.For supporting a higher query arrival rate, the luster of index servers is usually repli-ated [14,18,45℄. Repliation involves relatively small overheads, and approximately lineargains in the query arrival rate supported an be expeted as a funtion of the number ofmirrored systems. The objetive of supporting an arrival rate of 1, 000 queries/seonds anbe ahieved by reating 72 replias of the luster of 2, 000 index servers, eah replia sup-porting an arrival rate of 14 queries/seond and guaranteeing a query system response timeof 297 milliseonds. Therefore, our model indiates that a luster omposed of 144, 000 in-dex servers (72 luster replias × 2, 000 index servers in a luster) would ahieve the desiredperformane. Some speulations suggest that large sale Web searh engines may indeedadopt lusters with several thousands of mahines, but, to the best of our knowledge, thereis no publily available data to bak up this information. If eah index server handlesa larger subolletion, the number of total servers in a luster ould be smaller. Thus,one must be autious before extrapolating our illustrative results to an arbitrary lusterof any Web searh engine. In this ase, for other doument olletions and mahines, theparameters of our model ould be estimated experimentally.This example shows how a reasonably aurate apaity planning model provides avery useful tool for the proper management of modern luster-based Web searh engines.Reall that our goal is to have a simple and reasonably aurate model that an answerthree important apaity planning questions stated in Setion 1.2. The �rst question isfully answered during our validation experiments (see Setion 5.3.2), while the seond andthird questions are not ompletely answered in this example beause the model preditionsare not validated experimentally.
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Figure 5.10: Upper-bound on the average query system response time as a funtion of thequery arrival rate derived in our example.5.4 Conluding RemarksIn this hapter, we proposed a apaity planning model for Web searh engines that on-siders the imbalane in query servie times among homogeneous index servers. Our model,whih relies on a queueing-based analytial model, is simple and yet reasonably aurate.To estimate the parameters of our model, we ran experiments on a small luster of indexservers. One the key parameters were estimated, we veri�ed the auray of our modelby omparing its preditions with the results measured empirially and found great on-ordane. Finally, we illustrated how to apply our model to predit query response timewhen adopting faster CPUs and disks than those in use. We onsidered a realisti senario,where a olletion of 20 billion douments is distributed over 2, 000 index servers. In ourexample, we showed that the manager of the searh engine an quikly reah preditionsfor upper-bounds on the average query system response time without having to run anylive experiments.Given the reasonable auray of the model in estimating average query system responsetime, and its simpliity to on�gure and to apply in pratial senarios, we believe that itis useful to predit the behavior of modern luster-based Web searh engines.



Chapter 6Conlusions and Future WorkIn this hapter, we summarize our main �ndings and present �nal onlusions in Setion 6.1.We also outline a number of diretions for future work in Setion 6.2.6.1 ConlusionsIn this thesis, we provided a performane framework for the design and analysis of theinfrastruture of Web searh engines. In this framework we (i) investigated and analyzedthe imbalane among homogeneous index servers in a luster for parallel query proessing;(ii) proposed a apaity planning model for Web searh engines; and (iii) haraterized thequery workload of four di�erent real-world Web searh engines.6.1.1 Analyzing Imbalane among Homogeneous Index ServersAs an outome of our analysis of the imbalane issue, we veri�ed that the idealized senario,that supposes balaned servie times as a onsequene of an uniform data distributionamong homogeneous index servers, is unlikely to be found in pratie. This is an importantontribution beause it sheds light on the usual assumption of balaned servie times takenby many theoretial models in the literature to simplify their modeling task [20,23,44℄. Our�ndings derive from a omprehensive experimental analysis using an information retrievaltestbed and real data obtained from a real-world searh engine. Besides verifying thepresene of a ertain level of imbalane among homogeneous index servers, we have alsoidenti�ed and haraterized the main soures for this unexpeted imbalane.71



72 CHAPTER 6. CONCLUSIONS AND FUTURE WORKThe key fator for imbalane is the use of disk ahe at the di�erent index servers.We veri�ed that imbalane for eah query inreases with the number of index servers thatretrieve the needed douments from the disk ahe. On the one hand, the worst asefor imbalane is ahieved when a single index server must atually aess the disk fordouments while all remaining servers are using the disk ahe for the same query. Theworst ase presents a muh higher average imbalane of 3.45�omputed as a ratio betweenthe maximum and the average servie time among index servers�beause in this ase asingle server has a servie time muh larger than the orresponding servie times at allthe remaining servers, thus resulting in a high imbalane. On the other hand, the bestase to avoid imbalane results in an average imbalane of 1.08. It is ahieved when allindex servers operate in the ahe region, thus leading to a relatively small and similardisk aess times throughout the luster of servers.Other identi�ed soure of imbalane is the size of the main memory of the homogeneousindex servers, whih a�ets the availability of resoures for disk ahe at servers. Weveri�ed that the average imbalane dereases as the size of main memory inreases, butthis happens with a diminishing return with an inrease in memory apaity. When themain memory size is relatively large as ompared to the size of the loal index stored atthe index servers, all servers retrieve data from their disk ahes for a high perentage ofqueries, whih is the best ase senario that produes the lowest imbalane. In ontrast,onsidering a relatively small main memory apaity available for disk ahe, for a givenquery some index servers might aess their disk ahes while the others might need toatually aess the disk, thus leading to a higher imbalane. In our luster with 7 indexservers, the average imbalane is 1.32 and 1.18 for 200 and 400 megabytes of main memoryat eah server, respetively.Another identi�ed soure of imbalane is the number of index servers in the luster.We veri�ed that, for a �xed size of main memory, the average imbalane in servie timesof index servers inreases with the number of servers in the luster. The reason is that thelarger the number of index servers partiipating in the parallel query proessing, the higherthe probability of some servers to operate in the ahe region and, as a onsequene, thehigher the imbalane in servie times of those servers. For 200 megabytes of main memory,the average imbalane is 1.09 and 1.32 in our luster with 2 and 7 index servers, respetively.Overall, the primary soure of imbalane per query is the heterogeneous use of disk aheamong the homogeneous index servers. Main memory size at index servers and the numberof servers are atually indiret soures of imbalane beause they ause heterogeneous useof disk ahe.



6.1. CONCLUSIONS 736.1.2 A Capaity Planning Model for Web Searh EnginesWe also proposed a apaity planning model for Web searh engines that onsiders theimbalane in query servie times among homogeneous index servers. Our model, basedon queueing theory, is simple and reasonably aurate. To �ne tune the model, we ranexperiments on a small luster of index servers. One tuned, we ompared the preditionsof our model with the results we measured empirially and found a high quality mathing.Even at the saturation point, the preditions of our model were reasonably aurate.Following, we illustrated how to apply our model to predit average query systemresponse time when adopting faster CPUs and disks than those in use. We onsidered arealisti senario, where a olletion of 20 billion douments is distributed over 2, 000 indexservers. In our example, we showed that the manager of the searh engine an quikly reahpreditions for upper-bounds on the average query system response time without havingto run any live experiments.Given the omplexity of maintaining large sale Web searh engines, and the simpliityand reasonable auray of our model, we believe our model an be quite useful in pratie.6.1.3 Query Workload Charaterization of Four Web Searh En-ginesWe further haraterized four query datasets omposed of millions of queries represent-ing the query workload of four di�erent real-world Web searh engines, namely TodoBR,Radix, AllTheWeb, and Altavista. A subset of the TodoBR query dataset is used in theexperiments to validate the apaity planning model for Web searh engines. We veri�edthat�although the query datasets over di�erent time periods, query loads, users, andlanguages�the distribution of queries and of terms in queries throughout the datasetsare quite similar and follow a Zipf's distribution. Also, our results on�rmed the preva-lene of very short queries�i.e., queries ontaining two or fewer terms�for all datasets.Further, a periodi behavior on the query workload was onsistently observed throughthe four onsidered query datasets. The query workload learly presents daily load vari-ations. In partiular, working days present similar loads among them that are di�erentfrom those observed on weekend days. Finally, we haraterized the interarrival proess ofthe folded version of the TodoBR dataset, whih is used as input stream in the validationexperiments for the apaity planning model for Web searh engines. We veri�ed that theExponential distribution approximates the observed interarrival proess of queries withinquite aeptable bounds.



74 CHAPTER 6. CONCLUSIONS AND FUTURE WORK6.2 Future WorkA diretion for future work is to extend our apaity planning model to support multipleproessing threads at index servers. Other diretion for researh is to improve our model toestimate the distribution funtion of the query system response time of a luster of indexservers. From this distribution, one an �nd out its perentiles. This solution is useful ifthe management of the Web searh engine requires the q-perentile of the expeted querysystem response time to be less or equal than a threshold.Another diretion for further researh is to model ahing of query results�that allowsthe searh engine to answer reently repeated queries at a very low ost sine it is notneessary to proess those queries�and ahing of the inverted lists of query terms�thatimproves the query proessing time for the new queries that inlude at least one term whoselist is ahed [48℄. Another diretion for researh is to identify and analyze the reasons forthe use of disk ahe, and eventually model the probability of disk ahe hit. Some of theelements that a�et the use of disk ahe are the temporal loality of queries and terms ofqueries in the input tra�, the spatial loality of the inverted lists of query terms in thedisk, and the size of the main memory.Another diretion for future work is to verify by simulation the auray of our modelpreditions for large lusters with thousands of index servers for supporting a olletionwith billions of douments, as illustrated in Setion 5.3.3. It would be important to onsidera luster with p index servers, suh that p is large enough to store the index for a olletionof 20 billion pages, whih is the size of the indexes for Google and Yahoo that has beenmade publi [24℄. A di�ulty is that it is hard to obtain large datasets for the olletionof douments used by Web searh engines to generate an answer page for eah reeivedquery. This is so beause the set of olleted douments is seen as strategi and proprietaryinformation by the major Web searh operators. In fat, during the ourse of this thesis,we only had aess to a doument olletion omposed of roughly 10 million Web pagesolleted by the TodoBR searh engine from the Brazilian Web in 2003. A solution wouldbe to generate a large syntheti doument olletion from probability distributions thatare based on statistis from real datasets.Another diretion for further researh is to develop an approah for �nding the optimalarhiteture for a Web searh engine in terms of ost, that ombines partitioning andrepliation strategies to satisfy operational requirements for query response time, querythroughput, and server utilization. It is important to establish onstraints on the utilizationof index servers to avoid wasting mahine resoures. By ost we mean the number of index



6.2. FUTURE WORK 75servers in the arhiteture. Therefore, the goal would be to satisfy the three operationalrequirements with the fewest number of index servers. On the one hand, for saling ondata volume, the index of a doument olletion an be partitioned among a set of indexservers organized in a omputational luster for parallel query proessing. On the otherhand, for saling on query throughput, the luster of index servers an be repliated, anda load-balaning system an be used to diret queries to one of a set of mirrored lustersby aounting their available apaity. Repliation involves relatively small overheads, andapproximately linear gains in throughput apaity an be expeted as a funtion of thenumber of mirrored systems. Partitioning and repliation strategies are usually ombinedby Web searh engines to handle huge doument olletions and high query loads whilesatisfying servie level objetives.Given operational requirements of query response time, query throughput, and serverutilization, the goal would be to minimize the needed number of index servers. This goalan be formalized by minimizing a ost funtion:
c = p× r (6.1)while meeting the following operational onstraints

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

U is the utilization requirement; X is the throughput requirement; and ft(p, r, X) and
fu(p, r, X) alulate the response time and utilization, respetively, for a given through-put X and a given arhiteture where the index is partitioned into p divisions and repliated
r times.
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