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ABSTRACT

Large web searchengineshave to answerthousandsf queriesper
secondwith interactize responsdimes. Due to the sizesof the
datasetsinvolved, oftenin the rangeof multiple terabytesa sin-
gle query may requirethe processingof hundredsof megabytes
or more of index data. To keepup with this immenseworkload,
large searchenginesemplay clustersof hundredsor thousandof
machinesanda numberof techniquesuchascachingjndex com-
pressionandindex and query pruningare usedto improve scala-
bility. In particular two-level cachingtechniquesacheresultsof
repeateddenticalqueriesat the frontend,while index datafor fre-
quentlyusedquerytermsarecachedn eachnodeatalower level.

We proposeandevaluatea three-level cachingschemehatadds
anintermediatdevel of cachingfor additionalperformancegains.
Thisintermediatéevel attemptgo exploit frequentlyoccurringpairs
of termshby cachingintersection®r projectionsof the correspond-
ing invertedlists. We proposeandstudyseveral of ine andonline
algorithmsfor theresultingweightedcachingproblem whichturns
out to be surprisinglyrich in structure. Our experimentalevalua-
tion basedon a large web crawvl andreal searchenginequerylog
shaws signi cant performancegainsfor the bestschemesbothin
isolationandin combinationwith the othercachinglevels. We also
obsere that a careful selectionof cacheadmissionand eviction
policiesis crucialfor bestoverall performance.

Categoriesand Subject Descriptors: H.4.m [Information Sys-
tems]: MiscellaneousH.3.3 [Information Storageand Retrieval]:
Information Searchand Retrieval; D.2.8 [Software Engineering]:
Metrics

General Terms: Algorithms, Measuremen®erformanceExperi-
mentation

Keywords: WebSearch)nvertedindex, Caching.

1. INTRODUCTION

Dueto therapid gronth of the Web from a few thousandhages
in 1993 to its currentsize of several billion pages,usersincreas-
ingly dependbn websearchenginedor locatingrelevantinforma-
tion. Oneof the main challengedor searchenginesis to provide
a good ranking function that can identify the mostuseful results
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from amongthe mary relevantpagesanda lot of researchasfo-
cusedon how to improve ranking,e.g.,throughclever term-based
scoring,link analysisor evaluationof usertraces.

Onceagoodrankingfunctionhasbeenengineeredquerythrough-
put often becomesa critical issue. Large searchenginesneedto
answerthousandf queriesper secondon collectionsof several
billion pagesEvenwith the constructiorof optimizedindex struc-
tures, eachuserquery requiresa signi cant amountof datapro-
cessingon average.To dealwith this workload,searclenginesare
typically implementedon large clustersof hundredsor thousands
of seners,andtechniquesuchasindex compressiongaching.and
resultpresortingandquerypruningareusedto increasehroughput
anddecreaseverall cost.

To betterunderstandhe performancédssue,we needto look at
the basicstructureof currentsearchengines. Theseengines|ike
mary otherinformationretrieval tools,arebasecn aninvertedin-
dex, which is anindex structurethat allows ef cient retrieval of
documentscontaininga particularword (or term). An inverted
index consistsof mary invertedlists, whereeachinvertedlist |
containsthe IDs of all documentsn the collectionthat containa
particularword w, sortedby documentD or someothermeasure,
plus additionalinformation suchasthe numberof occurrencesn
eachdocumentthe exact positionsof the occurrencesand their
contet (e.g.,in thetitle, in anchortext).

Given,e.g.,aquerycontainingthe searchtermsapple, orange,
andpear, atypical searchenginereturnsthe 10 or 100 documents
thatscorehighestwith respecto theseterms.To do so,theengine
traversesthe invertedlist of eachqueryterm, and usesthe infor-
mationembeddedn the invertedlists, aboutthe numberof occur
rencesof thetermsin a documenttheir positions,and contet, to
computea scorefor eachdocumentontainingthesearchterms.In
addition, scoreshasedon link analysisor userfeedbackare often
addednto thetotal scoreof adocumentjn mostcaseshis doesnot
affecttheoverall structureof thecomputatiorif thesecontrikutions
canbe precomputeafine (e.g.,usingPageRank).

Clearly, eachinvertedlist is muchsmallerthanthe overall docu-
mentcollection,andthusscanningheinvertedlists for the search
termsis much preferableto scanningthe entire collection. How-
ever, thelengthsof theinvertedlists grow linearly with the sizeof
the collection, andfor terabytecollectionswith billions of pages,
thelists for mary commonlyusedsearchtermsarein the rangeof
tensto hundredsof megabytesor even more. Thus, query evalu-
ationis expensve, andlarge numbersof machinesare neededo
supportthe query loadsof hundredsor thousandof queriesper
secondypical of majorengines.This motivatesthe searcHor new
techniqueghatcanincreasehe numberof queriespersecondhat
canbe sustainedn a given setof machinesandin additionto in-



dex compressiormandquerypruning,cachingtechniquediave been
widely studiedanddeployed.

Cachingin searchengineshasbeenstudiedon two levels [32].
The rst level of caching,resultcading, takesplaceat the front-
end,anddealswith the casewhereidenticalqueriesareissuedre-
peatedlyby the sameor differentusers.Thus,by keepinga cache
of a few ten thousando a few million resultsthat have recently
beenreturnedby theenginewecan lter repeatedjueriefromthe
workloadandincreaseoverall throughput Resultcachinghasbeen
studiedin [25, 21,22,32,38]. It givesameasurabléene tatalow
cost(eachresultcouldsimply bestoredasacompleteHTML page
in afew KB), thoughthe bene t is limited by the degreeof repe-
tition in the input stream.At a lower level, list caching is usedto
keepinvertedlists correspondingo frequentlyusedsearchterms
in main memory resultingin additionalbene ts for engineswith
disk-basedndex structures. The bene ts of a two-level caching
approachn anactualsearctenginewerestudiedin [32].

In this paper we proposeandevaluatea three-level architecture
with anadditionalintermediatdevel of caching.This level, called
intersectioncaching or projection caching (dependingon the im-
plementation)cachesnvertedlist datafor pairsof termsthatcom-
monly occurtogetherin querieswith morethantwo searchterms.
The basicideais very simpleandrelieson the factthatall of the
majorsearchenginedy default only returndocumentshatcontain
all of the searchterms. This is in contrastto a lot of work in the
IR communitywhereevery documentontainingatleastoneof the
termsparticipatesn the ranking; we will discussthis issueagain
later. Thus,searctengineseedto scoreonly thosedocumentghat
occurin theintersectiorof theinvertedlists. Unfortunatelyin most
caseghe mostefcient wayto nd theintersectiorstill involvesa
completescanover the lists, andthis dominateshe costof query
processingBy cachingpairwiseintersectiondetweerlists, which
aretypically muchsmallerthan eachof the two lists, we hopeto
signi cantly reducethis costin subsequengueries. We notethat
the basicideaof cachingintersectionsvasalsorecentlyproposed
in the context of P2P-basedearchn [7], but the scenaricandob-
jectivesareratherdifferentasdiscussedater

While theideaof cachingintersectionss very simple,theresult-
ing weightedcading problemturns out to be quite challenging.
In the main technicalpart of the paper we discussand evaluate
severalonlineandof ine cachingalgorithms.Evenvery restricted
classeof the problemare NP-Complete but we shav that there
are practicalapproacheshat perform much betterthan the basic
Landlod algorithm[39, 11] for weightedcachingon typical query
traces. We also perform an evaluationof the performanceof all
threecachinglevelstogether The conclusionis thatcachinggives
asigni cant overall boostin querythroughputandthateachlevel
contributesmeasurably

The next sectiongivessometechnicalbackgroundandSection
3 discusseselatedwork. Thethree-leel cachingapproachs de-
scribedanddiscussedn detailin Section4. Section5 studiesthe
resultingintersectioncachingproblemand presentswo basicap-
proaches.Section6 re nes theseapproachesnd performsa de-
tailed experimentalevaluationacrossall threecachinglevels. Fi-
nally, Section7 providessomeconcludingremarks.

2. SEARCHENGINE QUERY PROCESSING

In this sectionwe provide somebackgroundn queryexecution
in searchengines.We assumehatwe have a documentollection
D = fdo;ds;:::dn 10 of n web pagesthat have alreadybeen

be all the different words that occur arywherein the collection.
Typically, almostary text string that appeardetweenseparating

symbolssuchasspacescommasetc.,is treatedasavalid word (or
term) for indexing purposesn currentengines.
Indexes: An invertedindex | for the collectionconsistf a set

ing for eachoccurrenceof word w. Eachpostingcontainsthe ID
of thedocumentvheretheword occurs the (byte or approximate)
positionwithin the documentand possiblyinformationaboutthe
contet (in atitle, in large or bold font, in ananchortext) in which
theword occurs.The postingsin eachinvertedlist areoftensorted
by documentlDs, which enablescompressiorof the list. Thus,
Booleanqueriescanbeimplementedasunionsandintersection®f
thesdists, while phrasesearchege.g.,New York) canbeanswered
by looking at the positionsof the two words. We referto [37] for
moredetails.

For simplicity, we ignoresearchoptionssuchasphrasesearchesr
queriesrestrictedto certaindomainsat this point. In our caching

Goiii:i;Q 1, whereg = fio;ty;:iiity 10

Term-basedranking: Themostcommonway to performrank-
ing in IR systemsis basedon comparingthe words (terms)con-
tainedin thedocumentndin thequery Morepreciselydocuments
are modeledas unorderedbagsof words, and a ranking function
assignsa scoreto eachdocumentvith respecto the currentquery
basedon the frequeng of eachqueryword in the pageandin the
overall collection,thelengthof the documentandmaybethe con-
text of the occurrence(e.g., higher scoreif termin title or bold
face). Formally, a rankingfunctionis a function F that, givena
queryq = fto;t1;:::tq 10, assigndo eachdocumentD ascore
F (D;q). Thesystenthenreturnsthek documentsvith thehighest
score.Onepopularclassof rankingfunctionsis thecosinemeasue
[37], for example
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wherew(q;t) = In(1 + n=f¢),w(D;t) = 1+ Infp., andfp
andf; arethefrequeng of termt in documenD andin theentire
collection, respectiely. Many otherranking functionshave been
proposedandthe techniquesn this paperare not limited to ary
particularclass.

AND vs. OR: Mary ranking function studiedin the IR com-
munity; includingtheabove cosinemeasurego notrequireadocu-
mentto containall querytermsin orderto bereturnedn theresults.
(E.g.,adocumentontainingtwo out of threequerytermsmultiple
timesor in thetitle mayscorehigherthanadocumentontainingall
threeterms.) However, mostsearchenginesenforceANDseman-
tics for queriesandonly considerdocumentontainingall query
terms.Thisis donefor variousreasonsnvolving userexpectations,
collectionsize, andthe preponderancef shortqueries(thus, for
mostqueries,therewill be mary documentontainingall query
terms). Our approachfundamentallydependson ANDsemantics,
which arethedefaultin essentiallyall majorenginege.g.,Google,
AltaVista, AllITheWeb, Inktomi, Lycos, Teoma,andWiseNut).

Query execution: Givenaninvertedindex, a queryis executed
by computingthe scoresof all documentsn the intersectiorof the
invertedlists for the queryterms. This is mostef ciently donein
a document-at-a-timapproachwherewe simultaneouslyscanthe
invertedlists, which areusuallysortedby documentiD, andcom-
putethe scoresof ary documenthatis encounteredh all lists. (It
is shawvn in [20] thatthis approachs moreefcient thantheterm-
at-a-timeapproactwherewe processheinvertedlists oneafterthe
other) Thus,scoresarecomputeden passantwhile materializing



the intersectionof the lists, andtopk scoresare maintainedin a
heapstructure.In the caseof ANDsemanticsthe costof perform-
ing the arithmetic operationsfor computingscoresis dominated
by the costof traversingthelists to nd the documentsn thein-
tersectionsincethis intersectionis usuallymuchsmallerthanthe
completelists.

Searchenginesusea numberof additionalfactorsnot presenin
standarccosine-typeankingfunctions,suchascontet (e.g.,term
occursin title, URL, or bold face) termdistancewithin documents
(whethertwo termsoccur closeto eachother or far apartin the
text), andlink analysisanduserfeedbackThe rst two factorscan
be easilyincludedwhile computingscoresasoutlinedaborve. The
mostcommonlyusedway to integratethe otherfactorsis to pre-
computea globalimportancescorefor eachdocumentasdonein
PageRan9], orafew importancescoredor differenttopicgroups
[18], andto simply addthesescoreso the term-basedcoresdur-
ing queryexecution[29, 24, 30]. Our approacldoesnotdepencn
the ranking function aslong asthe total costis dominatedby the
invertedlist traversal.

Search enginearchitecture: Major searctenginesarebasecdn
large clustersof senersconnectedy high-speed_ANs, andeach
queryis typically executedin parallelon a numberof machines.
In particular currentenginesusuallyemploy alocal index organi-
zationwhereeachmachineis assigned subsetof the documents
andbuildsits own invertedindex onits subsetUserqueriesarere-
ceivedatafrontendmachinecalledqueryintegrator, which broad-
caststhe queryto all participatingmachines.Eachmachinethen
returnsits local top-10 resultsto the queryintegratorto determine
theoveralltop-10 document$21].

Eachsubsetof the collectionis alsoreplicatedandindexed on
several nodes,and multiple independentjueryintegratorscanbe
used. We note that there are alternatve partitioning approaches
suchasthe global index organizationandvarioushybridsthatare
not commonlyusedin large engineshoughthey may have advan-
tagesin certainscenariossee[4, 27, 36, 35] for discussion.

Query processingoptimizations: Given simple mechanisms
for load balancingand enoughconcurreng on eachmachine the
localindex organizationresultsin highly ef cient parallelprocess-
ing. Thus,the problemof optimizing overall throughputreduces
againto the single-nodecasej.e., how to maximizethe numberof
queriesper secondthat canbe processedocally on eachmachine
with areasonable@esponsdime. One commonlyusedtechnique
is to compressachinvertedlist using variouscodingtechniques
[37], thusreducingoverall I/O for disk-basedndex structuresut
increasingCPU work. Becauseof this tradeof, fairly simpleand
fasttechniquegendto outperformschemegearedtowardsopti-
mal compressiorj33]. Our experimentsuse compressiorbut do
notdependonit.

Otheroptimizationsattemptto determinethetopk resultswith-
outacompletescanof theintersectioror unionof theinvertedlists,
by presortingthelists accordingto their contrikutionsto the score
and terminatingthe traversal early (or by remaoving low-scoring
postingsfrom the index altogether[15]). Therehasbeena sig-
ni cant amountof work in the IR and databaseeommunitieson
thisissueundervariousscenariossee[1, 2, 12,14,16, 24,28, 35]
for recentwork. Variousschemesreapparentlyin usein current
enginesbut detailsarecloselyguarded Notethatthesetechniques
aredesignedor certaintypesof rankingfunctionsand,e.g.,donot
easilysupportuseof termdistancewithin documentsOur experi-
mentsusea full traversalof thelist intersectionsbut our approach
couldbe adaptedo prunedschemesswell thoughthis is beyond
the scopeof this paper A third commonoptimizationarecaching
schemesgiscussedn detailin the next section.

3. DISCUSSIONOF RELATED WORK

For morebackgroundnindexing andqueryexecutionin IR and
searchengines;see[3, 5, 37]. For basicsof searchenginearchi-
tecturewe referto [8, 9, 21, 31]. In the following, we focuson
previous work on cachingandon otherissuesdirectly relevantto
ourwork.

Result caching: As indicated,resultcaching lters out repeti-
tionsin the query streamby cachingthe completeresultsof pre-
vious queriesfor a limited amountof time. It wasstudiedin [25,
21,22,32,38] andis probablyin usein mostmajorengines.Re-
sult cachingcanbe easilyimplementedat the queryintegrator and
[38] alsoproposegachingresultsin theinternetcloserto the user
Work in [21, 22] also connectsresult cachingto the problem of
efciently returningadditionalresult pagesfor a query which is
mostefciently doneby computingandstoringmorethanjust 10
resultsfor eachquery Resultcachingonly works on completely
identical queriesand is thus limited in its bene ts by the query
stream.However, it is easyto implementanddoesgive signi cant
bene ts evenundervery simplecachingpolicies. A sideeffect of
resultcachingis thatthe averagenumberof searchtermsincreases
for thosequeriesthat are actually executed,sincesingle-termand
two-termqueriesaremorelik ely to be alreadycached.

List caching: At thelowerlevel insideeachmachinefrequently
accessethvertedlists arecachedn mainmemoryto save on I/O.
Thisis sometimeslonetransparentlypy the le systemorwhenus-
ing adatabassystemsuchasBerkeley DB to storetheindex [27],
thoughfor typical IR andweb searchvorkloadsbetterresultsmay
beachiezablewith specializedtachingpolicies[19]. Of courselist
cachingonly appliesto disk-residenindex structuresandsomeen-
ginesattemptto keepall or mostof the index in main memoryfor
optimumperformance.

Two-Level caching: In [32], Sarava et al. evaluatea two-level
cachingarchitecturaisingresultandlist cachingon the searchen-
gine TodoBR andshav thateachlevel contrilbutessigni cantly to
theoverallbene t. Forlist cachingasimpleLRU approactlis used.
We notethatit is possiblehattechniquesimilarto oursarealready
in usein oneof the major enginesbut this type of informationis
usuallykepthighly con dential andwe arenot awareof it.

Caching in P2P search: The basicideaof cachingresultsof
intersectionghat we usein our three-level cachingapproachwas
recentlyalsoproposedn the contet of peerto-peersearchn [7].
We notethatthe approachn [7] is quite differentfrom ours. Their
main goal is to avoid repeatedransmission®f invertedlist data
in a peerto-peersystemwith globalindex organizationwhile we
areinterestedn improving querythroughputin eachnodeby de-
creasingdisktraf c andCPUload. Themainemphasisn [7] is on
distributeddatastructuregor keepingtrackof intersectionshatare
cachedsomeavherein the system,while in our casethis problem
is easily solved by a standardocal datastructure. Our emphasis
is on the useof intersectioncachingin a three-level clusterbased
architecturewith differentalgorithmsand costtrade-ofs thanin
a peerto-peerervironment,andits performanceon a large query
load from areal engine. As pointedoutin [7], thereis alsosome
similarity to views andjoin indexesin databaseystems.

Setintersections: We notethatin somescenariosthereare of
coursemoreef cient waysto intersectwo liststhanascan,in par
ticular whenlists areof very differentlengths.However, for disk-
residentinvertedindexes, this is only trueif the ratio betweerthe
list lengthsis quitelarge (ontheorderof thousander tensof thou-
sandsdependingon whetherdecodingcostis takinginto account).
Recentadaptivesetintersectiontechniqueg13] alsodo not work
well for disk-residenstructuresalthoughsomelimited bene tsare
possiblein main-memoryandpeerto-peerervironmentg23].



Optimizations for phrases: Cachingof intersectionss related
to the problemof building optimizedindex structuresfor phrase
queries[6] (i.e., “New York”). In particular intersectionsanbe
usedto evaluatephrasequeries,while on the otherhandsomeof
the most pro table pairs of lists in intersectioncachingturn out
to be commonphrases.Note that exhaustve index structuresfor
two-word phrasesave only a small constanfactoroverheadover
a standardndex, sinceeachoccurrenceof a word is directly fol-
lowed by only oneotherword. Cachingall intersectiondetween
terms,ontheotherhand,isimpossibleandthusappropriateaching
policiesareneeded.

Weighted caching: In mary cachingproblems,the bene t of
cachingan objectis proportionalto its size(e.g.,whencachingto
avoid disk or network trafc). Weightedcachingproblemsdeal
with the casewhereeachobjecthasa sizeanda bene t thatmay
be completelyindependentf its size. Weightedcachingproblems
are,e.g.,studiedin [11, 39], which proposeandanalyzea simple
algorithm called Landlod that basicallyassigndeasesto objects
basedon their sizeandbene t andevicts the objectwith the earli-
estexpiring lease.Both [11, 39] performa competitve analysisof
the Landlod algorithm,and someexperimentalresultsfor a web
cachingscenariaunrelatedo searcharegivenin [11]. In our case,
we aredealingwith aweightedcachingproblemwherethe size of
the cachedobjectis the size of anintersectionor projection,and
the bene t is the differencebetweenrthis sizeandthe sizesof the
completelists. Moreover, thereis alsoa costin insertingan ob-
jectinto the cache which requiresusto employ appropriatecache
admissiorpolicies.

4. ATHREE-LEVEL CACHING APPROACH

We now describeand discussthe proposedhree-leel caching
architecturen detail. Thearchitectureés motivatedby afew simple
obsenrationson available searchenginelogs. In particular result
cachingworks very well on single-termand two-termqueriesbut
doesnot performaswell on querieswith more terms, which are
lesslikely to be exactly repeated.However, an analysisof large
querylogsindicateghatquerieswith threeor moretermsarelik ely
to containat leastone pair of termsthat haspreviously appeared
together Thus, a three-termqueryf a; b;cg could be processed
by scanningthe invertedlist |, for term a and a cachedlist for
the intersectionof I, andl.. If the threelists |4, Iy, | areof
approximatelythe samelength,andtheintersectiorof |, andl ¢ is
muchsmallerthaneitherof thetwo lists, thenwe would save almost
a factorof 3 evenwith only one pair having occurredpreviously.
If two pairs have previously occurred,then by scanningthe two
intersectionsve couldsave mostof the costof thequery

query

result cache

integrator

main
memory list cache I I

list cache | | list cache

inverted ||intersection inverted |[intersection inverted [intersection

index cache index cache index cache

Figure4.1: Three-level cachingarchitecturewith resultcaching
at the query integrator, list cachingin the main memory of each
node,and intersection cachingon disk.

We will discusghe exactformatandtreatmenbf thecachedn-
tersectiongater. By combiningresult,intersectionandlist caching,

we getathree-level cachingarchitectureshawvn in Figure4.1 and
summarizedsfollows:

Result caching: The queryintegratormaintainsa cacheof
the resultsof recentqueries,eitherin memoryor on disk.
Cachesize and eviction policy aretypically not critical as
large numbersof resultscan be cachedcheaply For our
querylog of abouta million queries,resultscanbe cached
essentiallyover the entirelog. Queriesnot coveredby result
cachingarebroadcasto queryprocessingiodes.

Intersection caching: At eachnode,a certainamountof ex-

tra space,say 20% or 40% of the disk spaceusedby the
index, is resered for cachingof intersections. Thesein-

tersectiongesideon disk and are basicallytreatedas part
of the invertedindex or as a separatdnvertedindex. For

eachquery we checkif ary pairwiseintersectionsare al-

readycachedandusetheseto procesghequery In addition,
during processingve createen passantadditionalintersec-
tions for someor all of the pairsof termsin the queryand
addthemto the cache. We will shawv thatthis canindeedbe
doneef ciently.

List caching: At thelowestlevel, a limited amountof main
memory(typically severalhundredVIB in nodeswith atleast
1GB of memory)is usedto cachefrequentlyaccessedn-
vertedlists aswell asintersections.

Thus, intersectioncachingcomplementsesult cachingasit fo-
cuseson querieswith threeand moreterms,andis orthogonalto
list caching.Intersectiorcachingis relevantto bothdisk-basednd
memory-basethdex structuresthoughthe performanceami ca-
tionsaresomeavhatdifferentaswe will see.

4.1 Intersection vs.Projection Caching

We now discussthe preciseformat of the cachedntersections.
Recallthataninvertedlist is a sequencef postingssortedby doc-
umentlID, with eachpostingcontainingthe documentiD andad-
ditional informationabouteachoccurrenceof thetermin the doc-
ument. In orderto usean intersectioninsteadof the original list
during query execution,this datahasto be presered for postings
whosedocumentiDs appearin both lists. Thus,a postingin the
intersectionlist would consistof a documentiD andinformation
aboutall occurrencesf bothwordsin thedocument.

However, in ourimplementatiorwe decidedto follow a slightly
differentapproachwhich we call projection caching. Insteadof
creatinganintersectiorof lists1 , andl ,, we createtwo projections
lar pandly a, wherela , containsall postingsin | . whosedoc-
umentID alsoappearsn |, andly 5 vice versa. Thereareser-
eral advantagef this approach:(1) Projectednvertedlists have
exactly thesameformatasotherinvertedlists andthusno changes
in the queryprocessoarerequired. Also, creationof projections
from completelistsis very simple. (2) l a1  andly 5 aretreated
independentiypy thelist andintersectiorcachingmechanismand
can be evicted separatelywhich is desirablein somecases. (3)
Someadditionalminor optimizationsarepossibleduringqueryex-
ecution;e.g.,a queryf a; b;cg could be executedby usingl a1 b,
lp ¢, andle 5 insteadof using pairs. A disadwantageof using
projectionss thatthetwo projectionsareslightly largerthana sin-
gleintersectiomrasthedocumentD is storedtwice. We decidedto
useprojectionsin our queryprocessoasthe advantageoutweigh
theslightspacepenalty We notethatourresultscanbestateceither
in termsof intersectioror projectioncaching,andthe performance
of bothschemess comparable.



4.2 CachingOverheads

Onecommonassumptioris thatcachinganobjectdoesnotresult
in ary costapartfrom somelimited administratve overheaddata
structurespndthe spaceusedfor caching.ln our context, creation
of projectionsfor cachingis piggybaclked onto query execution,
andthusonly involvesinvertedlists that are beingretrieved from
disk by the queryprocessomryway. However, in reality thereare
somecostsassociatedvith creatingprojectionsandinsertingthem
into the cachethat needto be taken into accountin orderto get
goodperformanceln additionto a very smalloverheadn making
cachingandqueryexecutiondecisionswe have thefollowing more
signi cant costs:

(1) Write cost: Sinceourprojectioncachds disk-basedanewly
insertedprojectionhasto bewritten outto disk.

(2) Encoding cost: Beforewriting out the projection,it is en-
codedusingthesamendex compressioschemehatis used
in theinvertedindex.

(3) Projection creation: Eventhoughprojectionsarecreatecen
passanturing executionof a query without additionaldisk
accesseghereis a certainCPU overheaddueto necessary
changesn the queryprocessor

We reportthe rst costin our experimentsn termsof the number
of blockswritten out, andshaw thatit canbe keptat a fairly low
level comparedto the savings in readcosts. The secondcostis
typically fairly small, provided that a fastcompressiorschemds
usedfor theindex. In our casewe usea variable-bytecompression
schemeevaluatedin [33], which achiezes good compressiorat a
low cost. A more subtleissueis the CPU overheadin creating
the projections. As we shaw later, evenin online schemesll of
thesecostscanactuallybe kept at a very low level by adoptinga
suitablecacheadmissionpolicy that preventsthe creationof too
mary projectionsthat are likely to be evicted from cachebefore
beingused.

In the rst part of our experimentalevaluation, we report re-
sultsin termsof “logical” disk block accessesncludingdiskreads
in query processingand disk writes for addingprojectionsto the
cacheputignoringthe cachingof listsin mainmemory This gives
us a roughview of the relative performanceof variousschemes.
In Subsectiorb.2, we thendiscussin detail the CPU savings and
overheaddueto projectioncreation,while Subsectior6.3 evalu-
atesthe effect of addinglist caching.We noteherethatthe optimal
choiceof cachingpoliciesdependon the relative speedf disk
and CPU, the choiceof compressiorschemeandwhetherthein-
dex is primarily disk-base@r memory-basedindwe areunableto
evaluateall casesn thelimited space However, we will shawv that
signi cant performanceayainsarepossibleboth for primarily disk-
basedandmemory-basethdex structuresandthatthe overheadf
our schemess very low.

5. BASIC POLICIES FOR INTERSECTION
CACHING

In this sectionwe studycachemaintenanceoliciesfor intersec-
tion caching. We rst de ne the problemanddiscusscompleity
issues,then presenta greedyalgorithmfor the of ine versionof
the problem,andthendescribethe Landlord algorithm[39, 11] for
weightedcaching.

5.1 ProblemDe nition and Complexity
Recallthatwe aregivenasequencef queriesQ = Qo; 01;:::;
g 1,whereqg = fto;th;:::;ty .9. Forary queryq = fto;ts;

1:1;tq 10 thatis executedwe cangenerateandcacheary projec-
tions | o with t; t° 2 g, subjectto the maximumcachesizeC.

Thesizeof |, 0isjly of. Queryq canbeexecutedby scanning,
for eacht 2 q, eitherl; orary I, (o with t° 2 g thatis currently
in thecache.The costof executingthe queryis equalto the sumof

thelengthsof thelists thatarescannedandourgoalis to minimize
total queryexecutioncost.

We note that the resultsin this sectioncan be statedeitherin
termsof intersectionsor projections. In the of ine versionof the
problem we assumehatthesequencef queriess knowvn aheadf
time andthatthe setof projectionsin thecacheis selectecandcre-
atedbeforethe startof execution.In the onlineversion,queriesare
presentedneat a time andprojectionscanbe createdandcached
during executionof queriesasdescribedabove andevicted at ary
pointin time. For simplicity, we do notchagefor the costof creat-
ing the projectionsin theabove de nition, thoughour laterexperi-
mentswill alsoconsidetthisissue.

For the of ine version, it is not dif cult to seethat the prob-
lemis NP-Completehroughareductionfrom SubsetSum([17], as
aremary othercachingproblemsthatallow arbitraryobjectsizes.
However, this obseration doesnot really seemto capturethe full
compleity of ourproblem.We canstrengthenheresultasfollows.

THEOREM 1. Theofine problemis NP-Completevenin the
casewhee all projectionsare of the samesize and queriesare
limited to at most3 terms.

Proof sketch: By reductionfrom Vertex Cover. Given a graph
G = (V;E) andan integer k, we constructan instanceof our
cachingproblemasfollows. We have onetermt, for eachnode
inu 2 V, andin additionwe have aspecialtermto. For each
edge(u;v) 2 E, we createa queryft,;ty;t%. We assumehat
all projectionsbetweertwo termsareof the samesize(this canbe
achieved by makingall lists disjoint exceptfor a small setof doc-
umentlIDs thatappeairin all lists), andselecta cachesizethat ts
exactly k projections.We alsoassumehatlist o is signi cantly
largerthanall of the I, , sayjlioj > 3 JEj jlt,j. Thenthere
exists a vertex cover of G of sizek iff thereexists a selectionof
cachedprojectionsthat allows the querytraceto be executedwith
total costlessthanjloj. [

We notethatif all projectionsareof thesamesizeandqueriesare
limited to 2 terms,thenthe problemcanbe solved in polynomial
time. Onthe otherhand,theof ine problemwith 3 termsremains
NP-Completdf we allow creationandeviction of projectionsdur-
ing query execution,and if we chage a costfor the creationof
projections We discusghe online problemfurtherbelow.

5.2 A Simple GreedyAlgorithm

While in reality we do not have prior knowledge of the query
sequencethe of ine problemis nonetheles®f practicalinterest
sinceit canbeusedto make cachespaceassignmentfor thefuture
basedon analysisof recentlyissuedqueries. For this reasonwe
now describea simple greedyalgorithm for the of ine problem,
whichin eachstepaddsthe projectionto the cachethatmaximizes
the ratio of additionalsasingsin query processingand projection
size.It canbeimplementedasfollows:

1. For eachquery g in the sequence& and eachprojection
I o with t;t° 2 g, createanentry (t; t%i; jlu cof;jlt]
jlt1 o). Notethatthelasttwo elds arethesizeof the pro-
jectionandthebene t whenusingit insteadof thefull list.

2. Combineall entrieswith identicalt, t®into a singleone,but
with an additional eld at the end, called the total bene t,
thatcontainghe sumof thebene tsin thecombinedentries,



andwith thesequencef all querynumbers in thecombined
entriesattachedo thenew entry

3. Loadtheentriesinto a heapthatallows extractionof the ele-
mentwith maximumratio of total bene t to projectionsize.

4. Repeatedlyextract an elementand add it to the cache. If
it doesnot t, discardthe elementand chooseanotherone
until the heapis empty After eachextraction of an entry
(t; t% o ), decreasehe total bene t of all projections
(t;t% ; ; ;) forwhicht; t% t®appeain acommonquery

The size,andthusbene t, of a projectioncanbe ef ciently esti-
matedusingsimplesamplingtechniqueg§10] andhencea scanof
the invertedlists is not really required. Ignoring theseestimation
costs,the above algorithmrunsin time O( Ig( )) in the worst
casewhere = :=01 k2, i.e.,thesumof thesquare®f thequery
sizes.In practice,this is a moderateconstantimesthe numberof
gueriessincemostqueriesareshort.

5.3 The Landlord Algorithm

We now considerthe online problem. The projectioncaching
problemis aninstanceof a weightedcaching problem,whereob-
jectshave arbitrarysizesandcachingof anobjectresultsin savings
thatareindependenof (or atleastnot linearin) their sizes. Such
problemshave beenstudied e.g.,in [39, 11], whereaclassof algo-
rithmscalledLandlod is proposedindanalyzedisingcompetitve
analysis.We note,however, thatour problemcomeswith anaddi-
tional twist reminiscenbf view selectiorproblemsin databasesn
thatwe coulduseeitherl a1 pOrlar ¢ inexecutingaqueryf a;b;cg
but thereis little bene tin usingboth. Thus,a projectionfor afre-
quently occurringpair may actually not have muchbene t since
theremaybeevenbetterprojectionsavailablein the cachefor most
querieswhereit is applicable Landlod worksasfollows:

1. Wheneer anobjectis insertedinto the cache,t is assigned
adeadlinegivenby theratio betweerits bene t andits size.

2. If anothembjectneedgo beevictedto make roomfor anew
one,we evict the elementwith smallestdeadlinedmin , and
deductdmin from the deadlinesof all elementscurrentlyin
thecache.

3. Whenerer an elementin the cacheis used,its deadlineis
resetto someappropriatevaluediscussedater.

A noteaboutStep2: insteadof deductingdmin  from all entries the
algorithmis bestimplementecby summingup all valuesof dmin
thatshouldhave beendeductedhusfar, andtaking this sumprop-
erly into account.Thus,the algorithmis highly ef cient. If in Step
3 deadlinesare resetto their original value (ratio betweenbene-
t andsize),thenthe algorithmcanbe seenasa generalizatiorof
LRU for weightedcachingproblems.In [39, 11], the algorithmis
shavn to be competitve with anoptimumsolution,but theanalysis
doesnot carryoverto our problemdueto the above “twist”. In the
following, we will alsoexperimentwith several variationsof the
Landlod approactthatperformmuchbetteron our workload.

6. EXPERIMENTAL EVALUATION

We now presenbur experimentalsetupandgive somebaseline
resultsfor the basic versionsof the greedyand Landlod algo-
rithms. In Subsectiors.1we presentindevaluatemodi ed policies
with improved performanceandSubsectior6.2discussethe CPU
overheadf projectioncreation.Finally, Subsectior.3presentsn
evaluationover all threelevels of caching.

Data setsand experimental setup: For our experimentswe
useda subsebf 7:5 million pagesselectedatrandomfrom a crawl

of aboutl20million webpagesrawledby thePolyBotwebcrawler
[34] in Octoberof 2002 This subsesizecorrespond$o ascenario
wherethe pagesare evenly distributed over a 16-node searchen-
gine,which is thetypical setupin our lah. In this case sincepro-
jection cachingoccursat eachindividual node,only onemachine
in the clusterwasused. The uncompressesdize of the pageswas
over 100 GB, andafter duplicateeliminationandindexing we ob-
tainedan invertedindex structureof sizeabout10:8 GB. Though
currentcommercialenginesindex several billion pagestheseare
partitionedandreplicatedover thousand®f machinesWe believe
thatour setupof 7:5 million pagespernodeis arealisticscenario.

Queriesweretakenfrom alargelog of queriesissuedo the Ex-
cite searchenginefrom 9:00to 16:59PSTon DecembeR0, 1999
For the experimentswe removed querieswith stopwordsandwith
wordsthatdo not appeaiin our datacollection. The numberof re-
mainingqueriess 1836248with atotal of 207788differentwords,
andthe averagenumberof words per queryis 2:88. We assume
aresultcachewith in nite sizeon this querylog; in general,we
expectthatresultcachesizeandeviction policy areunlikely to be
critical in termsof overall systemdesignandresources.

We createdwo differentexperimentalsetupsto evaluatequery
processingcosts. Using one setup,we measuredhe disk access
costsof the variouspoliciesin termsof the total numberof 4 KB
disk block accessesNe have foundthatthis providesareasonable
estimateof the costof our actualqueryprocessof24] whenusing
one or two disks and a fast CPU. We usedanothersetupwhere
we preloadednvertedlists into mainmemoryto measurehe CPU
costsof themethodswhichis importanton systemswith morel/O
bandwidth. All experimentswererun on a Dell Optiplex 240GX
machinewith a 1:6 GHz P4, 1 GB of memory andtwo 80 GB
disksrunningLinux.

Query characteristics: We rst look at the distribution of the
ratios and total costsfor querieswith variousnumbersof terms,
by issuingthesequeriesto our queryprocessowith cachingcom-
pletely turnedoff. In Figure6.1, we seethat even without result
caching,nearly half of the total block accesscost was spenton
querieswith ve or moreterms,althoughthesequeriesrepresent
only about15% of all queries.
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Figure 6.1: Distribution of frequenciesand total costs for
querieswith differ ent numbers of terms.

Next, we look at how this distribution changesaswe lter out
repeatedjueriesusingresultcaching. Figure 6.2 shavs the num-
ber of queriesbeforeand after result cachingfor different num-
bersof termsin the query We seethatthe numberof querieswith



few wordsis reducedsigni cantly, while fewer querieswith four
or moretermsare ltered out. Thus,afterresultcaching,aneven
higherpercentagef thetotal block accessewill be spentonlong
queries,andthe averagecostper remainingqueryincreasegrom
about2000to almost2700 blocks. We alsoran somepreliminary
measurementsn projection cachingwith in nite cachesize, to
estimatethe maximumpotentialbene t from addingthis feature.
Our results,omitted due to spaceconstraints shaved that while
only a small numberof querieswere completelycoveredby pro-
jections(meaningfor eachtermtherewasa projectionthatcould
beusedinsteadof the completdist), mary querieshadatleastone
or two projectionsthatcanbe used.This wasparticularlythe case
for longerqueries andthuswe would expectprojectioncachingto
work well in combinatiorwith resultcaching.
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Figure 6.2: Number of queriesbefore and after resultcaching

Resultsfor the greedyalgorithm: We now presentresultsfor
the basicversionsof the greedyand Landlod algorithms. In all
our experimentswe make sureto “warmup” all levels of caches
by running over most of the query log and only measuringthe
performanceof the last 200000queries(or someothernumberin
somecases).The costsarestatedasthe averagenumberof blocks
scannedor ead querythatis not Iter ed out by result cadching,
withoutlist cachingwhichwill furtherimprove performanceThus,
the baselinewithout projection cachingis about2700 block ac-
cesseperquery Theoverall performanceacrossall threecaching
levelsis evaluatedin Subsectior6.3.

In our rst experiment,we usedthe greedyalgorithmfrom the
previoussectionon awindow of 250000queries(thetrainingwin-
dow) directly preceding250000 queriesthat were measuredthe
evaluationwindow). Thus,recentqueriesareanalyzedy thegreedy
algorithmto allocatespacein the cachefor projectiondikely to be
encounteredn the future, and only theseprojectionsare allowed
into thecache . Therearetwo differentwaysin whichthis approach
couldbe used: (1) After analyzingthe queriesin the trainingwin-
dow, we could preloadthe projectioncachewith the projectionse-
lectedby the greedyalgorithm. This could be donesayoncea day
duringthe nightin alarge bulk operationin orderto improve per
formanceduring peakhours. (2) The secondapproacthis to create
theselectedrojectionsonly whenwe encountethecorresponding
pairin theevaluationwindow.

From Figure 6.3, we seethat the performanceof thesetwo ap-
proachess very similar acrossa rangeof cachesizes. The online
methodonly bene ts from projectioncachingthe secondtime a
pair is encounteredn the evaluationwindow, sincethe projection
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Figure 6.3: Block accesseper query for greedy projection
cachingwith various cachesizes.Zero cachesizemeansno pro-
jection caching Shown aretwo curves,onefor the caseof pre-
computedprojectionsand onewhere they are createdonline.

cachesize 012022044085 162 [ 291 | 471
blocks/ query | 0:13 | 0:24 | 0:47 | 0:89 [ 1:70 | 3:05 | 4:94

Table 6.1: Cost of online projection creation in 4K B block
writes per query, for various amountsof cachespacein GB.

is createdduringthe rst time. The othermethodbene tsevenon
the rst occurrenceput usesalmosthalf the cachespacefor pre-
computedorojectionghatarenever usedin the evaluationwindow.
Note thatthe cachesizeplottedin Figure 6.3 is not the maximum
cachesize assumedy the greedyalgorithm, but the amountof
cachethatis actually lled with projections(whichis muchlower
thanthe sizeassumedby the greedyalgorithmin theonlinecase).

We obsenre thatevenwith only 1 GB cachesize (lessthan10%
of index size),we alreadyget a signi cant improvementto about
1800blocksper query In the online case we did not includethe
overheadlueto creationof intersectionsn Figure6.3,but asshavn
in Table 6.1 the numberof blockswritten out per queryis fairly
small. For theothercasewe ignorethe costof preloadingthe pro-
jections. The resultsindicatethat thereis probablynot too much
gainedfrom precomputingrojectionsandthatanonlineapproach
is preferableln fact, it is notdif cult toimprove theresultsfor the
onlinecaseby usingaslidingwindow approachhatavoidsstarting
outwith anemptycacheatthestartof eachnew window. However,
aswe shaw later, online policiesbasedon tuningthe Landlord ap-
proachperformevenbetter andthuswe omit discussiorof further
optimizationsof thegreedyapproach.

Performanceof basicLandlord: In Figure6.4,we shav results
for thebasicLandlord algorithmwherewe resetdeadlinego their
original valueswheneer a cachedprojectionis usedagain. We
obsere improved performancen termsof the numberof blocks
scannegerquerycomparedo thegreedyalgorithm,althoughthis
is partly due to the warm cacheat the start of the measurement
period.However, theamountof blockwritesin Landlord, shavnin
thesecondgraphontop of thereadcosts,s quitehigh sincealarge
numberof projectionsare createdand then quickly evicted from
thecachewithoutever beingused.Oncewe take this overheadnto
accountthebasicLandlod approactdoesnot provide ary bene t
for mostcachesizescomparedo notusingprojectioncaching.

In the next subsectionye presenseveralre nementsof theba-
sic Landlod approachthat dramaticallyreducethe overheadsof
the approachwhile alsofurtherimproving block readcosts. The
main ideais that we needan appropriatecache admissionpolicy,
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writes (upper graph) per executedquery, without projection
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basicLandlord approach.

in additionto a goodcacheeviction policy, to preventunpro table
projectionsfrom beinggeneratedh the rst place.Wenotethatthis
is differentfrom mary othercachingscenarioge.g.,webcaching),
whereit maybepreferableo justaddall encounteredbjectsto the
cacheandrely ontheeviction policy to weedout uselesntries.

6.1 Optimized Landlord Policies

We now considerhow to engineetthe basicLandlod policy to
improve performance. We presentand evaluatetwo main ideas:
(1) settinga moregenerougleadlinefor projectionsalreadyin the
cachehatarebeingrenaved,and(2) limiting thenumberof projec-
tions that aregeneratedy not insertingevery possibleprojection
onthe rst encounterDueto spaceconstraintsye canonly give a
sampleof representatie experimentakresults.

Landlord with  parameters: In the basicLandlord approach
a projectionhasits deadlineresetto the original value wheneer
it is usedagain. In orderto give a boostto projectionsthat have
alreadyproveduseful,versusnenly encounteregairsof terms,we
decideto give alongerdeadlineto projectionsthatarebeingreset.
(Thus, a tenantthat renevs getsa longerleasethan a tenantthat
justmovesin.) In particular a renaved projectiongetsits original
deadlineplusafraction of its remainingdeadline.In addition,we
experimentedvith keepinga differentfraction ° of theremaining
deadlineon thesecondandsubsequeneneavals. We experimented
with a numberof valuesfor and ° andfound very good per
formancefor = 0:3and ° = 0:2, thoughmary othervalues
betweerD and1 achieve similar results.

Cacheadmissionpolicies: We experimentedvith severaltech-
niquesfor limiting the numberof projectionsthatare createdand
insertednto thecache.A simpleapproachs to neverinsertapro-
jectionfor apair of termsthathasnotbeenpreviously encountered
(say in the lastfew hours). A morere ned rule would alsotake
into accountthe costof projectioncreationandthe amountof ben-
e t thatresultsif the projectionis usedinsteadof thefull lists.

After someexperimentingve arrivedatthefollowing policy. We
chooseawindow of the previoust queriesfor which we maintain
statisticsaboutthe encounteredjueries.A projectionl a1  is only
insertedinto the cacheif the correspondingpair of termshasoc-
curredmorethan

jla! bj
jlaj jla! bj

timeswithin thelastt queriesfor someparameter . (Weuse =

1:0 which works quite well.) In particular this meanswe never
insertif thepairof termshasnot previously occurredduringtheset

queries.Moreover, decreasing will resultin fewerinsertionsinto
the cache anda projectionl 51 , thatis not muchsmallerthanthe
list 14 is only insertedif it hasoccurredrepeatedly The choiceof
t is doneasfollows. We selectan insertionoverheadthat we are
willing totolerate sayb = 10 blocksof projectionghatarewritten
outperqueryon average We startoutwith aninitial valueof t, say
t = 10000Q periodically evaluatethe averagenumberof blocks
written out per query andthenincreaseor decrease¢ to adjustfor
ary discrepang. We foundthatthis corvergesquickly andresults
in anumberof block writes perqueryvery closeto thetargeth.
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Figure 6.5: Comparison of no projection caching (leftmost
bar), 1 GB cachesize(next 4 bars), and 4 GB cachesize(right-

most 4 bars), for various re nements of Landlord. For each
cachesize, we shaw the read cost (solid portion of bar) and
write cost(outlined) for four policiesfromleft to right: (a) basic
Landlord, (b) with = 0:3and °= 0:2, (c) samewith inser-

tion only on secondencounterof a pair, and (d) with alphasand
the cacheadmissionpolicy describedabove. For the last case,
we chooseb = 5, resultingin negligible (in fact, invisible in this

chart) write cost.

Theresultsof theseoptimizationsareshavn in Figure6.5,which
indicatethat ne-tuning of the policiesis extremelyimportantfor
our problem. The bestapproactasedon the above rule performs
slightly more block readson query processinghbut is extremely
conserative aboutinsertingprojectionsandthus minimizeswrite
costsinto thecache.ln the next subsectionye shav thatthis also
resultsin small CPU overheador piggybacled projectioncreation
duringqueryprocessing.

A hybrid method: We alsoexperimentedvith ahybrid between
Landlod andthe greedymethodthat shavs promisingresultsand
shouldperformeven betterthoughwe have not completelyengi-
neerecobut all bottlenecks.In the hybrid, we usea sliding window
approachwhereperiodically(e.g.,every 10000queries)ve usethe
greedyalgorithmto analyzea certainwindow of recentqueries
(say 60000 queries). Any projectionchosenby the greedyalgo-
rithm is marked asprotected onceit is cachedt cannotbe evicted
until it is unprotectedn anotherrun of the greedyalgorithm. We
alsosimultaneouslyun Landlod with optimizationsto utilize ary
cachespacenotclaimedby thegreedyalgorithm.We experimented
with variousratiosof cachesizeusedby the greedymethodversus
total cachedetailsareomitteddueto spaceconstraints.



6.2 CPU Overheadof Creating Projections

We now addressthe CPU overheadof creatingprojectionsin
our query processor To do so, we needto understanchow the
gueryprocessogeneratemtersection®f invertedlists duringnor
mal queryexecution.This is donein adocument-at-a-timenanner
by simultaneouslyscanningall lists. More precisely we rst scan
an elementfrom the shortestlist, and then searchforward for a
matchingelementin the second-shortedist. If suchanelements
found,we searctorwardin thenext list, otherwisewe returnto the
shortestlist. For querieswith morethantwo or threekeywords, it
is quitecommonthatmary of theforwardsearcheito thelongest
list canskip severalblocksatatime, givenanappropriatendexing
schemeHowever, it is rarefor skipsto belong enoughto improve
disk performanceon modernhard disks, since eachinverted list
is laid out sequentiallyon disk for optimizedscanning.However,
skippingblocksdoesresultin savingsin list decodingsincewe can
avoid decodingheentirelist (assumingablocked codingscheme).

However, whengenerating projection,saybetweerthelongest
andtheshortestist, we oftenhave to decodealmostall theblocks,
resultingin higher CPU costthannormal query processing.The
additionalCPU costis relatedto the sizeof the createdprojection,
andthuspoliciesthatdecreas¢he numberof block writesfor cre-
atedprojectionsalsotendto dowell in termsof CPU performance.
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Figure6.6: Costper query for optimized Landlord, relativeto a
query processorwithout projection caching (100%. We show
the number of tuples encodedand decoded,CPU time, and the
number of disk blocks accessedWe alsoplot the CPU costun-
der the assumptionthat projection generationis fr ee;for small
valuesof the target overheadthis is very closeto the total CPU
cost, indicating that projection generation can indeed be done
en passantand essentiallyfor freeduring query execution.

In Figure 6.6, we shaw the costof query processingwith opti-
mizedprojectioncachingversusa queryprocessowithout projec-
tion caching,measuredy executingquerieson memory-resident
invertedlists. We seethat policieswith low b, i.e., thatarevery
conserative aboutgeneratingrojectionsperformwell in termsof
CPUcost,andthatCPU costcloselycorrelatewith thetotal num-
ber of tuplesencodedand decoded.Projectioncachingperforms
additionaldecodingof tuplesduring creationof projections,but
savesdecodingaterwhentheprojectionsareusedin otherqueries.
Overall, we obsere a 25% decreasén CPU cost,implying a 33%
increasein querythroughputin a CPU-limited system,while the
bene t for disk-boundsystemss even higher We experimented
with severalblock sizesfor the blocked compressiorschemeand

obseredsimilarrelative behaior from afew hundredbytesto sev-
eralKB. (In absoluteterms,the smallerblock sizesresultin lower
CPUcostfor queryprocessingsthey decoddewer postingsover
all, but therelative bene t of projectioncachingis aboutthesame.)

6.3 Evaluation of Multi-Le vel Caching

We now evaluatequery processingperformanceover all three
levelsof caching.As suggesteéh [32] we useL.RU for list caching.
Invertedlists correspondingo projectionsare treatedby the list
cachingmechanisnjust asary otherinvertedlist (this turnsoutto
performbest).For projectioncachingwe usetheoptimizedversion
of Landlord from the previoussubsectionwith negligible overhead
for generatingprojectionsonline. Note thatin the following, we
reporttheaveragenumberof blockreadsoverall queriesjncluding
those Itered out by resultcaching.This allows a comparisorover
all threelevels of caching.
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Figure 6.7: Number of block readsper query, for the following
seven schemegfrom left to right): no caching, result caching,
result plus projection caching, result plus list caching and all
thr eelevelsof cachingwith a256 MB list cache,and resultplus
list cachingand all thr eelevelsof cachingwith a4 GB list cache.

Withoutary cachingabout2000blocksarereadfor eachquery;
this is reducedto lessthan 1400 blocks usingjust resultcaching
(with eachsurviving queryactuallyhaving a costof 2700blocksas
shavn in Figure6.3). Thisis broughtdown to lessthan700 blocks
per queryby addingprojectioncaching. Using resultcachingand
list cachingwith a 256 MB list cache,we get a performanceof
about730 blocks,whichis reducedo about540 blocksby adding
projectioncaching. Note that a cacheof 256 MB is about2:5%
of the total index size of over 10 GB, andthus an exampleof a
mainly disk-boundsetup. On the otherhand,whenwe have a list
cachethat canhold almost40% of the total index (shawvn in the
two rightmostbars) thendisk accesslecreasew avery low level,
which meansthat CPU becomeshe primary bottleneck. In this
case projectioncachingincreaseslisk accessesut reducesCPU
work signi cantly asshavn in the previous subsectionwhich is
a desirableoutcomefor this case. (Essentially if disk is not the
bottleneckit is betterto fetch a small projectionfrom disk thanto
useamuchlargerinvertedlist thatis alreadyin memory)

7. CONCLUDING REMARKS

In this paperwe have proposeda new three-level cachingarchi-
tecturefor web searchengineshatcanimprove querythroughput.
The architectureintroducesa new intermediatecachinglevel for
searchenginesvith ANDquerysemanticgincludingessentiallyall



currentmajor engines}hat canexploit redundancien the query
streamthatarenot capturedby resultandlist cachingin two-level
architectures.Our experimentalevaluationon a large query log
from the Excite searchengineshaved signi cant improvementsin
performancedue to the extra level of caching. However, actual
performances highly dependenbn a good selectionof caching
policiesandthe systembottlenecksn the particulararchitecture.

Thereare several openquestionghat arisefrom this work. In
particular it would be interestingto performa more formal study
of the of ine andonline intersectioncachingproblemsde ned in
this paper For example,one could study approximationresults
for the greedyheuristic,or competitve ratiosfor the Landlord ap-
proachin ourscenarioprlook atthecasevhereweincludethecost
of generatingorojectionsinto the correspondingveightedcaching
problem.Anotherinterestingheoreticaljuestionconcernghe per
formanceof cachingschemesn certainclasse®f inputsequences,
e.g.,sequencethatfollow Zipf distributionsontermfrequencies.

It appearghatthe simple LRU schemepreviously alsousedin
[32] is actuallynotthe bestpossiblepolicy for list caching.In fact,
we have recentlyseeninterestingimprovementsbhasedon adapta-
tions of the Landlod algorithmwith and ° parameterso list
caching.We notethatthisapproaclis alsorelatedio recentwork by
Megiddo andModha[26] and otherson cachingpoliciesthatout-
performLRU in avarietyof applicationsWearecurrentlystudying
list cachingpoliciesin moredetail.

On the more practicalside, we expectthat additionaltuning of
thecachingpoliciesandtheavailability of largertracesvould shav
someadditionalgains,andwe alsoplanto fully integrateintersec-
tion cachinginto our existing high-performancejuery processor
Anotheropenquestionconcerngherelationshipbetweerintersec-
tion cachingandspecializedndex structuregor commonphrases.

Finally, it would be very interestingto evaluatecombinationof
cachingandpruningtechniquesn futurework. We believe thatin-
tegrating projectioncachinginto pruningtechniquessuchas[24]
shouldnot be dif cult for two reasons:First, asdiscussed pro-
jection can be treatedjust asary otherinvertedlist in the index.
Secondwe obsenred thatundera goodchoiceof policiesandpa-
rametersthe overheadf generatingprojectionss tiny, andwould
still be smallevenwhenaggressie pruningbringsdown the base-
line cost. We notethatmary searchenginesappearto usethe dis-
tancebetweerthe querytermsin a pageasanimportantfactorin
ranking. To our knowledgethereis no publishedwork on how to
apply pruningto suchtypesof ranking functions, which are not
basedn asimplecombinationof the scoredor differentterms.
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