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ABSTRACT
Largewebsearchengineshave to answerthousandsof queriesper
secondwith interactive responsetimes. Due to the sizesof the
datasetsinvolved, often in the rangeof multiple terabytes,a sin-
gle query may require the processingof hundredsof megabytes
or moreof index data. To keepup with this immenseworkload,
large searchenginesemploy clustersof hundredsor thousandsof
machines,andanumberof techniquessuchascaching,index com-
pression,andindex andquerypruningareusedto improve scala-
bility. In particular, two-level cachingtechniquescacheresultsof
repeatedidenticalqueriesat thefrontend,while index datafor fre-
quentlyusedquerytermsarecachedin eachnodeata lower level.

We proposeandevaluatea three-level cachingschemethatadds
an intermediatelevel of cachingfor additionalperformancegains.
Thisintermediatelevel attemptstoexploit frequentlyoccurringpairs
of termsby cachingintersectionsor projectionsof thecorrespond-
ing invertedlists. We proposeandstudyseveralof�ine andonline
algorithmsfor theresultingweightedcachingproblem,whichturns
out to be surprisinglyrich in structure.Our experimentalevalua-
tion basedon a large web crawl andreal searchenginequerylog
shows signi�cant performancegainsfor thebestschemes,both in
isolationandin combinationwith theothercachinglevels.Wealso
observe that a careful selectionof cacheadmissionand eviction
policiesis crucialfor bestoverall performance.

Categoriesand Subject Descriptors: H.4.m [Information Sys-
tems]: Miscellaneous;H.3.3 [Information StorageandRetrieval]:
InformationSearchandRetrieval; D.2.8 [SoftwareEngineering]:
Metrics

General Terms: Algorithms,Measurement,Performance,Experi-
mentation

Keywords: WebSearch,InvertedIndex, Caching.

1. INTRODUCTION
Dueto therapidgrowth of theWebfrom a few thousandpages

in 1993 to its currentsizeof several billion pages,usersincreas-
ingly dependon websearchenginesfor locatingrelevant informa-
tion. Oneof the main challengesfor searchenginesis to provide
a good ranking function that can identify the mostuseful results
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from amongthemany relevantpages,anda lot of researchhasfo-
cusedon how to improve ranking,e.g.,throughclever term-based
scoring,link analysis,or evaluationof usertraces.

Onceagoodrankingfunctionhasbeenengineered,querythrough-
put often becomesa critical issue. Large searchenginesneedto
answerthousandsof queriesper secondon collectionsof several
billion pages.Evenwith theconstructionof optimizedindex struc-
tures,eachuserquery requiresa signi�cant amountof datapro-
cessingon average.To dealwith this workload,searchenginesare
typically implementedon large clustersof hundredsor thousands
of servers,andtechniquessuchasindex compression,caching,and
resultpresortingandquerypruningareusedto increasethroughput
anddecreaseoverall cost.

To betterunderstandthe performanceissue,we needto look at
the basicstructureof currentsearchengines.Theseengines,like
many otherinformationretrieval tools,arebasedonaninvertedin-
dex, which is an index structurethat allows ef�cient retrieval of
documentscontaininga particularword (or term). An inverted
index consistsof many invertedlists, whereeachinvertedlist I w

containsthe IDs of all documentsin the collectionthat containa
particularword w, sortedby documentID or someothermeasure,
plus additionalinformationsuchasthe numberof occurrencesin
eachdocument,the exact positionsof the occurrences,and their
context (e.g.,in thetitle, in anchortext).

Given,e.g.,a querycontainingthesearchtermsapple, orange,
andpear, a typical searchenginereturnsthe10 or 100documents
thatscorehighestwith respectto theseterms.To do so,theengine
traversesthe invertedlist of eachquery term, andusesthe infor-
mationembeddedin the invertedlists, aboutthenumberof occur-
rencesof the termsin a document,their positions,andcontext, to
computeascorefor eachdocumentcontainingthesearchterms.In
addition,scoresbasedon link analysisor userfeedbackareoften
addedinto thetotalscoreof adocument;in mostcasesthisdoesnot
affect theoverallstructureof thecomputationif thesecontributions
canbeprecomputedof�ine (e.g.,usingPageRank).

Clearly, eachinvertedlist is muchsmallerthantheoverall docu-
mentcollection,andthusscanningtheinvertedlists for thesearch
termsis muchpreferableto scanningthe entirecollection. How-
ever, the lengthsof theinvertedlists grow linearly with thesizeof
the collection,andfor terabytecollectionswith billions of pages,
thelists for many commonlyusedsearchtermsarein therangeof
tensto hundredsof megabytesor even more. Thus,queryevalu-
ation is expensive, and large numbersof machinesareneededto
supportthe query loadsof hundredsor thousandsof queriesper
secondtypicalof majorengines.Thismotivatesthesearchfor new
techniquesthatcanincreasethenumberof queriespersecondthat
canbesustainedon a givensetof machines,andin additionto in-



dex compressionandquerypruning,cachingtechniqueshave been
widely studiedanddeployed.

Cachingin searchengineshasbeenstudiedon two levels [32].
The �rst level of caching,resultcaching, takesplaceat the front-
end,anddealswith thecasewhereidenticalqueriesareissuedre-
peatedlyby thesameor differentusers.Thus,by keepinga cache
of a few ten thousandto a few million resultsthat have recently
beenreturnedby theengine,wecan�lter repeatedqueriesfrom the
workloadandincreaseoverall throughput.Resultcachinghasbeen
studiedin [25,21,22,32,38]. It givesameasurablebene�t atalow
cost(eachresultcouldsimplybestoredasacompleteHTML page
in a few KB), thoughthe bene�t is limited by thedegreeof repe-
tition in the input stream.At a lower level, list caching is usedto
keepinvertedlists correspondingto frequentlyusedsearchterms
in main memory, resultingin additionalbene�ts for engineswith
disk-basedindex structures. The bene�ts of a two-level caching
approachin anactualsearchenginewerestudiedin [32].

In this paper, we proposeandevaluatea three-level architecture
with anadditionalintermediatelevel of caching.This level, called
intersectioncaching or projectioncaching (dependingon the im-
plementation),cachesinvertedlist datafor pairsof termsthatcom-
monly occurtogetherin querieswith morethantwo searchterms.
The basicideais very simpleandrelieson the fact thatall of the
majorsearchenginesby defaultonly returndocumentsthatcontain
all of the searchterms. This is in contrastto a lot of work in the
IR communitywhereeverydocumentcontainingat leastoneof the
termsparticipatesin the ranking;we will discussthis issueagain
later. Thus,searchenginesneedto scoreonly thosedocumentsthat
occurin theintersectionof theinvertedlists. Unfortunately, in most
casesthemostef�cient way to �nd theintersectionstill involvesa
completescanover the lists, andthis dominatesthecostof query
processing.By cachingpairwiseintersectionsbetweenlists,which
aretypically muchsmallerthaneachof the two lists, we hopeto
signi�cantly reducethis cost in subsequentqueries.We notethat
thebasicideaof cachingintersectionswasalsorecentlyproposed
in thecontext of P2P-basedsearchin [7], but thescenarioandob-
jectivesareratherdifferentasdiscussedlater.

While theideaof cachingintersectionsis verysimple,theresult-
ing weightedcaching problemturns out to be quite challenging.
In the main technicalpart of the paper, we discussand evaluate
severalonlineandof�ine cachingalgorithms.Evenvery restricted
classesof the problemareNP-Complete,but we show that there
are practicalapproachesthat performmuchbetterthan the basic
Landlord algorithm[39, 11] for weightedcachingon typicalquery
traces. We also performan evaluationof the performanceof all
threecachinglevelstogether. Theconclusionis thatcachinggives
a signi�cant overall boostin querythroughput,andthateachlevel
contributesmeasurably.

Thenext sectiongivessometechnicalbackground,andSection
3 discussesrelatedwork. The three-level cachingapproachis de-
scribedanddiscussedin detail in Section4. Section5 studiesthe
resultingintersectioncachingproblemandpresentstwo basicap-
proaches.Section6 re�nes theseapproachesandperformsa de-
tailed experimentalevaluationacrossall threecachinglevels. Fi-
nally, Section7 providessomeconcludingremarks.

2. SEARCH ENGINE QUERY PROCESSING
In thissection,weprovidesomebackgroundonqueryexecution

in searchengines.We assumethatwe have a documentcollection
D = f d0 ; d1 ; : : : dn � 1g of n web pagesthat have alreadybeen
crawledandareavailableondisk. Let W = f w0 ; w1 ; : : : ; wm � 1g
be all the different words that occur anywherein the collection.
Typically, almostany text string that appearsbetweenseparating

symbolssuchasspaces,commas,etc.,is treatedasavalid word(or
term) for indexing purposesin currentengines.

Indexes: An invertedindex I for thecollectionconsistsof a set
of invertedlistsI w 0 ; I w 1 ; : : : ; I w m � 1 wherelist I w containsapost-
ing for eachoccurrenceof word w. Eachpostingcontainsthe ID
of thedocumentwheretheword occurs,the(byteor approximate)
positionwithin the document,andpossiblyinformationaboutthe
context (in a title, in largeor bold font, in ananchortext) in which
theword occurs.Thepostingsin eachinvertedlist areoftensorted
by documentIDs, which enablescompressionof the list. Thus,
Booleanqueriescanbeimplementedasunionsandintersectionsof
theselists,while phrasesearches(e.g.,New York) canbeanswered
by looking at thepositionsof the two words. We refer to [37] for
moredetails.

Queries: A queryq = f t0 ; t1 ; : : : ; td� 1g isasetof terms(words).
For simplicity, we ignoresearchoptionssuchasphrasesearchesor
queriesrestrictedto certaindomainsat this point. In our caching
problemswe arepresentedwith a long sequenceof queriesQ =
q0 ; q1 ; : : : ; ql � 1 , whereqi = f t i

0 ; t i
1 ; : : : ; t i

d i � 1g.
Term-basedranking: Themostcommonway to performrank-

ing in IR systemsis basedon comparingthe words (terms)con-
tainedin thedocumentandin thequery. Moreprecisely, documents
aremodeledasunorderedbagsof words,anda ranking function
assignsa scoreto eachdocumentwith respectto thecurrentquery,
basedon the frequency of eachqueryword in thepageandin the
overall collection,thelengthof thedocument,andmaybethecon-
text of the occurrence(e.g., higher scoreif term in title or bold
face). Formally, a rankingfunction is a function F that, given a
queryq = f t0 ; t1 ; : : : td� 1g, assignsto eachdocumentD a score
F (D ; q). Thesystemthenreturnsthek documentswith thehighest
score.Onepopularclassof rankingfunctionsis thecosinemeasure
[37], for example

F (D ; q) =
d� 1

�

i =0

w(q; t i ) � w(D ; t i )
�

jD j
;

wherew(q; t) = ln(1 + n=f t ), w(D ; t) = 1 + ln f D ;t , andf D ;t

andf t arethefrequency of termt in documentD andin theentire
collection,respectively. Many otherranking functionshave been
proposed,and the techniquesin this paperarenot limited to any
particularclass.

AND vs. OR: Many ranking function studiedin the IR com-
munity, includingtheabove cosinemeasure,donot requireadocu-
mentto containall querytermsin orderto bereturnedin theresults.
(E.g.,a documentcontainingtwo outof threequerytermsmultiple
timesor in thetitle mayscorehigherthanadocumentcontainingall
threeterms.) However, mostsearchenginesenforceANDseman-
tics for queriesandonly considerdocumentscontainingall query
terms.This is donefor variousreasonsinvolving userexpectations,
collectionsize,and the preponderanceof shortqueries(thus, for
mostqueries,therewill be many documentscontainingall query
terms). Our approachfundamentallydependson ANDsemantics,
whicharethedefault in essentiallyall majorengines(e.g.,Google,
AltaVista,AllTheWeb,Inktomi, Lycos,Teoma,andWiseNut).

Query execution: Givenan invertedindex, a queryis executed
by computingthescoresof all documentsin theintersectionof the
invertedlists for the queryterms. This is mostef�ciently donein
a document-at-a-timeapproachwherewe simultaneouslyscanthe
invertedlists, which areusuallysortedby documentID, andcom-
putethescoresof any documentthat is encounteredin all lists. (It
is shown in [20] that this approachis moreef�cient thantheterm-
at-a-timeapproachwhereweprocesstheinvertedlistsoneafterthe
other.) Thus,scoresarecomputeden passantwhile materializing



the intersectionof the lists, and top-k scoresaremaintainedin a
heapstructure.In thecaseof ANDsemantics,thecostof perform-
ing the arithmeticoperationsfor computingscoresis dominated
by the costof traversingthe lists to �nd the documentsin the in-
tersection,sincethis intersectionis usuallymuchsmallerthanthe
completelists.

Searchenginesusea numberof additionalfactorsnot presentin
standardcosine-typerankingfunctions,suchascontext (e.g.,term
occursin title, URL, or bold face),termdistancewithin documents
(whethertwo termsoccur closeto eachother or far apart in the
text), andlink analysisanduserfeedback.The�rst two factorscan
beeasilyincludedwhile computingscoresasoutlinedabove. The
mostcommonlyusedway to integratethe other factorsis to pre-
computea global importancescorefor eachdocument,asdonein
PageRank[9], or afew importancescoresfor differenttopicgroups
[18], andto simply addthesescoresto the term-basedscoresdur-
ing queryexecution[29, 24,30]. Ourapproachdoesnotdependon
the rankingfunction aslong asthe total cost is dominatedby the
invertedlist traversal.

Search enginearchitecture: Major searchenginesarebasedon
largeclustersof serversconnectedby high-speedLANs, andeach
query is typically executedin parallel on a numberof machines.
In particular, currentenginesusuallyemploy a local index organi-
zationwhereeachmachineis assigneda subsetof thedocuments
andbuilds its own invertedindex on its subset.Userqueriesarere-
ceivedat a frontendmachinecalledqueryintegrator, whichbroad-
caststhe queryto all participatingmachines.Eachmachinethen
returnsits local top-10 resultsto thequeryintegratorto determine
theoverall top-10 documents[21].

Eachsubsetof the collection is alsoreplicatedandindexed on
several nodes,andmultiple independentquery integratorscanbe
used. We note that thereare alternative partitioning approaches
suchastheglobal index organizationandvarioushybridsthatare
not commonlyusedin largeenginesthoughthey mayhave advan-
tagesin certainscenarios;see[4, 27,36,35] for discussion.

Query processingoptimizations: Given simple mechanisms
for load balancingandenoughconcurrency on eachmachine,the
local index organizationresultsin highly ef�cient parallelprocess-
ing. Thus, the problemof optimizing overall throughputreduces
againto thesingle-nodecase,i.e.,how to maximizethenumberof
queriespersecondthat canbeprocessedlocally on eachmachine
with a reasonableresponsetime. Onecommonlyusedtechnique
is to compresseachinvertedlist usingvariouscodingtechniques
[37], thusreducingoverall I/O for disk-basedindex structuresbut
increasingCPU work. Becauseof this tradeoff, fairly simpleand
fast techniquestend to outperformschemesgearedtowardsopti-
mal compression[33]. Our experimentsusecompressionbut do
notdependon it.

Otheroptimizationsattemptto determinethetop-k resultswith-
outacompletescanof theintersectionor unionof theinvertedlists,
by presortingthelists accordingto their contributionsto thescore
and terminatingthe traversalearly (or by removing low-scoring
postingsfrom the index altogether[15]). Therehasbeena sig-
ni�cant amountof work in the IR and databasecommunitieson
this issueundervariousscenarios;see[1, 2, 12,14,16,24,28,35]
for recentwork. Variousschemesareapparentlyin usein current
enginesbut detailsarecloselyguarded.Notethatthesetechniques
aredesignedfor certaintypesof rankingfunctionsand,e.g.,donot
easilysupportuseof termdistancewithin documents.Our experi-
mentsusea full traversalof thelist intersections,but our approach
couldbeadaptedto prunedschemesaswell thoughthis is beyond
thescopeof this paper. A third commonoptimizationarecaching
schemes,discussedin detailin thenext section.

3. DISCUSSIONOF RELATED WORK
For morebackgroundonindexing andqueryexecutionin IR and

searchengines,see[3, 5, 37]. For basicsof searchenginearchi-
tecturewe refer to [8, 9, 21, 31]. In the following, we focuson
previous work on cachingandon otherissuesdirectly relevant to
ourwork.

Result caching: As indicated,resultcaching�lters out repeti-
tions in the querystreamby cachingthe completeresultsof pre-
vious queriesfor a limited amountof time. It wasstudiedin [25,
21, 22, 32, 38] andis probablyin usein mostmajorengines.Re-
sult cachingcanbeeasilyimplementedat thequeryintegrator, and
[38] alsoproposescachingresultsin theinternetcloserto theuser.
Work in [21, 22] also connectsresult cachingto the problemof
ef�ciently returningadditionalresult pagesfor a query, which is
mostef�ciently 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 thattheaveragenumberof searchtermsincreases
for thosequeriesthatareactuallyexecuted,sincesingle-termand
two-termqueriesaremorelikely to bealreadycached.

List caching: At thelower level insideeachmachine,frequently
accessedinvertedlists arecachedin mainmemoryto save on I/O.
Thisis sometimesdonetransparentlyby the�le systemor whenus-
ing a databasesystemsuchasBerkeley DB to storetheindex [27],
thoughfor typical IR andwebsearchworkloadsbetterresultsmay
beachievablewith specializedcachingpolicies[19]. Of course,list
cachingonlyappliesto disk-residentindex structures,andsomeen-
ginesattemptto keepall or mostof theindex in mainmemoryfor
optimumperformance.

Two-Level caching: In [32], Saraiva et al. evaluatea two-level
cachingarchitectureusingresultandlist cachingon thesearchen-
gineTodoBR, andshow thateachlevel contributessigni�cantly to
theoverallbene�t. For list caching,asimpleLRU approachis used.
Wenotethatit is possiblethattechniquessimilarto oursarealready
in usein oneof the majorengines,but this type of informationis
usuallykepthighly con�dential andwe arenotawareof it.

Caching in P2P search: The basicideaof cachingresultsof
intersectionsthat we usein our three-level cachingapproachwas
recentlyalsoproposedin thecontext of peer-to-peersearchin [7].
We notethattheapproachin [7] is quitedifferentfrom ours.Their
main goal is to avoid repeatedtransmissionsof invertedlist data
in a peer-to-peersystemwith global index organization,while we
areinterestedin improving querythroughputin eachnodeby de-
creasingdisk traf�c andCPUload.Themainemphasisin [7] is on
distributeddatastructuresfor keepingtrackof intersectionsthatare
cachedsomewherein the system,while in our casethis problem
is easilysolved by a standardlocal datastructure. Our emphasis
is on the useof intersectioncachingin a three-level cluster-based
architecture,with differentalgorithmsandcost trade-offs than in
a peer-to-peerenvironment,andits performanceon a large query
load from a realengine.As pointedout in [7], thereis alsosome
similarity to views andjoin indexesin databasesystems.

Set intersections: We notethat in somescenarios,thereareof
coursemoreef�cient waysto intersecttwo lists thanascan,in par-
ticular whenlists areof very differentlengths.However, for disk-
residentinvertedindexes,this is only true if the ratio betweenthe
list lengthsis quitelarge(ontheorderof thousandsor tensof thou-
sandsdependingon whetherdecodingcostis takinginto account).
Recentadaptivesetintersectiontechniques[13] alsodo not work
well for disk-residentstructures,althoughsomelimited bene�tsare
possiblein main-memoryandpeer-to-peerenvironments[23].



Optimizations for phrases: Cachingof intersectionsis related
to the problemof building optimizedindex structuresfor phrase
queries[6] (i.e., “New York”). In particular, intersectionscanbe
usedto evaluatephrasequeries,while on the otherhandsomeof
the most pro�table pairs of lists in intersectioncachingturn out
to be commonphrases.Note that exhaustive index structuresfor
two-word phraseshave only a smallconstantfactoroverheadover
a standardindex, sinceeachoccurrenceof a word is directly fol-
lowed by only oneotherword. Cachingall intersectionsbetween
terms,ontheotherhand,is impossibleandthusappropriatecaching
policiesareneeded.

Weighted caching: In many cachingproblems,the bene�t of
cachinganobjectis proportionalto its size(e.g.,whencachingto
avoid disk or network traf�c). Weightedcachingproblemsdeal
with thecasewhereeachobjecthasa sizeanda bene�t thatmay
becompletelyindependentof its size.Weightedcachingproblems
are,e.g.,studiedin [11, 39], which proposeandanalyzea simple
algorithmcalledLandlord that basicallyassignsleasesto objects
basedon their sizeandbene�t andevicts theobjectwith theearli-
estexpiring lease.Both [11, 39] performa competitive analysisof
the Landlord algorithm,andsomeexperimentalresultsfor a web
cachingscenariounrelatedto searcharegivenin [11]. In our case,
we aredealingwith a weightedcachingproblemwherethesizeof
the cachedobject is the sizeof an intersectionor projection,and
the bene�t is the differencebetweenthis sizeandthe sizesof the
completelists. Moreover, thereis alsoa cost in insertingan ob-
ject into thecache,which requiresusto employ appropriatecache
admissionpolicies.

4. A THREE­LEVEL CACHING APPROACH
We now describeanddiscussthe proposedthree-level caching

architecturein detail.Thearchitectureis motivatedby afew simple
observationson availablesearchenginelogs. In particular, result
cachingworks very well on single-termandtwo-termqueriesbut
doesnot performaswell on querieswith more terms,which are
lesslikely to be exactly repeated.However, an analysisof large
querylogsindicatesthatquerieswith threeor moretermsarelikely
to containat leastonepair of termsthat haspreviously appeared
together. Thus, a three-termquery f a; b;cg could be processed
by scanningthe invertedlist I a for term a and a cachedlist for
the intersectionof I b and I c . If the threelists I a , I b, I c are of
approximatelythesamelength,andtheintersectionof I b andI c is
muchsmallerthaneitherof thetwo lists,thenwewouldsavealmost
a factorof 3 even with only onepair having occurredpreviously.
If two pairs have previously occurred,then by scanningthe two
intersectionswe couldsave mostof thecostof thequery.

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

We will discusstheexactformatandtreatmentof thecachedin-
tersectionslater. By combiningresult,intersection,andlist caching,

we get a three-level cachingarchitectureshown in Figure4.1 and
summarizedasfollows:

� Result caching: The queryintegratormaintainsa cacheof
the resultsof recentqueries,either in memoryor on disk.
Cachesize and eviction policy are typically not critical as
large numbersof resultscan be cachedcheaply. For our
query log of abouta million queries,resultscanbe cached
essentiallyover theentirelog. Queriesnot coveredby result
cachingarebroadcastto queryprocessingnodes.

� Intersection caching: At eachnode,acertainamountof ex-
tra space,say 20% or 40% of the disk spaceusedby the
index, is reserved for cachingof intersections. Thesein-
tersectionsresideon disk and are basically treatedas part
of the inverted index or as a separateinverted index. For
eachquery, we check if any pairwiseintersectionsare al-
readycached,andusetheseto processthequery. In addition,
during processingwe createen passantadditionalintersec-
tions for someor all of the pairsof termsin the queryand
addthemto thecache.We will show thatthis canindeedbe
doneef�ciently .

� List caching: At thelowestlevel, a limited amountof main
memory(typically severalhundredMB in nodeswith at least
1GB of memory) is usedto cachefrequentlyaccessedin-
vertedlistsaswell asintersections.

Thus, intersectioncachingcomplementsresult cachingas it fo-
cuseson querieswith threeandmoreterms,andis orthogonalto
list caching.Intersectioncachingis relevantto bothdisk-basedand
memory-basedindex structures,thoughtheperformancerami�ca-
tionsaresomewhatdifferentaswe will see.

4.1 Intersection vs.Projection Caching
We now discussthe preciseformat of the cachedintersections.

Recallthataninvertedlist is a sequenceof postingssortedby doc-
umentID, with eachpostingcontainingthedocumentID andad-
ditional informationabouteachoccurrenceof thetermin thedoc-
ument. In order to usean intersectioninsteadof the original list
duringqueryexecution,this datahasto bepreserved for postings
whosedocumentIDs appearin both lists. Thus,a postingin the
intersectionlist would consistof a documentID and information
aboutall occurrencesof bothwordsin thedocument.

However, in our implementationwe decidedto follow a slightly
different approachwhich we call projection caching. Insteadof
creatinganintersectionof listsI a andI b, wecreatetwo projections
I a ! b andI b! a , whereI a ! b containsall postingsin I a whosedoc-
umentID alsoappearsin I b, andI b! a vice versa.Therearesev-
eral advantagesof this approach:(1) Projectedinvertedlists have
exactly thesameformatasotherinvertedlists andthusno changes
in the queryprocessorarerequired. Also, creationof projections
from completelists is very simple. (2) I a ! b andI b! a aretreated
independentlyby thelist andintersectioncachingmechanismsand
can be evicted separately, which is desirablein somecases. (3)
Someadditionalminoroptimizationsarepossibleduringqueryex-
ecution;e.g.,a queryf a; b;cg could be executedby usingI a ! b,
I b! c , and I c! a insteadof usingpairs. A disadvantageof using
projectionsis thatthetwo projectionsareslightly largerthana sin-
gle intersectionasthedocumentID is storedtwice. We decidedto
useprojectionsin our queryprocessorastheadvantagesoutweigh
theslightspacepenalty. Wenotethatourresultscanbestatedeither
in termsof intersectionor projectioncaching,andtheperformance
of bothschemesis comparable.



4.2 Caching Overheads
Onecommonassumptionis thatcachinganobjectdoesnotresult

in any costapartfrom somelimited administrative overhead(data
structures)andthespaceusedfor caching.In ourcontext, creation
of projectionsfor cachingis piggybacked onto query execution,
andthusonly involvesinvertedlists that arebeingretrieved from
disk by thequeryprocessoranyway. However, in reality thereare
somecostsassociatedwith creatingprojectionsandinsertingthem
into the cachethat needto be taken into accountin order to get
goodperformance.In additionto a very smalloverheadin making
cachingandqueryexecutiondecisions,wehavethefollowing more
signi�cant costs:

(1) Write cost: Sinceourprojectioncacheisdisk-based,anewly
insertedprojectionhasto bewritten out to disk.

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

(3) Projection creation: Eventhoughprojectionsarecreateden
passantduringexecutionof a query, without additionaldisk
accesses,thereis a certainCPU overheaddueto necessary
changesin thequeryprocessor.

We reportthe �rst costin our experimentsin termsof thenumber
of blockswritten out, andshow that it canbe kept at a fairly low
level comparedto the savings in readcosts. The secondcost is
typically fairly small, provided that a fastcompressionschemeis
usedfor theindex. In ourcase,weuseavariable-bytecompression
schemeevaluatedin [33], which achievesgoodcompressionat a
low cost. A more subtle issueis the CPU overheadin creating
the projections. As we show later, even in online schemesall of
thesecostscanactuallybe kept at a very low level by adoptinga
suitablecacheadmissionpolicy that preventsthe creationof too
many projectionsthat are likely to be evicted from cachebefore
beingused.

In the �rst part of our experimentalevaluation, we report re-
sultsin termsof “logical” diskblockaccesses,includingdisk reads
in queryprocessinganddisk writes for addingprojectionsto the
cache,but ignoringthecachingof lists in mainmemory. Thisgives
us a roughview of the relative performanceof variousschemes.
In Subsection6.2, we thendiscussin detail the CPU savings and
overheaddue to projectioncreation,while Subsection6.3 evalu-
atestheeffectof addinglist caching.Wenoteherethattheoptimal
choiceof cachingpoliciesdependson the relative speedsof disk
andCPU,thechoiceof compressionscheme,andwhetherthe in-
dex is primarily disk-basedor memory-based,andweareunableto
evaluateall casesin thelimited space.However, we will show that
signi�cant performancegainsarepossibleboth for primarily disk-
basedandmemory-basedindex structures,andthattheoverheadof
our schemesis very low.

5. BASIC POLICIES FOR INTERSECTION
CACHING

In thissection,westudycachemaintenancepoliciesfor intersec-
tion caching. We �rst de�ne the problemanddiscusscomplexity
issues,then presenta greedyalgorithmfor the of�ine versionof
theproblem,andthendescribetheLandlord algorithm[39, 11] for
weightedcaching.

5.1 Problem De�nition and Complexity
Recallthatwe aregivena sequenceof queriesQ = q0 ; q1 ; : : : ;

ql � 1 , whereqi = f t i
0 ; t i

1 ; : : : ; t i
d i � 1g. For any queryq = f t0 ; t1 ;

: : : ; td� 1g that is executed,we cangenerateandcacheany projec-
tions I t ! t 0 with t; t0 2 q, subjectto the maximumcachesizeC.
Thesizeof I t ! t 0 is jI t ! t 0j. Queryq canbeexecutedby scanning,
for eacht 2 q, eitherI t or any I t ! t 0 with t0 2 q that is currently
in thecache.Thecostof executingthequeryis equalto thesumof
thelengthsof thelists thatarescanned,andourgoalis to minimize
total queryexecutioncost.

We note that the resultsin this sectioncan be statedeither in
termsof intersectionsor projections. In the of�ine versionof the
problem,weassumethatthesequenceof queriesis known aheadof
timeandthatthesetof projectionsin thecacheis selectedandcre-
atedbeforethestartof execution.In theonlineversion,queriesare
presentedoneat a time andprojectionscanbecreatedandcached
duringexecutionof queriesasdescribedabove andevicted at any
point in time. For simplicity, wedonotchargefor thecostof creat-
ing theprojectionsin theabove de�nition, thoughour laterexperi-
mentswill alsoconsiderthis issue.

For the of�ine version, it is not dif�cult to seethat the prob-
lem is NP-Completethrougha reductionfrom SubsetSum[17], as
aremany othercachingproblemsthatallow arbitraryobjectsizes.
However, this observation doesnot really seemto capturethe full
complexity of ourproblem.Wecanstrengthentheresultasfollows.

THEOREM 1. Theof�ine problemis NP-Completeevenin the
casewhere all projectionsare of the samesizeand queriesare
limited to at most3 terms.

Proof sketch: By reductionfrom Vertex Cover. Given a graph
G = (V; E ) and an integer k, we constructan instanceof our
cachingproblemasfollows. We have oneterm tu for eachnode
in u 2 V , and in addition we have a specialterm t0. For each
edge(u; v) 2 E , we createa queryf tu ; tv ; t0g. We assumethat
all projectionsbetweentwo termsareof thesamesize(this canbe
achievedby makingall lists disjoint exceptfor a small setof doc-
umentIDs thatappearin all lists), andselecta cachesizethat �ts
exactly k projections.We alsoassumethat list I t 0 is signi�cantly
larger thanall of the I t u , say jI t 0j > 3 � jE j � jI t u j. Thenthere
exists a vertex cover of G of sizek iff thereexists a selectionof
cachedprojectionsthatallows thequerytraceto beexecutedwith
total costlessthanjI t 0j.

Wenotethatif all projectionsareof thesamesizeandqueriesare
limited to 2 terms,thenthe problemcanbe solved in polynomial
time. On theotherhand,theof�ine problemwith 3 termsremains
NP-Completeif we allow creationandeviction of projectionsdur-
ing query execution,and if we charge a cost for the creationof
projections.Wediscusstheonlineproblemfurtherbelow.

5.2 A SimpleGreedyAlgorithm
While in reality we do not have prior knowledgeof the query

sequence,the of�ine problemis nonethelessof practical interest
sinceit canbeusedto makecachespaceassignmentsfor thefuture
basedon analysisof recentlyissuedqueries. For this reason,we
now describea simple greedyalgorithm for the of�ine problem,
which in eachstepaddstheprojectionto thecachethatmaximizes
the ratio of additionalsavings in queryprocessingandprojection
size.It canbeimplementedasfollows:

1. For eachquery qi in the sequenceQ and eachprojection
I t ! t 0 with t; t0 2 qi , createanentry (t; t0; i; jI t ! t 0j; jI t j �
jI t ! t 0j). Notethatthelasttwo �elds arethesizeof thepro-
jectionandthebene�t whenusingit insteadof thefull list.

2. Combineall entrieswith identicalt , t0 into a singleone,but
with an additional�eld at the end, called the total bene�t,
thatcontainsthesumof thebene�tsin thecombinedentries,



andwith thesequenceof all querynumbersi in thecombined
entriesattachedto thenew entry.

3. Loadtheentriesinto a heapthatallowsextractionof theele-
mentwith maximumratioof total bene�t to projectionsize.

4. Repeatedlyextract an elementand add it to the cache. If
it doesnot �t, discardthe elementandchooseanotherone
until the heapis empty. After eachextraction of an entry
(t; t0; � ; � ; � ; � ), decreasethe total bene�t of all projections
(t; t00; � ; � ; � ; � ) for whicht; t0; t00appearin acommonquery.

The size,and thusbene�t, of a projectioncanbe ef�ciently esti-
matedusingsimplesamplingtechniques[10] andhencea scanof
the invertedlists is not really required. Ignoring theseestimation
costs,the above algorithm runs in time O(� lg(� )) in the worst
case,where� =

� l � 1
i =0 k2

i , i.e., thesumof thesquaresof thequery
sizes.In practice,this is a moderateconstanttimesthenumberof
queriessincemostqueriesareshort.

5.3 The Landlord Algorithm
We now considerthe online problem. The projectioncaching

problemis an instanceof a weightedcaching problem,whereob-
jectshavearbitrarysizesandcachingof anobjectresultsin savings
thatareindependentof (or at leastnot linear in) their sizes.Such
problemshavebeenstudied,e.g.,in [39, 11],whereaclassof algo-
rithmscalledLandlord is proposedandanalyzedusingcompetitive
analysis.We note,however, thatour problemcomeswith anaddi-
tional twist reminiscentof view selectionproblemsin databases,in
thatwecoulduseeitherI a ! b or I a ! c in executingaqueryf a; b;cg
but thereis little bene�t in usingboth.Thus,a projectionfor a fre-
quently occurringpair may actually not have muchbene�t since
theremaybeevenbetterprojectionsavailablein thecachefor most
querieswhereit is applicable.Landlord worksasfollows:

1. Whenever anobjectis insertedinto thecache,it is assigned
a deadlinegivenby theratio betweenits bene�t andits size.

2. If anotherobjectneedsto beevictedto make roomfor anew
one,we evict theelementwith smallestdeadlinedmin , and
deductdmin from thedeadlinesof all elementscurrentlyin
thecache.

3. Whenever an elementin the cacheis used,its deadlineis
resetto someappropriatevaluediscussedlater.

A noteaboutStep2: insteadof deductingdmin from all entries,the
algorithmis bestimplementedby summingup all valuesof dmin

thatshouldhave beendeductedthusfar, andtakingthis sumprop-
erly into account.Thus,thealgorithmis highly ef�cient. If in Step
3 deadlinesare resetto their original value (ratio betweenbene-
�t andsize),thenthealgorithmcanbeseenasa generalizationof
LRU for weightedcachingproblems.In [39, 11], thealgorithmis
shown to becompetitivewith anoptimumsolution,but theanalysis
doesnot carryover to ourproblemdueto theabove “twist”. In the
following, we will alsoexperimentwith several variationsof the
Landlord approachthatperformmuchbetteronourworkload.

6. EXPERIMENT AL EVALUATION
We now presentour experimentalsetupandgive somebaseline

results for the basic versionsof the greedyand Landlord algo-
rithms.In Subsection6.1wepresentandevaluatemodi�ed policies
with improvedperformance,andSubsection6.2discussestheCPU
overheadof projectioncreation.Finally, Subsection6.3presentsan
evaluationover all threelevelsof caching.

Data setsand experimental setup: For our experimentswe
useda subsetof 7:5 million pagesselectedat randomfrom a crawl

of about120million webpagescrawledby thePolyBotwebcrawler
[34] in Octoberof 2002. Thissubsetsizecorrespondsto ascenario
wherethe pagesareevenly distributedover a 16-nodesearchen-
gine,which is the typical setupin our lab. In this case,sincepro-
jection cachingoccursat eachindividual node,only onemachine
in the clusterwasused.The uncompressedsizeof thepageswas
over 100 GB, andafterduplicateeliminationandindexing we ob-
tainedan invertedindex structureof sizeabout10:8 GB. Though
currentcommercialenginesindex several billion pages,theseare
partitionedandreplicatedover thousandsof machines.We believe
thatoursetupof 7:5 million pagespernodeis a realisticscenario.

Queriesweretakenfrom a largelog of queriesissuedto theEx-
cite searchenginefrom 9:00to 16:59PSTon December20, 1999.
For theexperiments,we removedquerieswith stopwordsandwith
wordsthatdo not appearin our datacollection.Thenumberof re-
mainingqueriesis 1836248with atotalof 207788differentwords,
and the averagenumberof wordsper query is 2:88. We assume
a resultcachewith in�nite sizeon this query log; in general,we
expectthat resultcachesizeandeviction policy areunlikely to be
critical in termsof overall systemdesignandresources.

We createdtwo differentexperimentalsetupsto evaluatequery
processingcosts. Using onesetup,we measuredthe disk access
costsof thevariouspoliciesin termsof the total numberof 4 KB
diskblock accesses.Wehave foundthatthisprovidesa reasonable
estimateof thecostof our actualqueryprocessor[24] whenusing
one or two disks and a fast CPU. We usedanothersetupwhere
we preloadedinvertedlists into mainmemoryto measuretheCPU
costsof themethods,which is importantonsystemswith moreI/O
bandwidth. All experimentswererun on a Dell Optiplex 240GX
machinewith a 1:6 GHz P4, 1 GB of memory, and two 80 GB
disksrunningLinux.

Query characteristics: We �rst look at the distribution of the
ratios and total costsfor querieswith variousnumbersof terms,
by issuingthesequeriesto our queryprocessorwith 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: Distrib ution of fr equenciesand total costs for
querieswith differ ent numbersof terms.

Next, we look at how this distribution changesaswe �lter out
repeatedqueriesusingresultcaching.Figure6.2 shows the num-
ber of queriesbeforeand after result cachingfor different num-
bersof termsin thequery. We seethatthenumberof querieswith



few words is reducedsigni�cantly, while fewer querieswith four
or moretermsare�ltered out. Thus,after resultcaching,aneven
higherpercentageof thetotal block accesseswill bespenton long
queries,andthe averagecostper remainingqueryincreasesfrom
about2000to almost2700blocks. We alsoransomepreliminary
measurementson projectioncachingwith in�nite cachesize, to
estimatethe maximumpotentialbene�t from addingthis feature.
Our results,omitted due to spaceconstraints,showed that while
only a small numberof querieswerecompletelycoveredby pro-
jections(meaning,for eachtermtherewasa projectionthatcould
beusedinsteadof thecompletelist), many querieshadat leastone
or two projectionsthatcanbeused.This wasparticularlythecase
for longerqueries,andthuswe wouldexpectprojectioncachingto
work well in combinationwith resultcaching.
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Figure6.2: Number of queriesbefore and after result caching.
Resultsfor the greedyalgorithm: We now presentresultsfor

the basicversionsof the greedyandLandlord algorithms. In all
our experiments,we make sureto “warm up” all levels of caches
by running over most of the query log and only measuringthe
performanceof the last 200000queries(or someothernumberin
somecases).Thecostsarestatedastheaveragenumberof blocks
scannedfor each query that is not �lter ed out by result caching,
without list cachingwhichwill furtherimproveperformance.Thus,
the baselinewithout projectioncachingis about2700 block ac-
cessesperquery. Theoverall performanceacrossall threecaching
levelsis evaluatedin Subsection6.3.

In our �rst experiment,we usedthe greedyalgorithmfrom the
previoussectionon awindow of 250000queries(thetrainingwin-
dow) directly preceding250000queriesthat weremeasured(the
evaluationwindow). Thus,recentqueriesareanalyzedby thegreedy
algorithmto allocatespacein thecachefor projectionslikely to be
encounteredin the future, andonly theseprojectionsareallowed
into thecache.Therearetwo differentwaysin whichthisapproach
couldbeused:(1) After analyzingthequeriesin the trainingwin-
dow, we couldpreloadtheprojectioncachewith theprojectionse-
lectedby thegreedyalgorithm.This couldbedonesayoncea day
during thenight in a largebulk operationin orderto improve per-
formanceduringpeakhours.(2) Thesecondapproachis to create
theselectedprojectionsonly whenweencounterthecorresponding
pair in theevaluationwindow.

From Figure6.3, we seethat the performanceof thesetwo ap-
proachesis very similar acrossa rangeof cachesizes.Theonline
methodonly bene�ts from projectioncachingthe secondtime a
pair is encounteredin theevaluationwindow, sincetheprojection
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Figure 6.3: Block accessesper query for greedy projection
cachingwith various cachesizes.Zero cachesizemeansno pro-
jection caching. Shown are two curves,onefor the caseof pre-
computedprojectionsand onewhere they are createdonline.

cachesize 0:12 0:22 0:44 0:85 1:62 2:91 4:71
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. Theothermethodbene�tsevenon
the �rst occurrence,but usesalmosthalf the cachespacefor pre-
computedprojectionsthatareneverusedin theevaluationwindow.
Note that thecachesizeplottedin Figure6.3 is not themaximum
cachesize assumedby the greedyalgorithm, but the amountof
cachethat is actually�lled with projections(which is muchlower
thanthesizeassumedby thegreedyalgorithmin theonlinecase).

We observe thatevenwith only 1 GB cachesize(lessthan10%
of index size),we alreadyget a signi�cant improvementto about
1800blocksper query. In theonline case,we did not includethe
overheaddueto creationof intersectionsin Figure6.3,but asshown
in Table6.1 the numberof blockswritten out per query is fairly
small.For theothercase,we ignorethecostof preloadingthepro-
jections. The resultsindicatethat thereis probablynot too much
gainedfrom precomputingprojections,andthatanonlineapproach
is preferable.In fact,it is notdif�cult to improve theresultsfor the
onlinecaseby usingaslidingwindow approachthatavoidsstarting
outwith anemptycacheat thestartof eachnew window. However,
aswe show later, onlinepoliciesbasedon tuningtheLandlord ap-
proachperformevenbetter, andthuswe omit discussionof further
optimizationsof thegreedyapproach.

Performanceof basicLandlord: In Figure6.4,weshow results
for thebasicLandlord algorithmwherewe resetdeadlinesto their
original valueswhenever a cachedprojectionis usedagain. We
observe improved performancein termsof the numberof blocks
scannedperquerycomparedto thegreedyalgorithm,althoughthis
is partly due to the warm cacheat the start of the measurement
period.However, theamountof blockwritesin Landlord, shown in
thesecondgraphontopof thereadcosts,is quitehighsincealarge
numberof projectionsarecreatedand thenquickly evicted from
thecachewithouteverbeingused.Oncewetake thisoverheadinto
account,thebasicLandlord approachdoesnot provide any bene�t
for mostcachesizescomparedto notusingprojectioncaching.

In thenext subsection,we presentseveralre�nementsof theba-
sic Landlord approachthat dramaticallyreducethe overheadsof
the approachwhile also further improving block readcosts. The
main ideais that we needan appropriatecache admissionpolicy,
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Figure 6.4: Block reads(lower graph) and block readsplus
writes (upper graph) per executedquery, without projection
caching and with differ ent amounts of cachespaceunder the
basicLandlord approach.

in additionto a goodcacheeviction policy, to preventunpro�table
projectionsfrom beinggeneratedin the�rst place.Wenotethatthis
is differentfrom many othercachingscenarios(e.g.,webcaching),
whereit maybepreferableto justaddall encounteredobjectsto the
cacheandrely on theeviction policy to weedoutuselessentries.

6.1 Optimized Landlord Policies
We now considerhow to engineerthe basicLandlord policy to

improve performance.We presentand evaluatetwo main ideas:
(1) settinga moregenerousdeadlinefor projectionsalreadyin the
cachethatarebeingrenewed,and(2) limiting thenumberof projec-
tions that aregeneratedby not insertingevery possibleprojection
on the�rst encounter. Dueto spaceconstraints,we canonly give a
sampleof representative experimentalresults.

Landlord with � parameters: In thebasicLandlord approach
a projectionhasits deadlineresetto the original valuewhenever
it is usedagain. In order to give a boostto projectionsthat have
alreadyproveduseful,versusnewly encounteredpairsof terms,we
decideto give a longerdeadlineto projectionsthatarebeingreset.
(Thus,a tenantthat renews getsa longer leasethana tenantthat
just movesin.) In particular, a renewedprojectiongetsits original
deadlineplusafraction� of its remainingdeadline.In addition,we
experimentedwith keepinga differentfraction� 0 of theremaining
deadlineonthesecondandsubsequentrenewals.Weexperimented
with a numberof valuesfor � and � 0 and found very goodper-
formancefor � = 0:3 and� 0 = 0:2, thoughmany othervalues
between0 and1 achieve similar results.

Cacheadmissionpolicies: We experimentedwith several tech-
niquesfor limiting the numberof projectionsthatarecreatedand
insertedinto thecache.A simpleapproachis to never inserta pro-
jectionfor apairof termsthathasnotbeenpreviously encountered
(say, in the last few hours). A morere�ned rule would alsotake
into accountthecostof projectioncreationandtheamountof ben-
e�t thatresultsif theprojectionis usedinsteadof thefull lists.

After someexperimentingwearrivedatthefollowing policy. We
choosea window of theprevioust queries,for which we maintain
statisticsabouttheencounteredqueries.A projectionI a ! b is only
insertedinto the cacheif the correspondingpair of termshasoc-
curredmorethan

1 + � �
jI a ! bj

jI a j � jI a ! bj

timeswithin thelastt queries,for someparameter� . (Weuse� =
1:0 which works quite well.) In particular, this meanswe never
insertif thepairof termshasnotpreviouslyoccurredduringtheset
queries.Moreover, decreasingt will resultin fewer insertionsinto
thecache,anda projectionI a ! b that is not muchsmallerthanthe
list I a is only insertedif it hasoccurredrepeatedly. Thechoiceof
t is doneasfollows. We selectan insertionoverheadthat we are
willing to tolerate,sayb = 10 blocksof projectionsthatarewritten
outperqueryonaverage.Westartoutwith aninitial valueof t , say
t = 100000, periodicallyevaluatethe averagenumberof blocks
written out perquery, andthenincreaseor decreaset to adjustfor
any discrepancy. We foundthat this convergesquickly andresults
in a numberof blockwritesperqueryverycloseto thetargetb.

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 show the read cost (solid portion of bar) and
write cost(outlined) for four policiesfr om left to right: (a) basic
Landlord, (b) with � = 0:3 and � 0 = 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, resulting in negligible (in fact, invisible in this
chart) write cost.

Theresultsof theseoptimizationsareshown in Figure6.5,which
indicatethat �ne-tuning of thepoliciesis extremelyimportantfor
our problem.Thebestapproachbasedon theabove rule performs
slightly more block readson query processing,but is extremely
conservative aboutinsertingprojectionsandthusminimizeswrite
costsinto thecache.In thenext subsection,we show thatthis also
resultsin smallCPUoverheadfor piggybackedprojectioncreation
duringqueryprocessing.

A hybrid method: Wealsoexperimentedwith ahybridbetween
Landlord andthegreedymethodthatshows promisingresultsand
shouldperformeven betterthoughwe have not completelyengi-
neeredout all bottlenecks.In thehybrid,we usea sliding window
approachwhereperiodically(e.g.,every10000queries)weusethe
greedyalgorithm to analyzea certainwindow of recentqueries
(say, 60000queries).Any projectionchosenby the greedyalgo-
rithm is markedasprotected: onceit is cachedit cannotbeevicted
until it is unprotectedin anotherrun of thegreedyalgorithm. We
alsosimultaneouslyrunLandlord with optimizationsto utilize any
cachespacenotclaimedby thegreedyalgorithm.Weexperimented
with variousratiosof cachesizeusedby thegreedymethodversus
total cache;detailsareomitteddueto spaceconstraints.



6.2 CPU Overheadof CreatingProjections
We now addressthe CPU overheadof creatingprojectionsin

our query processor. To do so, we needto understandhow the
queryprocessorgeneratesintersectionsof invertedlistsduringnor-
mal queryexecution.This is donein a document-at-a-timemanner
by simultaneouslyscanningall lists. More precisely, we �rst scan
an elementfrom the shortestlist, and then searchforward for a
matchingelementin thesecond-shortestlist. If suchanelementis
found,wesearchforwardin thenext list, otherwisewereturnto the
shortestlist. For querieswith morethantwo or threekeywords,it
is quitecommonthatmany of theforwardsearchesinto thelongest
list canskipseveralblocksata time,givenanappropriateindexing
scheme.However, it is rarefor skipsto belongenoughto improve
disk performanceon modernhard disks, sinceeachinvertedlist
is laid out sequentiallyon disk for optimizedscanning.However,
skippingblocksdoesresultin savingsin list decodingsincewecan
avoid decodingtheentirelist (assumingablockedcodingscheme).

However, whengeneratinga projection,saybetweenthelongest
andtheshortestlist, we oftenhave to decodealmostall theblocks,
resultingin higherCPU cost thannormalqueryprocessing.The
additionalCPUcostis relatedto thesizeof thecreatedprojection,
andthuspoliciesthatdecreasethenumberof block writesfor cre-
atedprojectionsalsotendto dowell in termsof CPUperformance.
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Figure6.6: Costper query for optimized Landlord, relative to a
query processorwithout projection caching (100%). We show
the number of tuples encodedand decoded,CPU time, and the
number of disk blocksaccessed.We 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 generationcan indeedbe done
en passantand essentiallyfor fr eeduring query execution.

In Figure6.6, we show the costof queryprocessingwith opti-
mizedprojectioncachingversusa queryprocessorwithoutprojec-
tion caching,measuredby executingquerieson memory-resident
invertedlists. We seethat policieswith low b, i.e., that arevery
conservative aboutgeneratingprojections,performwell in termsof
CPUcost,andthatCPUcostcloselycorrelateswith thetotalnum-
ber of tuplesencodedanddecoded.Projectioncachingperforms
additionaldecodingof tuplesduring creationof projections,but
savesdecodinglaterwhentheprojectionsareusedin otherqueries.
Overall,we observe a 25%decreasein CPUcost,implying a 33%
increasein query throughputin a CPU-limitedsystem,while the
bene�t for disk-boundsystemsis even higher. We experimented
with severalblock sizesfor theblocked compressionscheme,and

observedsimilar relativebehavior from afew hundredbytesto sev-
eralKB. (In absoluteterms,thesmallerblock sizesresultin lower
CPUcostfor queryprocessingasthey decodefewerpostingsover-
all, but therelativebene�t of projectioncachingis aboutthesame.)

6.3 Evaluation of Multi­Le vel Caching
We now evaluatequery processingperformanceover all three

levelsof caching.As suggestedin [32] weuseLRU for list caching.
Inverted lists correspondingto projectionsare treatedby the list
cachingmechanismjust asany otherinvertedlist (this turnsout to
performbest).For projectioncachingweusetheoptimizedversion
of Landlord from theprevioussubsection,with negligible overhead
for generatingprojectionsonline. Note that in the following, we
reporttheaveragenumberof blockreadsoverall queries,including
those�ltered out by resultcaching.This allows a comparisonover
all threelevelsof caching.
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Figure6.7: Number of block readsper query, for the following
seven schemes(fr om left to right): no caching, result caching,
result plus projection caching, result plus list caching and all
thr eelevelsof cachingwith a 256MB list cache,and resultplus
list cachingandall thr eelevelsof cachingwith a 4 GB list cache.

Withoutany caching,about2000blocksarereadfor eachquery;
this is reducedto lessthan1400 blocksusing just resultcaching
(with eachsurviving queryactuallyhaving acostof 2700blocksas
shown in Figure6.3).This is broughtdown to lessthan700blocks
perqueryby addingprojectioncaching.Usingresultcachingand
list cachingwith a 256 MB list cache,we get a performanceof
about730blocks,which is reducedto about540blocksby adding
projectioncaching. Note that a cacheof 256 MB is about2:5%
of the total index sizeof over 10 GB, and thus an exampleof a
mainly disk-boundsetup.On theotherhand,whenwe have a list
cachethat canhold almost40% of the total index (shown in the
two rightmostbars),thendiskaccessdecreasesto a very low level,
which meansthat CPU becomesthe primary bottleneck. In this
case,projectioncachingincreasesdisk accessesbut reducesCPU
work signi�cantly asshown in the previous subsection,which is
a desirableoutcomefor this case. (Essentially, if disk is not the
bottleneck,it is betterto fetcha smallprojectionfrom disk thanto
usea muchlargerinvertedlist thatis alreadyin memory.)

7. CONCLUDING REMARKS
In this paper, we have proposeda new three-level cachingarchi-

tecturefor websearchenginesthatcanimprove querythroughput.
The architectureintroducesa new intermediatecachinglevel for
searchengineswith ANDquerysemantics(includingessentiallyall



currentmajor engines)that canexploit redundanciesin the query
streamthatarenot capturedby resultandlist cachingin two-level
architectures.Our experimentalevaluationon a large query log
from theExcitesearchengineshowedsigni�cant improvementsin
performancedue to the extra level of caching. However, actual
performanceis highly dependenton a good selectionof caching
policiesandthesystembottlenecksin theparticulararchitecture.

Thereareseveral openquestionsthat arisefrom this work. In
particular, it would be interestingto performa moreformal study
of the of�ine andonline intersectioncachingproblemsde�ned in
this paper. For example,one could study approximationresults
for thegreedyheuristic,or competitive ratiosfor theLandlord ap-
proachin ourscenario,or look atthecasewhereweincludethecost
of generatingprojectionsinto thecorrespondingweightedcaching
problem.Anotherinterestingtheoreticalquestionconcernstheper-
formanceof cachingschemesoncertainclassesof inputsequences,
e.g.,sequencesthatfollow Zipf distributionson termfrequencies.

It appearsthat the simpleLRU schemepreviously alsousedin
[32] is actuallynot thebestpossiblepolicy for list caching.In fact,
we have recentlyseeninterestingimprovementsbasedon adapta-
tions of the Landlord algorithmwith � and � 0 parametersto list
caching.Wenotethatthisapproachisalsorelatedto recentworkby
MegiddoandModha[26] andotherson cachingpoliciesthatout-
performLRU in avarietyof applications.Wearecurrentlystudying
list cachingpoliciesin moredetail.

On the morepracticalside,we expectthat additionaltuning of
thecachingpoliciesandtheavailability of largertraceswouldshow
someadditionalgains,andwe alsoplanto fully integrateintersec-
tion cachinginto our existing high-performancequeryprocessor.
Anotheropenquestionconcernstherelationshipbetweenintersec-
tion cachingandspecializedindex structuresfor commonphrases.

Finally, it would bevery interestingto evaluatecombinationsof
cachingandpruningtechniquesin futurework. Webelieve thatin-
tegratingprojectioncachinginto pruningtechniquessuchas[24]
shouldnot be dif�cult for two reasons:First, asdiscusseda pro-
jection canbe treatedjust asany other invertedlist in the index.
Second,we observed thatundera goodchoiceof policiesandpa-
rameters,theoverheadof generatingprojectionsis tiny, andwould
still besmallevenwhenaggressive pruningbringsdown thebase-
line cost. We notethatmany searchenginesappearto usethedis-
tancebetweenthequerytermsin a pageasan importantfactorin
ranking. To our knowledgethereis no publishedwork on how to
apply pruning to suchtypesof ranking functions,which are not
basedon asimplecombinationof thescoresfor differentterms.
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