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Abstract

Recent years have witnessed a rapid rise of a new class of data-intensive applications in

which data arrive as transient, high-volume streams. Financial data processing, network

monitoring, and sensor networks are all examples of such applications. Traditional rela-

tional database systems model data as persistent relations, but for this new class of ap-

plications, it is more appropriate to model data as unbounded streams with continuously

arriving tuples. The stream data model necessitates a new style of queries called continu-

ous queries. Unlike a one-time query executed over a single finite and static database state,

a continuous query continuously generates new result tuples as new stream tuples arrive.

This dissertation tackles a range of challenges that arise in processing continuous

queries. Specifically, for resource-constrained settings, this dissertation proposes tech-

niques for coping with response-time and memory constraints. To scale to a large number

of continuous queries running concurrently, this dissertation proposes techniques for in-

dexing continuous queries as data, and processing and optimizing incoming stream tuples

as queries over such data. A common theme underlying most of these techniques is ex-

ploiting the characteristics of the data and the continuous queries, e.g., asymmetry in the

costs of processing different streams, temporal trends in the values of stream attributes,

and clusteredness that arises in a large number of continuous queries.
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Chapter 1

Intr oduction

1.1 Overview

From One-TimeQueriesto Continuous Queries

Traditional relational database management system (RDBMS) utilizes a query-response paradigm

in which all data are managed in a certain form of data sets and users submit their queries against a

static database. A query engine is responsible for parsing, compiling, executing queries and finally

returning users with a finite query answer set. One-time query over persistent data is suitable for

applications in which a certain portion of data will be queried by users repeatedly over time while

updates to database are relatively infrequent.

However, such paradigm is not applicable in many recent applications in which data are col-

lected as data streams instead of static data sets. For example, in a real-time system monitoring

stock tickers, all stock IDs with their newest prices and transaction volumes are tagged with time

stamps and arrive at database in a temporal order. Data streams are particularly appropriate for

applications where data are changing constantly and they are usually unbounded and arrive con-

tinuously in fast speed. Therefore, it is usually impossible to store all the data in streams and

query them later. A new query paradigm, namely continuous query, has been proposed to query

data streams in which users register their specification of interests as standing queries and expect

to continuously receive query results over continuously arriving data. Besides the real-time stock

tickers monitoring system, other representative applications of continuous queries include moni-

toring systems which track performance measurements of manufacturing process, call records in

telecommunication systems, email messages, log records, network traffic, and many others. They

are also tightly coupled with sensor networks which are usually deployed to monitor environment

changes, and RSS feeds which allow users to specify their interests on web pages and receive most

1



updated content of interested pages. All such heavily stream-oriented applications make traditional

RDBMS ill-equipped because they are not designed to store and query streaming data sets with fast

and unbounded updates, and will hence usually degenerate to an offline storage system with poor

query functionality and performance.

Below we use an example application to explain the need for continuously queries and how

traditional RDBMS is inadequate. Suppose our data stream processing system receives a stream S

of measurements from a network of sensors monitoring environmental temperature, and in S each

measurement is timestamped by the sensors at the time of measurement. Ideally, the timestamps

would be perfectly ordered if there were only a single sensor and it communicated to the system

using a reliable protocol like TCP. However, there are many sensors communicating with the system

at the same time using a low-overhead connectionless protocol like UDP over a slow and unreliable

network. The measurements may arrive out of order and its the timestamps may follow a certain

distribution centered at current time minus average latency. Suppose there is a second stream R of

timestamped measurements of humidity from another network of sensors. Similar to S, tuples in R

arrive out of order due to unreliable network communication. We wish to correlate measurements

from R and S that were taken at the same time and on the same area. The query is an equijoin

between R and S on the measurement timestamps. The monitoring query can be written as:

SELECT *

FROMR,S

WHERER.timestamp = S.timestamp AND R.areaID = S.areaID

GROUPBY R.areaID

If all historical data are available and new readings arrive at server at low speed, functionality

of this query can be achieved by a conventional RDBMS. However, for heavily stream-oriented

applications, since data arrive with very fast speed, e.g., in some network monitoring systems more

than tens of thousand new tuples can arrive per second, it is usually impossible for server to process

every tuple in traditional manner by treating it as an update to static database. In this example,

since all tuples in R and S stream into database with distorted temporal order, for a tuple r in

stream R, a static query may take long time to evaluate before the RDBMS is sure that there
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will not beany moreS tupleswhich canjoin with r . Without speci“c techniquesto addressnew

challenges,conventionalRDBMSdoesnothaveenoughprocessingpowerandmemoryto catchup

with high speedandunboundeddatastreams. In addition,despitethehigh volume datain streams,

suchdatamay not necessarilyexhaustively representthe physicalreality. For example, in some

applicationssuchassensor, limited power on eachsensoris alwaysa major concernand it cannot

afford to transmit readingsall the time, and in RFID (Radio Frequency Identi“cation) networks,

data collection is inherently unreliable resulting in errors and missing data. Traditional RDBMSis

notdesignedto dealwith suchdatamisrepresentationsbecauseit treatsevery updateasanaccurate

representationof physicalworld and focuseson storing and querying thesedata in the form of

persistentrelations.

New applicationsinvolving datastreams also introducenew querieswhich traditionalone-time

querybasedonstandardSQL semanticscannotrepresenteasily. In aboveexamplemonitoringtem-

peraturesin a wide areaenvironment, we needto continuouslyspotareaswherethe temperature

readingis above 10%higherthantheaveragetemperatureof thesame areain past24 hours.Such

queriesintroducea sliding window with respectto some landmarks, e.g., current time in above

example. Queriesover moving sliding windows are particularly useful for monitoring purpose

in many datastreamapplications,but the new window operatorin such queriesraisesmany new

researchissueswhich traditional RDBMSoptimizedfor one-timequerydoesnot meet.For exam-

ple, asthe window moves forward,queryresultsmust be updatedto re”ect new arriving tuple in

the window and old tuplesdroppedout. Althoughsigni“cantamount of researchwork hasbeen

conductedin RDBMS to update view ef“ ciently over databaseupdates,suchissueshave not been

seriouslyaddressedin datastreams applications.

Brie” y, recently emerging applicationinvolving high speedunboundeddata streams brings

necessityfor anew paradigmof continuousquery, whichis signi“cantlydifferentfrom conventional

RDBMSoptimizedfor one-time query in many aspectsranging from high-level query semantics to

low-level queryoptimizationand executiontechniques.
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From One Query at a Time to Many Queriesat a Time

In conventional RDBMS, individual queries are typically executed separately. However, in a con-

tinuousqueryprocessingsystem, all queriesmustbe evaluatedsimultaneouslyfor eachdataitem

arriving in astream. Publish/subscribe systemshavelongbeenanapplicationof continuousqueries,

even beforethe term •continuousqueriesŽwascoined. On a high level, a publish/subscribesys-

tem is responsiblefor delivering events publishedby publishers to subscribers who are interested

in them. An event modelsa changein the stateof the physicalworld, e.g., a car•s statechanges

from •for saleŽto •sold,Ž or the IBM stockprice risesby 10% over the last ten days. In a pub-

lish/subscribesystem, dataarepublishedin the form of anunboundedstreamof events,and pub-

lishersarenotwareof thenumbersubscribersareandhow thesesubscribersaredistributedover the

network.On theotherhand,subscribersexpresstheir interestsin theform of topics,eventpatterns,

or evengeneralSQL queries,without worrying aboutwherethepublishersarelocated.For exam-

ple, in theenvironmentalmonitoringexample describedabove, sensorsdonotneedto consideruser

subscriptions,while usersmay subscribeto temperatureinformation of differentareasof interest

withoutknowinghow this information iscollectedandtransmittedby thesensors.Suchdecoupling

of datapublishersandsubscribersmakesit easierto achieve greaterscalabilityand” exibility. Be-

causeof this feature,publish/subscribesystems have received moreattentionfrom bothacademia

andindustryrecently.

Publish/subscribesystems canbeclassi“ed into two categories: subject-based (or topic-based)

andcontent-based systems. In asubject-basedpublish/subscribesystem, ausercanpick prescribed

groupsbasedonherinterestandreceiveall messagesbelongto thosesubscribedgroups.Thegroup

is also known asas feed, channel,or subject. Each incoming event accordinglywill be labeled

by one or more subjects,associatedwith correspondinggroupsand forwardedto all userswho

subscribethe groupsthat event belongsto. For example, in a publish/subscribesystemreceiving

real-time stock tickers, an event contains•IBM• stockprice canbe labeledwith a tag •TechSec-

tor Stocks• and all usersinterestedin tech stockswill receive this event. Usually an event can

belongto multiple subjectsand a usercansubscribemultiple channels.Therefore,to implement

subject-basedpublish/subscribesystems, wemustmaintainan associativetableto resolvethemany-
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to-many relationships between subject and their subscribers. Topic-based publish/subscribeadopts

a static infrastructure and its simplicity enables efficient implementation and an intuitive user in-

terface. Although subject-based publish/subscribe systems are relatively easier to build, its major

limitation lies in highly restrictive expressive power in subscriptions: users can only choose from a

set of predefined topics or channels, and it is impossible for users to register more complex event

patterns instead of raw events. Most early publish/subscribe systems such as Scribe [CDKR02a]

fall into subject-based publish/subscribe system.

In content-based publish/subscribe systems, on the other hand, subscribers specify their interest

through event filters and or more general SQL queries over event history. There is no constraint

that an incoming has to be labeled by subjects or topics. Published events are matched against

the subscriptions and sent to the users if such events satisfy the subscriptions. In particular, by

representing the current state of the data of interest using a database, we can view published events

as a stream of modifications to the database, and subscriptions as queries over the database. A

subscriber is notified whenever the result of the subscription query changes. In effect, subscriptions

become continuous queries over the database motification stream. Content-based publish/subscribe

systems are more flexible and useful than subject-based publish/subscribe systems because users

can specify their interests using filters or even more powerful SQL queries more accurately than

predefined subjects. For example, a content-based publish/subscribe system monitoring real-time

stock tickers can allow users to register subscriptions like “notify me when IBM stock price is

over $100 or below $50” instead of specific groups like “Tech Sector Stocks.” The increased

expressiveness in subscriptions not only allows users to register more complex and interesting event

patterns, but also reduces uninteresting notifications to users. In the example above, a user may be

interested in being notified only when price of IBM stock is over a certain threshold, and is not

willing to receive a large amount of real-time ticker data all the time. Compared with subject-based

system, content-based publish/subscribe system can significantly reduce the messages delivered

to users. This advantage is particularly important for applications such as mobile computing and

sensor networks, where constraints on network bandwidth and device processing power make it

infeasible to deliver a large amount of uninteresting messages that require further processing.
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Earlier content-based publish/subscribe systems only handle filters that are essentially conjunc-

tive selection queries. For example, in a real-time stock ticker monitoring system, a filter query can

ask for all tech stocks whose price earning ratio (PER) is over 2.5, and whose recent transaction

price drops by at least 5% from its last close price:

SELECT price, vol

FROMSTOCK

WHERESTOCK.sector = •TECH• AND STOCK.per > 2.5

AND STOCK.price <= 0.95 * STOCK.close

Simple filters are relatively easy to process scalably, but in many scenarios we are interested in

more complex continuous queries that cannot be represented as selections. For example, the fol-

lowing range-aggregation continuous query asks for stocks with the minimal price-to-earning ratio

among those stocks whose risk factors are rated in a certain range between low and high:

SELECT MIN(PER)

FROMSTOCK

WHERElow <= RISK AND RISK <= high

Another example is join, which relates tuples from two input streams according to a prescribed

join condition over two joining tuples. These types of complex continuous queries are beyond the

capabilities of the current filter-based publish/subscribe systems. As we will see later in this dis-

sertation, supporting scalable processing of these complex continuous queries requires non-trivial

extensions to current systems.

1.2 Challenges

This dissertation tackles a range of challenges that arise in processing continuous queries:

• The first challenge arises in processing complex queries over streams under tight space and

time constraints. For example, accurate join processing may require potentially unbounded

amount of state, which is infeasible to store in entirety in fast main memory. As another

example, applications may impose response-time constraints, i.e., upper bounds on the time
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it takes to produce the up-to-date result of a continuous query upon request. To deal with

these constraints, we need efficient processing and approximation techniques.

• The second challenge is scaling up to a large number of continuous queries. For each incom-

ing data stream tuple, the system needs to identify all continuous queries that are affected

by the incoming tuple, compute changes to their query results, and notify the users of the

result changes. Clearly, processing all queries one by one is not scalable. Instead, the system

must quickly identify the set of affected queries without scanning all of them. It also needs

to exploit opportunities for sharing the processing. Furthermore, complex queries such as

joins and range aggregations are much more difficult to process than simple queries such as

1-d range filters, which can be processed efficiently using an index constructed on all query

ranges using known data structures, e.g., interval tree [AV03].

• The third challenge arises in supporting efficient delivery of continuous query result delivery

in wide-area publish/subscribe systems. Research in the database community traditionally

has focused on server-side processing and ignored the issue of delivery, but it is obviously

not scalable to rely on point-to-point communication for delivering results to a large number

of subscribers. Research in the networking and systems communities has considered only

subscription languages with very limited expressive power. To support efficient result de-

livery as well as an expressive subscription language, the database server and the network

must work together: The server should push delivery and some part of continuous query

processing into the network, but without impairing simplicity and efficiency of the network

implementation. Doing so changes the way that the database server produces answers. The

server should no longer produce a list of affected continuous queries. Instead, it can compute

a “semantic” description of all such affected queries in the form of a condition over query

parameters, which can be efficiently reached by a standard content-based network. To this

end, we must develop efficient techniques for computing semantic descriptions instead of

enumerating lists of affected queries. To the best of our knowledge, there has been previ-

ous work on such techniques because the interface between the server and the network in

publish/subscribe systems has been mostly overlooked by previous research.
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1.3 Contrib utions

This dissertationaddressesthe challengesdiscussedabove. We develop a seriesof continuous

queryoptimization techniquesaimedat improving ef“ ciency, scalability, and expressive power of

continuousquery processingsystems. The contributions of this dissertationare summarized as

follows:

€ Chapter2 investigatesthe use of batchprocessingin improving the ef“ ciency of contin-

uousquery processingundera response-time constraint. In certainapplicationscenarios,

usersmay pull continuousqueryresultsasthey want; hence,we only needto computethe

updatedquery resultsuponrequests.In addition,some publish/subscribesystems support

subscriptionswith user-speci“ed noti“ cationconditions;subscribersare noti“ edwith result

updatesonly whenthenoti“ cationconditionsaretriggered(asopposedto whenever there-

sult changes).For suchsystems, it is only necessaryto computethe updatedresultswhen

needed.

Batchprocessingcanbemuchmoreef“ cient thanprocessingindividual tuplesoneata time,

but wecannotbatchinde“nitely becausethecostof processinga big batchcould eventually

violatetheresponse-time constraint.Thetraditionalapproachis to processall batchedtuples

relevant to the continuousquerieswhenever the sizeof the batch is aboutto become large

enoughto violate theresponse-time constraint.However, we observe that thereoften exists

naturalasymmetry amongdifferentcomponentsof theprocessingcost. For example, input

tuplesfrom onestreammightbeeasierto processthanthosefrom anotherstreambecauseof

some index. We exploit suchasymmetriesusinganunconventional strategy thatselectively

processestuplesfrom some streams while keepingbatchingothers. We presenta seriesof

analyticalresultsleadingto the development of a practicalalgorithmthat approximatesan

•oraclealgorithmŽwith perfectknowledgeof thefuture.With experimentson a benchmark

database,we demonstratethat our strategy offers substantialperformancegainsover tradi-

tional techniques.

€ As discussedearlier, oneof themajor challengesof continuousqueryprocessingis thelim-
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itedresourcesin contrastto unboundedinputstreams. In mostcaseswecannotafford to store

all tuplesin datastreams in mainmemory. In Chapter3, weconsidertheproblemof joining

datastreams using limited cachememory, with thegoalof producingas many resulttuples

aspossiblefrom the cache.Many cachereplacement heuristicshave beenproposedin the

past. Their performanceoften relieson implicit assumptions aboutthe input streams, e.g.,

that the join attribute valuesfollow a relatively stationarydistribution. However, in general

andin practice,streamsoftenexhibit morecomplex behaviors,suchasincreasingtrendsand

randomwalks,renderingthese•hardwiredŽheuristicsinadequate.Weproposea framework

thatis ableto exploit known or observed statisticalpropertiesof inputstreamsto makecache

replacement decisionsaimed at maximizing theexpectednumberof resulttuples. To illus-

tratethecomplexity of thesolution space,weshow thatevenanalgorithmthatconsiders,at

every time step,all possiblesequencesof future replacementdecisionsmay not beoptimal.

Wethenidentify aconditionbetweentwo candidatetuplesunderwhichanoptimal algorithm

wouldalwayschooseonetupleover theotherto replace.Wedevelop aheuristicthatbehaves

consistentlywith anoptimal algorithmwhenever thisconditionissatis“ed. Weshow through

experimentsthat our heuristicoutperforms previous ones.As anotherevidenceof thegen-

erality of our framework, weshow that theclassiccaching/pagingproblemfor static objects

canbereducedto astreamjoin problemandanalyzedunderour framework, yielding results

thatagreewith or extendclassicones.

€ Chapter4 considersthe problemof processinga large number of continuousjoin queries.

Queriesinvolving joins are much harderto processthansimple query like “ lters, because

whetheror not a continuousjoin will be affectednot only dependson the incoming event

itself, but also on the presenceof joining tuples in the current databasestate. We pro-

posetechniquesfor ef“ ciently processinga large number of concurrentcontinuousjoins.

Our solutions arebasedon a powerful observation that in practice,concurrentcontinuous

queriesin asystemtendto exhibit clusteredness asthey re”ectoverlapping(thoughnotnec-

essaryidentical)userinterests.Continuousqueriesthatfall into thesamecluster(i.e., whose

queryrangessharea common point) canbeprocessedef“ ciently asa group. Intuitively, we
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partition all continuous queries into clusters, and process large clusters using novel group-

processing techniques. Small clusters, on the other hand, can be processed using standard

techniques. Our techniques degenerate gracefully to standard techniques if the degree of

clusteredness is low, but for highly clustered queries, our techniques perform substantially

better.

Furthermore, we make our techniques input-sensitive not only in the sense that we exploit the

clusteredness of continuous queries, but also in that we choose the most promising processing

strategy for each incoming event based on cost estimation. We show that our dynamic, cost-

based approach significantly outperforms static processing strategies, with low optimization

overhead.

• Traditionally, work on publish/subscribe systems has been compartmentalized by research

communities. For the database community, researchers focus mainly on server-side algo-

rithms and data structures to efficiently process as many continuous queries as possible, with

little regard to result dissemination over a network. Simple unicast is typically used to send

our query results, which is very inefficient when a large number of subscribers need to be

notified. On the other hand, solutions offered by the networking community, such as content-

based networking, do not support complex queries beyond event filters.

In [CXY06], we have demonstrated that efficient server-side processing and network dis-

semination can be jointly achieved by carefully interfacing the server and the network using

a technique called reformulation. The basic idea is to let the server compute a semantic de-

scription of the subset of continuous queries whose results are affected by an incoming event,

instead of enumerating the membership of this subset; using the semantics description, a

content-based network can support more much efficient result dissemination. Chapter 5 of

this dissertation presents novel algorithms and data structures for the server to compute such

a description efficiently, using continuous range aggregation queries as an example. Experi-

ments demonstrate that our method is not only scalable in both the size of the database and

the number of continuous queries, but it also significantly reduces the cost of disseminating

results over a wide-area network.
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1.4 Previous Work

There are large volume of researchwork concerningcontinuousquery systems and datastream

systems [TGNO92, LPT99a,CDTW00a,MSHR02b, Spe03, CF03b]. The notion of continuous

querieswas“ rst introducedandde“nedin Tapestrysystemin [TGNO92] to “ lter documentstreams

by a limited SQL-like query language,which performs a content-base“ ltering over append-only

databases.The querylanguagesupportedin Tapestryis a limited subsetof standardSQL to ef“ -

cientlycomputeappend-onlyqueryresults.Lateronthenotionof continuousquerieswasexpanded

widely in many applicationsandformerly de“nedin [Bar99]. In theOpenCQ[LPT99a] system, the

notion of continuousqueryis expandedto includea triggeredcondition besidethe contentquery

itself. OpenCQ only pushesresultsof continuousqueriesto userswhenthe triggeredcondition is

satis“ed. Similar to OpenCQ, NiagaraCQ [CDTW00a]also supportscontinuousqueriesfor mon-

itoring dataover a wider-areanetwork. The differencebetweenOpenCQ andNiagaraCQ is that

OpenCQ focuseson an incrementalview maintenancealgorithmto maintainresultsof all contin-

uousquerieswhile NiagaraCQ paid moreattentionon scalability issues,that is, how to supporta

large number of standingqueriesand processthemef“ ciently. To addressthe scalability issues,

NiagaraCQ proposesgroupingtechniqueswhich canspeedup queryprocessingby combining all

sharedoperationsin continuousqueriesinto single operation,e.g., join signature.Detaileddiscus-

sionof NiagaraCQ select-joinprocessingandits limitation canbefoundin Chapter4.

Althoughcontinuousqueryprocessinghasbecome a sub“eld of its own, it is relatedto many

well-known sub“eldsof databaseresearch.We give a brief overview of several relatedsub“elds

with strongconnectionsto continuousqueries.

In activedatabase[CW91], triggers implementevent-condition-action rules. They arerelated

to continuousqueriesbecausethe event-conditionpart of triggerscanbe regardedascontinuous

queriesover thedatabasemodi“ cationsstreams. In particular, thescalabletriggerprocessingprob-

lem [HCH+ 99b] is analogousto the scalablecontinuousqueryprocessingproblem. While exist-

ing techniques[HCH+ 99b] work well for triggerswith simple “ lter conditions,thereareno good

known solutionsfor morecomplex typesof trigger conditions. Also, thesetechniquesassume ac-

cessto basetables,which may notbepossiblefor continuousqueriesover streams.
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It is easyto seethat thewell-studiedareaof materializedview is closelyrelatedto continuous

queriesbecausematerializedviewsneedto becontinuouslyupdatedgivenincomingupdates,which

is similar to continuousqueries.In spiteof a largeamountof researchwork on materializedview

maintenance,thereare server key differencebetweencontinuousqueriesand materializedviews.

First of all, continuousqueriesstreamout their resultsinsteadof storing them physically as for

materializedviews. Secondly, approximate query answer is an important topic in continuously

querieswhile for materializedviews, substantialamount of work focuseson computing theexact

answer of queriesin an ef“ cientmanner, e.g., computingmaterializedviews over a setof views or

basetableswith minimum cost. Thirdly, queryprocessingtechniquesfor continuousqueriesoften

needto adaptto characteristicsof data and queries,so more ” exible processingstrategies have

beenadoptedin processingcontinuousqueriesthanmaterializedviews. Nevertheless,theproblem

of what datato remember in orderto ensureresultcompletenessfor continuousqueriesis closely

relatedto someproblems aboutmaterializedviews,suchasself-maintenance[BLT86], wherebase

tablesarenot availablefor updatingtheview, and dataexpiration [GMLY98], which discardsany

basedatawhenthey areunableto impactthecontentsof materializedviews.

An interestingline of work treatingstatic relationsasdatastreams and computing query re-

sults in a single passover data is online aggregation [JMHW97], which tradesoff accuracy in

queryresultswith processingcostin long-runningqueries,providing userswith partialor approx-

imateearly results.Probabilisticboundsareusuallyusedastheerror metric in onlineaggregation.

Long-runningqueriessuchasaggregationsandmulti-way joins are thefocusof onlineaggregation

research.It is relatedto continuousqueriesin that they bothconsidertheproblemof approximate

query answer if it is hard or impossibleto compute the answer exactly. However, researchon

continuousqueryprocessingfocusesmore onsharingprocessingacrossmultiple queries.

Multi-query optimization [Sel98] is alsocloselyrelatedto continuousqueries.In multi-query

optimization, graphsareusedto representmultiple queryplans,whoseidenticalpartshave been

merged. Recentwork [DSRS03a] presentsa generalmodel for multi-query optimization, which

pipelinescommon subexpressionswithoutmaterializingthem. Clearly, multi-queryoptimizationis

relatedto our work on scalablecontinuousqueryprocessingbecauseboth try to shareprocessing
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acrossqueries. However, they also differ from eachother in signi“ cant ways. While scalable

continuousqueryprocessingmay needto scaleup to thousandsor evenmillions of standingqueries

(e.g., in a publish/subscribesystem), multi-queryoptimization considersa limited numberof one-

time queriesthatare issuedto a databasesystems at thesame time. Becauseof thesedifferences,

multi-query optimization tendsto rely on more opportunisticsharingof common subexpressions,

but scalablecontinuousqueryprocessingtypically requiresmoresophisticatedindexing andgroup-

processingtechniques.

Adaptive queryprocessing[AH00] is anotherwell-known researchtopic in databasecommu-

nity. It is relatedto continuousquery processingbecausethey both needto adaptively choose

processingstrategy basedon query and data characteristics.Eddies[AH00], for example, have

beenproposedto dynamically adjustqueryprocessingstrategy at run-time for eachinput tuple;we

will discusshow our plan-level adaptationdiffers from Eddiesin Chapter4. CACQ [MSHR02b]

combinesEddies-styleadaptive queryprocessingwith sharedprocessingand“ lter indexes to sup-

port multiple continuousqueriesover streaming data.Not only is our adaptationstrategy different,

but wealso introducemoresophisticateddatastructuresbeyond“ lter indexes for groupprocessing.

Researchon publish/subscribesystems is alsovery relatedto this dissertation.Subscriptions

in publish/subscribesystems areessentiallycontinuousqueriesover event streams. Over theyear,

differentpublish/subscribesystems have beenbuilt with various degreesof subscriptioncapabil-

ities. In early publish/subscribesystems [OPSS93, Pow96], userssubscribeby channelsor sub-

jects,which are prede“nedand their granularity is usually too coarseto satisfy the particular in-

terestsof individuals. Samplesof recentwork in academia andindustryincludeSIFT [YGM99],

XFilter [AF00] andWebFilter [PFJ+01a], the “ rst of which is a publish/subscribesystemfor text

documentsandthelater two arefor XML documents.In all of theabove mentionedsystems, sub-

scriptionscanrefer only to individual documents,so they cannotexpressjoins acrossdocuments,

aggregatesover a collectionof documents,or conditionsover thehistoryof publications.Morere-

centsystems, suchasOpenCQ [LPT99a],NiagraCQ [CDTW00a],andXyleme[NACP01], support

more powerful subscriptionlanguages,but resultson scalableandef“ cientprocessingof complex

subscriptionsarestill few and far between.
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Nondeterministic finite automaton (NFA) and their variants have been used to filter temporally

ordered sequences of tuples referred to as event streams, e.g., SNOOP [AC03] and SASE [WDR06].

Recently, Cayuga [DGH+ 07] is proposed to efficiently support a large number of concurrent sub-

scriptions using automata to match event against queries. While these systems focus on using

automata or variants to exploit share processing, this dissertation focuses on processing techniques

and index structures for SQL-style continuous queries.

To summarize, there exist a large body of research work on data streams, continuous queries,

publish/subscribe systems, and related areas. This dissertation stands out in two major ways. First,

we tackle more on complex continuous queries such as joins and aggregations, for which relatively

little is known about how to process them efficiently under resource constraints, and scalably when

a huge number of them are present. Overcoming the difficulty introduced by complex queries re-

quires us to seek out new optimization opportunities, such as asymmetry in component processing

costs (Chapter 2) as well as event and query characteristics (Chapters 3 and 4). Second, unlike ex-

isting work on scalable continuous query processing, which has largely ignored the issue of result

delivery, we craft our server-side continuous query processing algorithms to produce results in spe-

cial forms that can be efficiently disseminated over a wide-area network (Chapter 5). These special

output forms make the problem significantly different from the traditional setting, and require novel

algorithms to be developed.
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Chapter 2

Batch Incremental Query Result Maintenance

2.1 Intr oduction

Ef“ ciently maintaining materializedviews over changingbasetableshasbeenstudiedextensively

in databasecommunity due to its wide applicationin data warehousing,replication, integration

andvisualization[GM99a]. Various techniquesfrom differentperspectiveshave beenproposedin

thepastdecade.Traditionaldeferredview maintenanceproblemaddressesavoiding statebug and

minimizing theview down time in refreshingtheview periodically[CGL+ 96]. In this chapter, we

look at this problemfrom a new perspective. In particular, we addresstheproblemof minimizing

theamortizedmaintenancecostgivenresponsetime constraint.

Considera view publish/subscribesystemfor ef“ cient and scalabledatadissemination over

the wide-areanetwork. The systemcontinuouslymonitorsandreceives basetableupdatesfrom

thedatasources.It alsoallows userto imposecontinuousqueriesover the monitoredbasetables

via a powerful subscriptionlanguagewith rich semanticssupport. The usersubscribesviews with

noti“ cationconditions,e.g., •reportingall casesof diseaseswhenmorethantenhavebeendetected

in thelasthourŽ.Oncethetriggercondition issatis“ed, systemis forcedto pushfreshview update

to subscriber, and subscribermay also makeexplicit requestto pull theupdatedview back.

From theexample above, it is not hardto seethatthereare two main charactersin maintaining

view over continuouslyupdatedbasetablesin thecontext of view publish/subscribesystems:

€ Stale view state. Sinceview is only accessedby thesubscriberwhen the noti“ cationcon-

dition is satis“ed or the subscriberissuesa requestfor updatedview, it is unnecessaryto

keeptheview consistentwith thebasetablesall thetime. In consequence,thestateof view

0Joint work with Hao He,Hai Yu, andJun Yang.
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content can be stale with regard to base tables’ states unless the view is forced to be re-

freshed. Compared with the fast and asynchronous updates to the base tables, the request

for the updated view from the subscriber is much slower and predictable. For example, the

above subscription may only report to the subscriber at most once an hour when more than

ten cases of diseases have been detected in the last hour while the sensor may make detec-

tions and update databases every second. One major benefit of deferred maintenance over

immediate maintenance is batch processing: processing a batch of modifications is generally

more efficient than processing each of them individually. Stated formally, the maintenance

cost c(n) of processing n updates, is usually subadditive, i.e., c(n1 + n2) � c(n1) + c(n2)

for n1, n2 � 0. We will demonstrate the benefit of batch processing by a motivating example

in later part of this section.

€ Response time constraint. The view refresh can not be arbitrarily deferred since once

the notification condition is triggered, the updated view should be conveyed to subscriber

in a timely manner, if not immediately. Intuitively, the response time constraint excludes

the probability of arbitrarily exploiting batch processing because over-accumulating unpro-

cessed updates will simply make it impossible to propagate them to the materialized view

within a given time delay, thus a violation of the constraint. Essentially the response time

constraint can also be attributed to the constraints due to the limited resource. If the system

comes with limited resource, e.g., limited memory, it is not possible to batch the updates

infinitely.

Moti vating example. Consider a subscription content query R � � S , where R is indexed on the

join attribute while S is not. Suppose that we have been batching database modifications to R and

S in � R and � S, respectively. Computing the incremental changes to R � � S induced by � R and

� S involves, roughly,1 computing R � � � S and � R � � S. Because of the index on R, R � � � S

can be computed efficiently using an indexed nested-loop join if � S is relatively small; the cost

1Additional technicalities are involved in order to avoid the infamous state bug [CGL+96]; they are omitted

here for brevity since they would not affect our argument. For simplicity of presentation, we also assume

here that all modifications are insertions, though this assumption is easy to drop.
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Figure2.1: Functionsc�R andc�S ona realsystem.

function c�S is linear in |� S|. On the otherhand,becauseof the lack of index on S, � R �� S

requiresscanningtheentire S with � R in memory; thecostfunctionc�R startsout to behigh for

|� R| = 1 , but increaseslittle with |� R|. In Figure2.1, weplot thesetwo costfunctionsfor a join

queryover theTPC-H benchmark database[Tra] measuredon a commercial databasesystem. The

horizontalaxis shows the sizeof eachbatchand the vertical axis shows the cost in runningtime.

The two curvesroughlyagreewith our discussionabove.

For simplicity of the example, assume that modi“ cationsto R andS arrive at the same rate.

Supposewe wish to ensurethat,no matter whena refreshof R �� S is needed,it canbeexpected

to completewithin 0.35seconds.With thenaiveapproachof refreshingR �� S whenever this limit

is reached,theserver spends0.35 secondsof processingtime for roughlyevery 360modi“ cations

(180in eachbatch),or 0.97 mspermodi“ cation.However, consideranalternative approachwhere

we compute the effect of every modi“ cation to S immediately, while batching� R as much as

possible.With this approach,we leave thesubscriptioncontentin aninconsistentstatemostof the

time, but whenever the noti“ cationcondition is triggered,the server canbring the contentinto a

consistentandup-to-datestatein lessthan0.35 seconds.In terms of processingcosts,the server

spendsroughly0.25msfor eachtupleof � S; for � R, theserver spendsroughly0.58mspertuple

(0.35 secondsevery 600� R tuples,whenc�R exceeds0.35 seconds).Overall, theaveragecostis

only 0.42 permodi“ cation,which is substantiallylower thanthenaive approach.
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Intuitively, we process� S immediately becausec� S is roughly linear and hencebatching

would produceno bene“t. Furthermore, processing� S immediately allows the systemto defer

moreof � R, whichhasa lot to gainfrom batching.Suchkind of asymmetry amongdifferentcom-

ponentsof themaintenancecostarisesnaturallyin practice„not only from availability of different

indexes,but also from differencesin tablesizes,join selectivities, constraints,and operatorsused

in de“ning acomplex subscriptioncontentquery.

To summarize, a goodrefreshstrategy must be adaptive andsupportmixed-mode processing

including immediateand deferredincremental maintenanceas well as recomputation. Adaptivity

is neededto switch dynamically from incremental maintenanceto recomputation, or to control

dynamically theamountof batchingdesired.Mixed-modeprocessingis neededto take advantage

of asymmetries among different componentsof a maintenanceprocedure. As far as we know,

no previous work on view maintenanceand continuousqueryprocessingconsidersmixed-mode

processingwithin asingleview or query. Themain contribution of thischaptercanbesummarized

asfollows:

1. Weformalizetheproblemandintroducea framework for optimization.

2. We reduceoptimization cost greatly by searchinga much smaller constrainedspace.The

sub-optimal costis proved to be tightly upperboundedby twiceof theglobal optimal cost.

3. We proposeto optimize for theestimatedview refreshtime and online heuristicsto handle

theunknown view refreshtime. We alsoprovide upperboundfor algorithms optimized for

estimation.

4. Wevalidateproposedalgorithms andheuristicsby preliminary experiments.

This chapteris organizedasfollows. We begin with formalizationof theproblemin 2.2. Then

in Section2.3 we proposetechniquesto reducethesearchspaceby consideringconstrainedmain-

tenanceplan only. The algorithms handlingdifferentscenariosare introducedin 2.4. Preliminary

experimentalresultsarepresentedin 2.5. Finally in 2.7 wesurvey therelatedwork, summarize our

resultsandconcludewith thefurtherwork.
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2.2 Problem Formulation

The benefit of batch processing comes from various sources, e.g., query, type of operator, index

structure and physical data storage. Thus it widely exists in different levels of database management

systems. In this chapter we consider a much smaller scenario: maintaining a materialized view

by batch-processing updates on base tables under a given response time constraint. We leave its

application in other levels of database systems for future work.

In database theory, a view refers to a virtual or logical table composed of the result of a set of

queries. Consider maintaining a materialized view V defined over n base tables R1, · · · , Rn during

a time period [0, T ]. A sequence of updates arrive for each base table at discrete time instances of

that period. We maintain V by incrementally updating V over these base table updates. The base

tables are always instantly updated whenever new updates arrive. However, V does not have to be

consistent with the base tables all the time, as it is unnecessary to refresh V as long as there is no

external request for updated V. Of course, V is forced to be refreshed when an external request for

updated V is received from the user. In this case, we require that the system should guarantee to

respond to the user with updated V within a prescribed response delay dT .

A plan for maintaining V is defined by a set of actionsS = { At | t � [0, T ]} during a sequence

of discrete time instances [0, T ], each At being propagation of a number of updates from a subset

of base tables to V at time t . By propagation we refresh V to make it consistent with updated base

tables. Specifically, an action is represented by a set of binary tuples At = { (Ri, ∆kt
i) | 1 � i �

n} , where each tuple (Ri, ∆kt
i) represents propagating ∆kt

i updates from Ri at time t . Clearly,

∆kt
i is non-negative and no greater than the number of available updates from Ri accumulated up

to time t .

In this chapter we assume the view maintenance cost to propagate updates from Ri only depends

on the number of updates to be propagated, and is independent of the semantics of updates and the

states of all involved base tables Ri. The total cost of maintaining V is the sum of the cost to

propagate updates from each base table. Handling more complicated cost models in which these

assumptions are relaxed is left for future work, but in general we expect that the cost function in

a relaxed model should demonstrate similar properties as indicated in this chapter. Formally, let
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fi : N � { 0} � R bethecostfunctionassociatedto Ri, i.e., thecostof propagatingk updatesfrom

thebasetableRi to V is fi(k). Weassume thatfi satis“es thefollowing properties:

€ Monotonicity: fi(x) � fi(y) 	 x, y, 0 � x < y;

€ Subadditivity: fi(0) = 0 andfi(x + y) � fi(x) + fi(y) 	 x, y � 0.

Pleasenotethatsubadditivity doesnot necessarilyimply thatfi is concave,e.g., fi(x) = 
 x/ 5� .

Recall that whenever a view refreshrequestis received, the systemhas to propagateall un-

processedupdatesto make V updateup to that time. We further requirethat the systemshould

guaranteeto respondto the userwith updatedV within a prescribedresponsedelay dT . The re-

sponsedelay canbe measuredin terms of the total costto processthe leftover updatesto refresh

theview whenaview refreshrequestis received. Supposekt
i is thenumberof unprocessedupdates

from Ri at time t. In order to satisfytheresponsetime constraint,thesystemshouldmaintainthe

following invariant for all thetime t whennoactionis taken,i.e.,

n
∑

i=1

fi(kt
i ) � dT

Similarly, if actionAt = { (Ri, � kt
i)} is taken at t, thecostof At is

∑n
i=1 fi(� kt

i), 0 � � kt
i � kt

i .

After theactionAt is taken, thetotal costto processtheleftover part shouldbe lessthandT ,

n
∑

i=1

fi(kt
i Š � kt

i) � dT, 0 � � kt
i � kt

i

Basedon the above discussion,we provide de“nitions of a valid actionand a valid maintenance

plan.

De“ nition 1. Given a probleminstancewith view refreshtime T , let { (Ri, k
t
i )} be thestateat t

beforetheaction.An actionAt = { (Ri, � kt
i)} is valid if f

n
∑

i=1

fi(kt
i Š � kt

i) � dT

De“ nition 2. Givenaprobleminstancewith view refreshtimeT , amaintenanceplanS = { At} , t �

[0, T ] is valid if f

1. 	 t � [0, T ] suchthat� At � S, At is valid;
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Notation Meaning

{ R1, · · · , Rn } set of underlying base tables

V view defined over the base tables

f i (k) cost to propagate k updates from Ri

T enforced view refresh time

dT response time constraint

S a valid maintenance plan

A t a valid action taken at time t

Table 2.1: A list of notations used in this chapter.

2. 	 t � [0, T ] such that � A t � S,
∑n

i =1 f i (kt
i ) � dT .

The cost of the maintenance plan S is the total cost of all actions in S. Thus the optimization

goal is to obtain a valid maintenance plan S with minimum cost of all valid maintenance plans.

Note the optimal plan may not be unique. Table 2.2 summarizes the notations used in this chapter.

2.3 SpaceReduction

Naı̈vely, one needs to search among all valid plans in order to find an optimal maintenance plan.

However, the space of all valid plans is typically prohibitively large, which makes any search algo-

rithm impractical. In this section we show that, instead of looking at all valid plans, one only has

to consider a significantly smaller subset of valid plans in order to find an optimal or near-optimal

maintenance plan.
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2.3.1 Lazy Plans

Definition 3. Given a problem instance, a valid action A t at time t is lazy if the state { (Z i , kt
i )}

before A t is taken satisfies the following condition







∑n
i=1 f i (kt

i ) � dT
∑n

i=1 f i (ktŠ 1
i ) < d T.

Definition 4. Given a problem instance, a valid maintenance plan S is lazyif for any action A t � S,

A t is lazy.

The laziness condition means that we take actions only when we have to. The next lemma

shows that any non-lazy maintenance plan can be transformed into a lazy plan with equal or less

cost. In consequence, the optimal plan within the set of all lazy plans is also a globally optimal

plan.

Lemma 1. For anyvalid maintenanceplan S, if S is not a lazyplan, thenthere existsa lazyplan

S� such that f (S�) � f (S).

Proof. Suppose a valid plan S = { A t i } contains k = |S| ordered actions A t i , i = 1, . . . , k where

0 � t1 < . . . < tk � T . We construct S� by the following procedure.

MAKELAZYPLAN(S)

1: S� = � ,i = 1;

2: while i � k do

3: if A t i � S is lazy then

4: S� = S� + A t i

5: else

6: Hold action A t i till time t � when laziness condition is satisfied.

7: if t j � t � < t j +1 � T then

8: S� = S� +
∑j

l=i A t i

9: i = j

22



10: else

11: S′ = S′ +
� k

l= i At i

12: i = k

13: i = i + 1

14: Return S′

In theabove procedure,
� j

l= i At l is anactionwhich combinesall actionsAt l ∈ S duringtime

[ti , tj ]. Obviously action
� j

l= i At l is valid. Dueto themonotonicityandsubadditivity of thecost

functions,thecostto processaction
� j

l= i At l is nogreaterthanthesum of thecostto processeach

actionindividually. Therefore,the costof S′ is no greaterthanthe cost of S sincethe amortized

cost to processthe updatefrom eachbasetable in S′ is no greaterthan that in S. Note that S′

containsonly lazyactions,thereforeS′ is lazy andtheproof is done.

2.3.2 Lazy, Greedy, and Minimal Plans

Lemma 1 shows thatwe only have to considerlazy plansin order to “ nd an optimal maintenance

plan. However, even for lazy plan, thenumberof actionswe cantake at the time for actionis the

productof numberof accumulatedtuplesfrom eachtable,thespaceof lazy plansis still large. In

this section,we considermore restrictedplans. However, this time we have to sacri“ce theglobal

optimality of thesolution.

Let OPT be the cost of a globally optimal plan, and OPTLGM be the cost of the bestplan

amongall plansS thatsatisfythefollowing constraints:

(C1) PlanS is lazy (laziness);

(C2) Forany actionAt ∈ S, if At removes updateof basetableZi , thenit removes all updatesof

Zi at t (greediness);

(C3) Forany actionAt ∈ S where t 
= T , any actionA′t ⊂ At is not avalid action(minimality).

Generallyspeaking,onecanno longerhopethatanoptimal planamongall planssatisfying(C1)−

(C3) is alsoglobally optimal. Fortunately, their costsonly differ by a constantfactor. Indeed,in
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theremainderof thissectionweprove thatOPTLGM ≤ 2 ·OPT for any “ xedview refreshtimeT .

In orderto do so, let S beaglobally optimal plan. Weshall constructanothermaintenanceplanS l

thatsatis“es (C1)− (C3) andwhosecost isboundedby twicethecostof S.

The following proceduredescribeshow S l is constructedbasedon S. It usestwo auxiliary

funtions:NextRefreshT ime(t, {(Ri , l
t
i )}) computesthenext refreshtimeof S l given its current

state,and Minimal({(Ri , l
t
i )}) returnsa subsetof {(Ri , l

t
i )} that satis“es the minimality con-

straint.

CONSTRUCTPLA N(S)

1: S l = � ,t = 0 ;

2: t = NextRefreshT ime(t, {(Ri , l
t
i )})

3: while t < T do

4: if � At ∈ S then

5: S l = S l + Minimal({(Ri , l
t
i )|l

t
i ≥ kt

i } ∪ {(Ri , 0)|lti < kt
i })

6: else

7: S l = S l + Minimal({(Ri , l
t
i )|l

t
i ≥ kt

i − � kt
i } ∪ {(Ri , 0)|lti < kt

i − � kt
i })

8: t = NextRefreshT ime(t, {(Ri , l
t
i )})

9: S l = S l + {(Ri , l
t
i )}

10: Return S l

The above procedureworksasfollows. Supposewe have speci“ed plan S l duringtime [0, t0]. Let

t > t0 be the next time instanceat which the responsetime constraintis violated. If t ≥ T , we

simply addto S l anactionclearingall leftover tuplesandconstructingS l aredone;otherwise,we

addactionAl
t to S l dependingon thestatesof S andS l at t. Let {(Ri , l

t
i )} bethestateof S l at t

and{(Ri , k
t
i )} bethestateof S at t, bothbeingbeforetheaction,if exists. LetAt = {(Ri , � kt

i )}

if ∃At ∈ S. Thefollowing procedurereturnsS l .

Whentheprocedureapproachesthe time t suchthatanactionhasto be taken in S l , it checks

out thestateof S andS l at that time. For updatesof eachbasetableRi , if its number in S l is no
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less than that in S after the action At if � At � S, S l takes an action Al
t which removes all such

updates and leave the other unprocessed.

Lemma 2. Plan S l is valid andsatis“esconstraints(C1) Š (C3).

Proof. It is easy to see plan S l satisfies constraints (C1) Š (C3). For each action Al
t � S l , let set

{ (Ri , l
t
i )} be the state of S l at t before action Al

t = { (Ri , � lti )} . Let { (Ri , k
t
i )} be the state of S at

t before an action if exits.

Case 1. If there is no action taken at t in plan S, then
∑n

i=1 fi (kt
i ) < dT . For S l , if it does not

remove updates of Ri , we know lti < kt
i ; otherwise, lti Š � lti = 0 � kt

i after the action. Thus we

have after action Al
t , lti Š � lti < kt

i for all i;

Case2. If there is an action At = { (Ri , � kt
i )} taken at t in plan S, let set { (Ri , k

t
i Š � kt

i )} be the

state of S at t after action At . Then we still have lti Š � lti < kt
i Š � kt

i for all i according to the

procedure constructing S l .

In either case, we have

n
∑

i=1

fi (lti Š � lti ) � dT.

By Definitions 1, each S l (t) is valid and plan S l is valid.

Since the total cost of a plan is the sum of the cost paid for updates from each base table,

we prove the claim OPT l � 2 · OPT where OPTLGM is the optimal of all plans S l satisfying

constraints (C1) Š (C3). We prove the claim by first proving another claim that for each base table

Ri , the total cost paid to process updates of Ri only in plan S l is within twice the total such cost

in plan S. Thus we only consider the cost to process updates of a specific base table Ri . Given the

specific Ri , we let Si = { (Ri , � kt
i )} be the set of actions in S which only removes updates of Ri

and so is S l
i = { (Ri , � kt

i )} .

We construct a bipartite graph G = ( VSi , VSl
i
, E) as follows, where VSi is the set of nodes

{ (Ri , � kt
i )} representing all actions taken on updates of Ri in plan S = O PT , and similarly

VSl
i

= { (Ri , � lti )} is the set of nodes representing all actions taken on updates of Ri in plan S l
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constructedby the procedureConstr uctP lan(S), and E is the setof edgesto be de“ned later.

For simplicity we will not distinguishbetweena node in G and an action in a plan any more.

Figure2.3.2 showsan example of G = (VSi , VS l
i
, E ). All nodesfrom oneplanareorderedby their

timestamps t.
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���������
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��������� � �"! �$#&%

Figure2.2: G = ( VSi , VS l
i
, E)

Assume for any basetable,theupdatesareprocessedin chronologicalorder(FIFO), thatis, for

eachRi, updatesthatarrive earlierwill beprocessedearlierthanwhatarrive later. Obviously each

action in Si andSl
i processesupdatestime stamped with a continuoussegment of time. For any

nodex, let U(x) bethesetof updatesprocessedin x. Theedgesin G arede“nedas follows: Given

themaintenanceplansSi andSl
i, thereis anedgeconnectingtwo nodes(Ri, ∆kt1

i ) and(Ri, ∆l t2i )

if andonly if

U(Ri, ∆kt1
i )

⋂

U(Ri, ∆l t2i ) 
= ∅

We call an updatex is older thananotherupdatey (or in other words,y is younger thanx)

if updatex arrives earlier thanupdatey. Let to(x) (resp.ty(x)) be the time stamp of the oldest

(resp.youngest)updateprocessedin nodex.

Lemma 3. For any two nodesxt1 , yt2 ∈ VSi with time stamps t1, t2 respectively, if t1 < t 2, then

ty(xt1) ≤ to(xt2); i f xt1 , yt2 ∈ VS l
i
, then ty(xt1) < t o(xt2)

Theproof is straightforwardsinceweprocesstheupdatesin chronologicalorderandeachaction

in Sl
i removes all updatesup to thattime.
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Lemma 4. For anytwo nodesxt1 , yt2 ∈ VSi with time stamps t1 < t 2 such that they representtwo

adjacentactionsin Si, there existsat most onenodezt3 ∈ VS l
i

such that t1 < t 3 ≤ t2.

Proof. Supposenodeszt3 , z�
t4 ∈ VS l

i
areany two nodessuch that t1 < t 3 < t 4 ≤ t2. It is easy

to seethat at t4, to(z�
t4) > t 3 sinceactionzt3 clearsall updatesup to t3. Then,if we follow the

maintenanceplan Si to t4, every tuplewith time stamp t3 < t ≤ t4 will not processedsincethere

is no actionin Si during that time period. In consequence,thenumber unprocessedupdatesat t4

beforez�
t4 ∈ Sl

i will not exceedthe number of unprocessedupdatesin Si at thesame time. Thus

it contradictsto theway we constructplanSl
i aswe only clearupdateswhenits number is no less

thanthat in planSi at thesame time. Therefore,thereexistsat mostonenodezt3 ∈ VS l
i

suchthat

t1 < t 3 ≤ t2.

Lemma 5. For anytwo nodesxt1 , yt2 ∈ VS l
i

with timestamps t1 < t 2 such that they representtwo

adjacentactionsin Sl
i, thenthere existsat leastonenodezt3 ∈ VSi such that t1 ≤ t3 < t 2.

Proof. Supposethereis no actionzt3 ∈ Si suchthat t1 ≤ t3 < t 2. Thenactionsxt1 , yt2 ∈ VS l
i

are

•containedŽin apair of consecutive nodesin VSi , which contradictsLemma4.

Lemma 6. In thegraphG = (VSi , VS l
i
, E ), thedegreeof each nodeAt ∈ VSi is nogreaterthan2.

Proof. ForanodeAt ∈ VSi taken at timet, its degreeis thenumberof neighboringnodesA l
t′ ∈ VS l

i

for which thereexistsan edgee ∈ E betweenAt andA l
t′ . We distinguishtwo casesdependingon

t � andin eachcasethereisat mostoneneighboringnodefor At.

Case 1: t � ≥ t . If thereis no nodeA l
t′ , t � ≥ t which is connectedwith At, At hasno neighboring

nodein this region. Otherwise, assume nodeA l
t′ is the “r st neighboringnodeafter time t. Since

ty(A l
t′) ≥ t , thusfor any nodeA l

t′′ , t �� > t , by Lemma3, wehavet ≤ ty(A l
t′) < t o(A l

t′′). Therefore

nodeAt′′ never processesany updatenodeAt processes,andthusfor nodeAt, thereis atmostone

neighboringnodeA l
t′ ∈ VSl , t � ≥ t .

Case 2: t � < t . If thereis no nodeA l
t′ , t � < t which is connectedwith At, At hasno neighboring

nodein this region. Otherwise, let nodeA l
t′ , A l

t′′ bethe last andsecondlast neighboringnodesin

VS l
i

beforetime t. By Lemma 5, thereis at leastoneactionAt1 ∈ VSi suchthat t �� ≤ t1 < t �.
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If t1 = t�� and At1 is the only action such that t�� ≤ t1 < t�, then all updates time-stamped with

t ∈ (t�� , t] are not processed at t� in VSi . Thus it is impossible VSl
i

has more updates than S at t,

contradicting with the construction of plan S l . Therefore, there must exist an action At2 ∈ VSi

such that t�� < t2 < t�. Since at time t�, plan S l has more unprocessed updates than plan S at t�

and recall that we process update in chronological order, we have t�� < ty(At2 ) and it is easy to see

that ty(At2 ) ≤ to(At ). Therefore, t�� < to(At ). Thus the oldestupdate processed in node At is

time-stamped later than t�� . In other words, node At never processes any update which is processed

by At �� . Therefore, there is no edge between node At and Al
t �� . It is not hard to see that there does

not exist edge between At and any node in VSl
i

before t�� . Therefore, for node At ∈ VSi , there is at

most one neighboring node Al
t � ∈ VSl

, t� < t.

From the above analysis, there are at most 2 neighboring nodes for any node At ∈ VSi and

hence the lemma is proved.

Lemma 7. For anyactionAl
t ∈ VSl

i
,

f (Al
t ) ≤

∑

A i� N (A l
t)

f (Ai ),

wheref (A) is thecostof actionA andN (Al
t ) denotesthesetof neighbors of nodeAl

t in thegraph

G.

Proof. For node Al
t ∈ VSl

i
, let set of its m neighboring nodes be N (Al

t ) = {Ati}, Ati ∈ VSi , i =

1, . . . ,m, each being connected with Al
t . By the way edge is defined, the updates processed in Al

t

is partitioned into m pieces, each processed in each of its neighboring node. Thus the total number

of updates processed in set N (Al
t ) is no less than the total number of updates processed in Al

t . Let

ki be the number of updates processed in neighboring node Ati and kl be the number of updates

processed in node Al
t . Then we have, kl ≤

∑m
i =1 ki . Due to the subadditivity and monotonicity of

cost function f ,

kl ≤
m

∑

i =1

ki ⇒ f (kl ) ≤ f (
m

∑

i =1

ki )

⇒ f (kl ) ≤
m

∑

i =1

f (ki ) ⇒ f (Al
t ) ≤

∑

A i� N (A l
t)

f (Ai )
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Wearenow readyto prove themain theoremof this section.

Theorem 1. OPTl � 2 · OPT.

Proof. Let amaintenanceplanS = OPT. WeconstructaplanSl = { A l
t} byConstructPlan(S ) .

Given thecorrespondingbipartitegraphG(VSi , VS l
i
, E ) for Ri, by Lemma7 thecostof Sl

i is,

∑

Al
i ∈VS l

i

f (A l
t) �

∑

Al
i ∈VS l

i

∑

Ai ∈N (Al
t )

f (A i)

By Lemma6, thedegreeof eachnodeAt � VSi is no greaterthan2, thus,

∑

Al
i ∈V

S l
i

f (A l
t) �

∑

Al
i ∈V

S l
i

∑

Ai ∈N (Al
t )

f (A i) � 2 ·
∑

Ai ∈VSi

f (A i)

Recall the total cost of a plan is summary of the cost for eachbasetableRi, therefore,we “ nish

proof of the theoremby summing up above inequality for updatefrom all basetablesRi, i =

1, . . . , n,

OPTLGM �
∑

{Ri }

∑

Al
i ∈V

S l
i

f (A l
t)

� 2 ·
∑

{Ri }

∑

Ai ∈VSi

f (A i) = 2 · OPT

As thefollowing example shows, for any � > 0, onecanconstructan instanceof theproblem

suchthatOPTLGM � (2 Š � ) · OPT. ThereforeTheorem1 is tight.

Example 1. Set T = 2m Š 1 for some m � N. Without lossof generality, assume that1/� is an

integer. ConsideronesinglebasetableR. Thecostfunctionf for R is de“nedasfollows:

f (x) =







(�x / 2) · dT 0 � x � 2/�

(1 + �/ 2) · dT x > 2/�.

Note thatf is monotoneandsubadditive.

Suppose(2/� + 1) updateson R arrive at eachtime instance0, 1, · · · , 2m Š 1. Onecanshow

thatOPTLGM = (2+� )m·dT andOPT � (1+� )m·dT. Consequently, OPTLGM � (2Š � )OPT.

�
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2.3.3 Linear Cost Functions

In practice, the cost functions often demonstrate as the form f (k) = a · k + b, where b � 0

and a > 0. In Section 2.5 we show that linearity exists in cost functions by experiments on real

systems. The linear cost function can be explained by an initial processing cost b followed by a

linearly increasing processing cost over the number of updates. In practice, the initial cost b is

typically incurred by some pre-processing work, e.g., loading the index structure into memory,

and once the pre-precessing work is done, cost increasing is somewhat constant a with increasing

number of updates. Obviously, linear cost functions satisfy both subadditivity and monotonicity.

Since for any plan, the cost paid for updates from any given Ri is f i (K i ) = ai · K i + pi · bi where

K i is the total number of processed updates from Ri and pi is the number of actions in plan S taken

on updates from Ri . Since K i is constant in [0, T ], it is easy to see that cost only depends on the

number of actions pi , which determines how many times the initial cost is incurred. A plan S is

optimal if it minimizes
� n

i=1 pi · bi . In other words, for a given optimal plan S = O PT , if we can

construct another plan Sl which satisfies the constraints (C1) Š (C3) such that, for each Ri , the

number of actions taken on Ri in Sl is no greater than that in S, then we know Sl is also optimal.

Hence OPTLGM = O PT . Based on the analysis above, we prove the following theorem.

Theorem 2. If for all Ri , 1 � i � n, f i (k) = ai · k + bi , bi � 0, ai > 0, then OPTLGM = O PT .

Proof. Given an optimal plan S = O PT , we construct Sl as follows.

Suppose we have specified Sl in [0, t0] for some t0 � 0 (initially t0 = 0 ). Given the known

arrival sequence of updates and response time constraint, we are able to know the next time instance

t > t 0 at which an action needed to be added into Sl
i . If t > T , we simply specify A l

T appropriately

to clear all remaining unprocessed updates and we are done. Otherwise, let ui (t) be the time when

the last action is taken in [0, t] on Ri in S (ui (t) = 0 if no such action exists), and ul
i (t) the time

when the last action is taken in [0, t) on Ri in Sl (u′i (t) = 0 if no such action exists). we determine

A l
t by the following procedure.

BUILDCANDIDATESET({ Ri } )
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1: R = � ;

2: for eachRi do

3: if ul
i(t) < u i(t) then

4: R = R + { Ri} ;

5: Return R;

Now we only needto chooseR� � R, which is a minimal subsetof R suchthat, the actionA l
t

which processestheupdatesfrom all tablesin R�, is a valid action. It is easyto verify thatSl is a

valid plansinceeachactionin it is valid. Sl satis“es constraints(C1) Š (C3).

For eachRi, assume t1 < t 2 are two consecutive time instanceswhere updatesfrom Ri is

processedin plan Sl. From the way Sl is constructed,theremust exist a time instancet3 such

that t1 < t 3 � t2 andupdatefrom Ri is processedat t3 in plan S. Hence,thenumberof actions

processingupdatesfrom Ri in planSl is no greaterthanthat in S andit is truefor all i = 1 , . . . , n.

In consequence,costof Sl will be no greaterthanS = O PT becauseSl incursno more initial

processingcostthanS = O PT, thusSl is alsooptimal. Therefore,OPTLGM = O PT.

2.4 Algorithms

Dependingon knowledgewe know about theupdatesequenceand theview refreshtime, we pro-

posedifferent algorithms in different scenarios. Within the limited searchspaceintroducedin

Section 2.3, Section2.4.1 and 2.4.2 introducethemodeland ef“ cient searchalgorithms assuming

perfectknowledgeof updatesequence.In Section2.4.3 andSection2.4.4 we discusshow to relax

theseassumptions.

2.4.1 Graph Model

Consideringthe lazy, greedy andminimal plansonly, we model the problemasa directedacyclic

graph (DAG) G(V,E) from time 0 to T. Eachsliceof G at time t consistsof a setof nodes,each

representinga possible stateof unprocessedupdatesbeforea valid actionwhentheresponsetime
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constraint is violated. By possible we mean that state is reachable if we follow a certain valid plan

from the beginning to time t . Thus we will not distinguish node and state any more. At time t

a node i is a set of binary tuples { (Z i , kt
i )} which represents the number of unprocessed updates

from each base table at t before an action. For any node i , each outgoing edge represents a valid

action which can be taken on i . And, the end node of each directed edge indicates the time instance

when the response time constraint is violated again and another valid action has to be taken. Each

directed edge from node i is labelled by a valid action taken at i and is weighted by the cost of that

action. For any node its fan-out is the number of possible valid actions which can be taken on that

node. Figure 2.3 shows an example graph G, in which there are 4 valid actions j t , t = [ 1, 4] which

can be taken at node i at t = 1 . At time 0, the source node represents the state { (Z i , 0)} . And at

time T , each node is associated with an outgoing edge to the destination node, each modelling an

action of propagating all leftover unprocessed updates up to T and weighted by corresponding cost.

There is no other action at T except propagating all updates to refresh the view, thus the out-degree

of each node at T is 1. It is easy to see that G(V,E) models the complete search space of all lazy,

greedy and minimal plans. The correctness of the model is guaranteed by the following theorem.

We omit the proof for brevity.

Theorem 3. The set of edge labels along a shortest path between node sour ce and destin ation in

G(V,E) makes a lazy, greedy and minimal maintenance plan in [0, T ] with minimum cost, which is

equal to the sum of weights of all edges along that path.

'�(*),+.- /102+3- 4�/)54�6�758*(
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Figure 2.3: Graph Model
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2.4.2 Informed Graph Search Algorithm

In Section2.3, we limit thesearchspaceby consideringlazy, greedyandminimal plansonly. Sec-

tion 2.3 providescostboundof theoptimumwithin therestrictedsearchspaceconsistingof all such

plans. However, we still needto build a graphwhich modelsall such plansbeforewe cansearch

for theoptimal plan in thatspace,which canbeexpensive. In this subsectionwe provide ef“ cient

graphsearchalgorithms to obtaintheoptimal planwithout exploiting thewholesearchspace.

In constructingthegraph,we startwith nodesourceanddetermine thenodeat which we need

to take an action. Insteadof expandingall nodesin the orderwe meetthem, we apply informed

best-“rst searchratherthanbreadth-“rst searchof theentiresearchspace.Speci“cally, wemaintain

a priority queueQ containingall nodeswe have met but not expandedyet. Each nodex in Q

is orderedby an evaluation functiond(x) = g(x) + h(x) where g(x) is the minimum pathcost

from source to x and h(x) is the heuristic to estimate the cost from x to destination. Suppose

thereare K i updatesof Z i from the time stamp of x to destinationin total, and let pi be the

maximum numberof Z i updatesthatcanbebatchedgiventheresponsetimeconstraintdT, that is,

pi = MI N {pi |f i (pi ) ≥ dT}. Let x be{(Z i , kt
i )}, thentheheuristicis computedasfollows,

h(x) =
n

∑

i=1

{

⌈kt
i + K i

pi

⌉

f i (pi ) + f i ((kt
i + K i ) mod pi )

}

Heuristic h(x) is admissiblesince it is alwayssmaller thanthe actualcost from x to destination.

Thusit is anA � algorithmwhich is optimally ef“ cient, that is, no otheralgorithms expandfewer

nodesthanit [RN95]. For eachnodemet in search,we maintaing(x) andits evaluationfunction

d(x) = g(x) + h(x). Initially d(x) = +∞ for all nodes.We searchthe graphby the following

algorithm,

A* -SEARCH

1: Q = ∅, x = sour ce

2: while x 
= destin ation do

3: N = expand(x)

4: for eachv ∈ N do
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5: g = g(x) + cost(x, v)

6: if v ∈ Q then

7: g(v) = MI N {g,g(v)}

8: d(v) = g(v) + h(v)

9: else

10: g(v) = g

11: d(v) = g(v) + h(v)

12: ENQUEUE(Q, v)

13: x = head[Q]

14: DEQUEUE(Q)

15: Return f (x);

In the above algorithm, N = expand(x) returnsthe set of nodesresultingfrom expansion

of x, and |N | is the number of possibleactionstaken at x and cost(x, v) returnsthe weight of

edgefrom x to v, which is thecost of thecorrespondingactiontaken at x. Algorithm returnsthe

costof the optimal plan. However, if in the courseof spaceexploiting, for eachnodex we add

a backwardpointerto its immediateprecedencenodey suchthat y is on thecurrentshortestpath

from sourceto x, thenwecanalsoobtaintheshortestpathin reverseorderby followingthepointers

backwardfrom destinationto source. Theoptimality of thealgorithm is guaranteedby A � search

algorithm[RN95]. PleasenotethatqueueQ only containsthesearchfrontier ratherall expanded

nodes.Theorem4 guaranteesthereis no repeatingexpansionfor any node. In consequence,it is

safeto make Q containingnodein thefrontier only ratherthanall expandednodes.

Lemma 8. If y is expandedafter x, then d(x) ≤ d(y).

Proof. Assume N = expand(x), for any nodez ∈ N , if z ∈ Q, then d(x) ≤ d(z); otherwise

we add z into Q and d(x) < d (z) becaused(z) = g(z) + h(z) = g(x) + cost(x, z) + h(z).

Due to triangleinequalityof heuristics,h(x) < cost(x, z) + h(z). Thusd(x) = g(x) + h(x) <
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g(x)+ cost(x, z)+ h(z) = d(z). Therefore,after expansionof x, for any nodez ∈ Q, d(x) ≤ d(z).

Sinceweonly expandnodein Q with minimum d, thelemma is proved.

Theorem 4. AlgorithmA* -Search never expandsa nodethat hasbeenalreadyexpandedif the

heuristich(x) is applied.

Proof. Assume x is anexpandednodeandnow we expandnodey. From Lemma8, d(x) ≤ d(y).

If x ∈ N (y), h(y) < cost(y, x) + h(x) dueto triangleinequality. Thus,g(x) + h(x) = d(x) ≤

d(y) = g(y)+ h(y) < g (y)+ cost(y, x)+ h(x) Then, g(x) < g (y)+ cost(y, x). Thus,expandingy

will notchangeg(x) andthusd(x) is notchangedeither. FromLemma8, x will never beexpanded

againlater.

2.4.3 Unknown Refresh Time

In Section2.3 we discussplan OPT andanalyzeplan OPT LGM which is much easierto obtain

thanOPT while its costis tightly boundedby 2 · OPT. In either casewe make explicit useof the

estimatedview refreshtimeT. Wegeneratemaintenanceplanoptimizedfor thisguessedT. In this

sectionwe discussthesituation in which theactualT is not equalto that we guessedin advance.

For example, a sensormay roughly periodically samplesa view de“nedover the underlyingfast,

unpredictabledatastreams. And therealsoexists randominquiry to the view which may happen

any time. In this scenario,a simple strategy is as follows. We generatemaintenanceschedule

optimized for the periodT0 on which the view is accessedby the sensor. The plan generatedis

subjectto constraints(C1)…(C3) in time interval [0, T0]. And we simply follow this plan up to the

time whentheview is forcedto berefreshed.We repeatedlyexecutethis planif thereis no refresh

requestin time interval [0, T0].

T0 for which theplan is optimizedmay not bethetime T whenview is forcedto berefreshed.

Let ST0 beaplanoptimizedfor T0, and ST0 [t1, t2] bethesubsetof ST0 in time interval [t1, t2]. The

interval canbeeitherinclusive or exclusive. Pleasenotethat if t2 = T0, then ST0 [t1, t2] contains

thecost to cleartheleft-over updatesat T0; otherwise,if t2 < T 0, ST0 [t1, t2] doesnot containsuch

clearancecostevenif theview is forcedto berefreshedat t2. Theorem5 boundsthemaintenance
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cost in the casein which the real view refreshtime T is no greaterthan T0 for which the plan

OPTl
T0

is optimized.

Theorem 5. If costfunctionf i(k) = ai · k + bi for all 1 � i � n and T � T0, thenthecostby

following OPTl
T0

is upperboundedby

OPTT +

n�

i=1

bi

Proof. Due to thelinearity of thecostfunctions,wecanignorethetotal actualprocessingcostand

focusonly on the initial cost. Let Ql = OPTl
T beanplan optimized for T satisfyingconstraints

(C1) Š (C3). By Theorem2, weknow Ql = OPTT .

WeconstructanotherplanRl for thetime interval [0, T0] thatsatis“es (C1) Š (C3) asfollows.

In interval [0, T), Rl = Ql. Thus, |Ql
i[0, T)| = |Rl

i[0, T)|. At T, in Rl if the responsetime

constraintis violated,we adda val id actioninto Rl thatsatis“es (C1) Š (C3); otherwisewe add

nothinginto Rl. In interval (T0, T ], we constructRl thesame way aswe constructSl in proof of

theorem2 basedon anOl = OPTl
T0

. Rl is aval id plansatisfying(C1) Š (C3).

Forany Zi, let � i bethenumberof updatesof Zi atT before thelastactionin Ql. Obviously � i

is alsothenumberof updatesof Zi atT before thelastactionin Rl.

€ If � i > 0, by the way Rl is constructed,if Rl containsan actionof clearingupdatesof Zi

at T, |Rl
i(T,T0]| � | Ol

i(T,T0]|; otherwise,|Rl
i(T,T0]| � 1 + |Ol

i(T,T0]|, where |Rl
i|, |Ol

i|

arethenumberof actionstaken on updatesof Zi in planRl andOl within thegiveninterval.

Thusin eithercase,

|Rl
i[T,T0]| = |Rl

i[T,T ]| + |Rl
i(T,T0]|

� 1 + |Ol
i(T,T0]|

€ If � i = 0, Rl takes no actionon updatesof Zi. Then,since|Rl
i(T,T0]| � |Ol

i(T,T0]|,

Therefore,
�
�

�

|Rl
i[T,T0]| � 1 + |Ol

i(T,T0]|, if � i > 0;

|Rl
i[T,T0]| � |Ol

i(T,T0]|, if � i = 0.
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Sinceweonly considerthe initial costfor eachZi its total initial costis,
n�

i=1

|Ol
i[0, T0]| · bi

=
n�

i=1

|Ol
i[O,T ]| · bi +

n�

i=1

|Ol
i(T, T0]| · bi

Similarly, thetotal initial costof Rl is
n�

i=1

|Rl
i[0, T0]| · bi

=
n�

i=1

(|Rl
i[0, T )| + |Rl

i[T, T0]|) · bi

=
n�

i=1

(|Ql
i[0, T )| + |Rl

i[T, T0]|) · bi

�
n�

i=1

(|Ql
i[0, T )| + |Ol

i(T, T0]|) · bi +
�

εi >0

bi

=
n�

i=1

|Ql
i[0, T )| · bi +

�

εi >0

·bi +
n�

i=1

(|Ol
i(T, T0]|) · bi

SinceOl
i[0, T0] is optimal,

n�

i=1

|Ol
i[0, T0]| · bi �

n�

i=1

|Rl
i[0, T0]| · bi

�
n�

i=1

(|Ol
i[O,T ]| · bi �

n�

i=1

|Ql
i[0, T )| · bi +

�

εi >0

·bi

Note that the right-handpart is the exactly OPT l
T [0, T ] sinceterm

�
εi >0 ·bi modelsthe cost to

clearingall leftover updatesat T in Ql. Thus,
n�

i=1

(|Ol
i[O,T ]| · bi � OPT l

T [0, T ]

Pleasealsonotethat theleft handsideis OPT l
T0

[0, T ] which doesnot containcostto clearall left-

over updatesat T , which is upper-boundedby
� n

i=1 bi. Therefore,after consideringthis cost, the

total costby following OPT l
T0

is boundedby

OPT l
T0

[0, T ] +
n�

i=1

bi � OPTT [0, T ] +
n�

i=1

bi
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If T > T0, wesimply follow themaintenanceplanOPTl
T0

in which at T0 weclearall remaining

unprocessedupdatesno mattertheresponsetimeconstraintisviolated.Thenwebegin anew round

andrepeatOPTl
T0

. Pleasenotethat this policy no longersatis“es constraintsC(1) Š C(3) at the

endof every round.Wecanboundits costby following theorem.

Theorem 6. Supposethelinearity of costfunctionsholdsanda maintenanceplan S is constructed

by repeatingOPTl
T0

if necessary, letOPTT bea plan optimizedfor T, then,

costof S � OPTT + 
 T /T 0� ·
n�

i=1

bi

Theorem6 extendsTheorem5 to T > T0. Obviously, theroombetweenOPT andS depends

on how T0 is closeto T.

2.4.4 Online Heuristic Algorith m

In some case,we areunableto estimateT in advance. It may be becausetheview is forcedto be

refreshedin completely randommanner. Thus it is impossibleproposeany maintenanceplan in

advance.To handlethis situation,weproposethefollowing heuristicswhich is usedto take avalid

actionand the resultingmaintenanceplan is lazy, greedyandminimal. Supposetime of the last

view refreshis 0 andat currenttime t, we are forcedto take a valid actionsincetheresponsetime

constraintis violated.Let B (t) bethecost incurredduringtime interval [0, t), and weneedto take

avalid actionwhich clearstheupdatesfrom Z � { Zi} , asubsetof thebasetables.Let t + ∆tZ be

the time to take thenext actionif we clearall updatesfrom Z at t. Then,we choosesetZ which

makes it a val id actionsatisfyingminimality propertyandthe heuristicfunction H (Z, t) of Z at

time t satis“es,

H (Z, t) = min
Z⊆{Zi}

� B (t) + f (Z )

t + ∆tZ

�

where f (Z ) is the cost paid to clear updatesfrom Z . For eachZ , heuristic function H (Z, t) is

incrementallycomputablesince

H (Z, t) = min
Z⊆{Zi}

� H (Z ′, t ′) · t + f (Z )

t + ∆tZ

�
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Figure2.7: DifferentArrival Sequences.

where t� is thetime of lastactionwhich clearsupdatesfrom setZ � � { Zi } . In addition, if at time

t it is the “ rst actionsince the lastview refresh,thent� = 0 andH(·, 0) = 0. Time to compute

H(Z, t) is O(2n ) in the worst casein which we have to enumerateall possiblesubsetsof { Zi } .

But it is still acceptablesince in practicen is constantandvery small comparedwith thelengthof

updatesequence,e.g. in TPC-R usedin theexperiments,n � 5.

2.5 Experiment

Weconductproof of conceptexperimentsof ouralgorithmsin differentscenariosonTPC-Rdatabase.

Wechoosethefollowingview from TPC-R which representsaclassof viewsde“nedover multiple
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tables.

SELECT MIN(S.supplycost)

FROM PartSupp AS PS, Supplier AS S,

Nation AS N, Region AS R

WHERE S.suppkey = PS.suppkey

AND S.nationkey = N.nationkey

AND N.regionkey = R.regionkey

AND R.name = ’MIDDLE EAST’

The view above is an aggregation over a four-way join of base tables. There are two update streams

for table PartSupp and Supplier. We set up the experiments environment using IBM DB2

running on a Linux machine. First we time the cost of processing updates from each streams in

Figure 2.4. We time the cost from 1 to 400 updates by step of 5, and obtain other data points by

spline extrapolation. From the figure the update stream of Supplier shows approximate linearly

increasing cost over the number of updates due to the large size of partner table PartSupp which

contains 800, 000 tuples. In contrast, cost to propagate updates of PartSupp is fairly stable be-

cause table Supplier only contains 10, 000 tuples and multiple I/Os of loading index structures

is avoided.

We simulated naive, online and OPTLGM algorithms and compare their performance for differ-

ent thresholds and different types of updates streams. We will explain the types of update streams

later in this section. The naive algorithm simply propagates all unprocessed updates once the re-

sponse time constraint is violated. The online algorithm uses the online heuristic introduced in Sec-

tion 2.4.4 to propagate updates if the response time constraint is violated. And algorithm OPTLGM

follows a maintenance schedule pre-computed by the optimizer. First of all, we need to verify that

the maintenance cost resulting from the simulator reflects the real cost correctly. Figure 2.5 com-

pares the cost for each simulated algorithm on the two uniform update sequences with length of

1000 updates for table Supplier and PartSupp. By uniform we mean that the update arrives

uniformly, and at every time instance there is one incoming update in each sequence. The response

time constraint is set to 20 seconds so that the update sequences are long enough to produce more
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than20 timesof view refreshesin the naive algorithm. From Figure2.5 thereis neglectabledis-

crepancy betweensimulatedandrealcostandthusit con“rmsthevalidity of oursimulation results.

Figure 2.6 shows the performanceof differentalgorithms on uniform updatesequencesfor

differentview refreshtimeT between100and1000seconds.Theresponsetimeconstraintissetto

12 secondswhich is constant.MethodSIMULATEmodelsthesituation in which we do not know

the real refreshtime T in advanceand we just follow the maintenancescheduleoptimized for an

estimatedT0 = 500 secondson uniform updatesequences,asdescribedin Section2.4.3. From

Figure2.6, apparentlyall otheralgorithmsperformsmuchbetterthanNAIVE. Moreover, algorithm

ONLINE andSIMULATEperforms very close to OPTLGM which is optimized for known view

refreshtimeT andupdatesequences.

Pleasenotethat methodSIMULATEin Figure2.6 assumes uniform updatesequences.How-

ever, in realapplication,theupdatestreams might exhibit non-uniformity in boththestreamspeed

andthenumberof updatesarrived at any time instance.Therefore,we conductexperimentsto test

the robustnessof SIMULATEagainstnon-uniformupdatestreams. For eachupdatestream, we

modelthenumberof arrival updatesat any t asiid randomvariablesX i. For any integer k ≥ 0, we

have

Pr {X i = k}

=

�
�

�

1− p, if k = 0 ;

p× Pr {Y = k|Y > 0}, otherwise.

where p ∈ [0, 1] and randomvariable follows a normal distribution Y ∼ N (µ, � 2). Parameter

p modelsspeedof updatestreamand parametersµ, � 2 control its stability. The arrival update

streamis uniform if p = 1 , µ = 1 , � = 0 . We use p = 0 .5 andp = 0 .9 to model slow andfast

streams and � = 1 , � = 5 to model stableandunstablestreams, andµ = 1 to keepthe mean

constant.Figure2.7 shows theresultsof experimentson all four typesof streams. Again, method

SIMULATEusesa pre-determinedmaintenancescheduleoptimized for uniform updatesequences

with view refreshtime as 500seconds.Theresponsetime constraintis 20 secondsandT = 1000

secondsfor all four typesof updatesequences.From Figure2.7, both ONLINE andSIMULATE

methodsoutperformNAIVE method at differentscalesfor differentstreams. Comparedwith the
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costof OPTLGM given known view refreshtimeandupdatesequences,SIMULATE is quiterobust

to theunpredictabilityin bothspeedandstability in updatesequences.Forstable updatesequences,

ONLINE performs close to OPTLGM but it is not as good asSIMULATE for unstable update

sequences.

2.6 RelatedWork

To the bestof our knowledge,this chapteris the “ rst work looking at view maintenanceproblem

from thenew aspectsof continuousupdateswith responsetime constraint.It is alsothe“ rst work

of optimizing maintenancescheduleby exploiting thebene“t from batchprocessing.

It is interestingto seethat new developmentsof datamanagement systems often bring up re-

juvenation of old problems. In pastdecades,materializedviews have beenwitnessinga resur-

gencedueto avarietyof new applications.Amongnumerouswork onmaintenanceof materialized

views,[GM99a] servesasacomprehensive collectionof recentresearchpapersthathavebeendone

on views in differentaspects.Incrementalview maintenance[BLT86][BCL89] [GMS93] [CW91]

[GL95a], self-view maintenance[Huy97] [QGMW96a] anddatawarehousing[ZGMHW95] [AASY97]

[GMLY98] arethefocusesof most of researchon materializedviews.

Themostrelatedwork to oursis [CGL+96], which proposesalgorithms to makedeferredview

maintenanceinsteadof refreshingview immediately uponupdates.The key differencefrom our

work is that [CGL+96] aims to minimizeview refreshingtime by selectively maintaininga setof

baselogs anddelta tablesandit doesnot exploit any bene“t form batchprocessing.[LYGM99]

extends[CGL+96] by proposingalgorithms for optimal updatestrategies to minimize the total

work to maintain a setof views. [SBCL00] performs view maintenanceasynchronouslybasedon

compensationqueries,but it doesnot addressany resourceconstraintproblems in the courseof

view maintenance.[MQM97] maintainsaggregateviewsby batchprocessingupdatesin summary-

deltatablesand[LCR02] handlesgroupingbothdataand schema updates,but neitherexploits the

sub-additivity andasymmetry amongdifferentcomponentsof maintenancecost.

Among recentwork on adaptive queryprocessingandcontinuousquery, Eddies [AH00] pro-
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videsa framework supportingtuple level adaptivity in queryevaluation,but either batchprocess-

ing nor responsetime constraintis considered.The recentwork on datastreams like [MWA+ 03]

[MSHR02a],etc. proposesalgorithms of processingcontinuousqueriesover continuousdata,but

nonof themconsiderstheproblemin this chapter.

The bin packingproblem is a combinatorial NP-hard problemin computationalcomplexity

theory. In bin packingproblem, objectsof differentsizesor volumes mushbe packed into a “ nite

number of bins with known capacityin a way suchthat the number of bins usedin packing is

minimized. In our problemsetting,at every actiontime, if weput all tuplesprocessedat thatpoint

in abin whosevolume isde“nedas thetotal processingcostat thattime,it is similar to bin packing

problemin asensewetry to minimizetotal volumeof all binsusedto holdall tuples.However, it is

not clearhow to mapourproblemto thebin packingproblemdirectly because“ rst,wearepacking

oneor more sequencesof temporal orderedtuplesinsteadof a setof tuples,e.g., we cannotpack

a tuplebeforeanotherearlyarrived tuple from thesame relation;secondly, in our problemsetting,

we areundertheconstraintthatat at time, total processingcostof all unpacked tuplesmust beno

greaterthanresponsetime constraint. It is not clearhow to enforcesuchconstraintin classicbin

packingproblem.

2.7 Summary

In thischapterweintroducetheproblemof ef“ cient incrementalview maintenanceover continuous

updateswith responsetime constraint. We proposesolutions basedon batchprocessing,which

exploit the asymmetry among differentcomponentsof maintenancecost. Differentsolutionsare

introducedfor differentscenariosdependingonknowledgeaboutthefuture.By limiting thesearch

spacewithin constrainedplansonly, we proposesub-optimal algorithms tightly boundedby the

globaloptimal algorithm. Wealsodemonstrateperformancegainby preliminary experiments.

Our work takesthe“ rst steptoward theproblemof ef“ ciently maintaining views de“nedover

unboundedand unpredictableupdatestreams with limited resource.Thereare several linesalong

which wecanpushforwardourwork. First weplanto incorporatebatchprocessinginto queryopti-
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mizerto generatequeryexecutionplan with batchoperator. Second,in this work weonly consider

the responsetime constraintand we plan to extendour optimization framework to othertypesof

resourceconstraintssincecostsubadditivity extensively existsin batchprocessingof differentlevel

of databasemanagement systems.
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Chapter 3

Cachingand Joining Data Str eams

3.1 Intr oduction

Thereisan increasingneedtodayfor applicationsto beableto processin real-timehigh-speeddata

streamssuchasnetworktraces,“ nancialdatafeeds,andsensordatastreams. Becauseof their large

volumes and high arrival rates,streams are often processedonline in high-speedmain memory in

order to meet real-time constraints[Spe03]. Hence,ef“ cient usageof limited resourcessuchas

CPU and memory becomes of paramount importance.

Join is ubiquitousin both traditional relationaldatabasesystems and datastreamprocessing

systems, and is often oneof the most resource-intensive operations.Without any constraintson

the input dataand its arrival order, accuratejoin processingrequiresan unboundedamount of

state.To getaroundthis problem, mostsystems usethesliding windowjoin, which restrictstuples

participatingin the join to a bounded-sizewindow of themost recentinput tuples.However, even

with aboundedwindow, it is possiblefor theinputarrival rateto exceedtheCPU processingspeed,

or for the amount of join stateto exceedthe size of memory allocatedfor it. In thesesituations,

various forms of load shedding(e.g., [MWA+03, KNV03, DGR03, TCZ+03]) areneededto drop

tuplesfrom theinput or thejoin state,resultingin incompleteanswers.

In thischapter, weconsiderthecasewherethesizeof memory is theprimarybottleneck.Given

a limitedamountof memory for maintainingthejoin state(whichweshallalso referto asacache),

we investigatetechniquesfor choosingtuplesto discardfrom the join stateto minimize the •er-

rorŽin theanswer. Various errormeasuresare discussedin [DGR03], and we chooseto focuson

MAX-subset, which correspondsto the number of missing join result tuples. A number of cache

replacementheuristicsfor sliding window joinsareproposedin [DGR03], including:

0Joint work with YuguoChenandJunYang.
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• PROB, whichdiscardsthetuplewith thelowestprobabilityto join with atuplefrom theother

stream;

• LIFE, which discardsthe tuple with the lowestproductof its remaining lifetime (w.r.t. the

sliding window) andtheprobability that it joins with anothertuple.

Both PROB andLIFE make senseintuitively, but thereis little understandingof what conditions

make themgood(or bad)heuristics.Moreover, implicit in thede“nitionsabove is theassumption

that the distribution of join attribute valuesare relatively stationary;otherwise, the probability to

join with the other streamcould vary over time, making thesede“nitions ambiguous. The most

common incarnationsof PROB andLIFE, which we call PROBp andLIFEp, simply assume sta-

tionarydistributionsandusepastjoin probabilitiesto predictthefuture.However, in practice,input

streams often exhibit morecomplex behaviors, suchasincreasingtrendsandrandomwalks,which

may renderheuristicswith •hardwiredŽassumptions inadequate.Given known or observed sta-

tistical propertiesof input streams, how do we exploit thesepropertiesto managethecachemore

intelligently?

Considerthefollowing example. Supposeour datastreamprocessingsystemreceives astream

S of measurementsfrom anetworkof sensors.Thesemeasurementsaretimestampedby thesensors

at thetime of measurement. Ideally, thetimestampswould be perfectlyorderedif therewere only

a single sensorand it communicatedto the systemusing a reliable protocol like TCP. However,

thereare many sensorscommunicatingwith the systemat the same time using a low-overhead

connectionlessprotocol like UDP over a slow andunreliablenetwork. Thus, insteadof arriving

in order, thetimestampsmay follow a discretizedboundednormal distribution centeredat current

time minus averagelatency, which moves right astime progresses.The pdf (probability density

function)of thisdistribution isshown in Figure3.1 (discretizationisnotshown). Supposethereis a

secondstreamR of timestampedmeasurementsof adifferenttypecoming from anothernetworkof

sensors.Thisnetworkis slowerandlessreliable,resultingin adistribution with highervarianceand

looserbound,which alsolagsslightly behindthatof S. Supposewewishto correlatemeasurements

from R andS that were taken at the same time. The query is an equijoin betweenR andS on

the measurement timestamps. Intuitively, whenthe pdf curve for S moves over the join attribute
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Figure3.1: Drifting boundednormaldistributions.

value of a cachedR tuple, this tuple getsa chanceof joining with eachincoming S tuple,with a

probabilitygiven by S•s pdf at thattime.

Considerthe threetuplesx, y, and z from streamR in Figure3.1 currentlycachedaspart of

thejoin state.Which tuplesshouldwechooseto discardwhenweare low on memory? Intuitively,

it is bestto discardy sinceit hasalmost already•missedŽthe moving pdf of S and is therefore

unlikely to join with futureS tuples.Unfortunately, sinceit usesthepastto predictfuture,PROBp

might make theexactoppositedecision:y would be thebesttuple to keepbecauseit probablyhas

joinedmore timeswith S in thepastthanx andz. Next, how do wechoosebetweenx andz? The

optimal choiceis not clear. On onehand,wecanarguethatz shouldbe keptbecauseit is expected

to generatemore resulttuplesthanx over its lifetime. On theotherhand,x is closerto thepeakof

S•s pdf andis likely to join immediately. Is it betterto reaptheimmediatebene“t of x or to beton

thelong-termbene“t of z? Anotherinterestingquestionmight be: overall, is it betterto discardR

tuplesor S tuples?

An obviousapproachis to makePROB or LIFE awareof any known futurestatisticalproperties

of the inputs,but how to take advantageof this information is unclear. For example, in PROB,

shouldwe usethe probability that a tuple x will join with anything in the future,or the average

probabilitythatx joinswith anarriving tuple?Restrictingprobability computationto the•lifetim eŽ

of x seems reasonable,but should we use the lifetime of x within the sliding window (if one is

present),or theestimatedtime thatx will remain in thecache?Insteadof relying on intuition, we

pursueamoreprincipledapproachtoansweringthesequestions.Wedevelopaframework toexploit

known or observed statistical propertiesof input streams to make intelligent cachereplacement

decisionsaimed at maximizing theexpected numberof join resulttuplesthatcanbegeneratedfrom
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the cache. Specifically, we make the following contributions:

€ To illustrate the complexity of the solution space, we develop an algorithm which considers

all possible sequences of future replacement decisions in order to make the best decision at

the current time. Despite its cost and deceivingly complete search space, we show that this

algorithm is not optimal.

€ We identify a condition between two cached tuples under which an optimal algorithm would

always choose one tuple over the other to replace. In several scenarios, testing this condition

alone allows us to obtain provably optimal cache replacement policies.

€ In case that the optimal algorithm is hard to find, we develop a practical heuristic that behaves

consistently with an optimal algorithm whenever the above condition is satisfied. We show

through experiments that our heuristic outperforms previously proposed ones.

A natural question is how our problem differs from the classic caching problem. Numerous

cache replacement policies have been proposed before, and all seem applicable here. However,

there is a subtle but important difference between caching stream tuples and caching regular objects.

When caching regular objects, we can recover from mistakes easily: the penalty of not caching an

object is limited to a single cache miss, after which the object would be brought in and cached if

needed. In contrast, in the case of caching stream tuples for join, a mistake can cost a lot more:

when a tuple is discarded, it is irrevocably gone, along with all result tuples that it could generate

in the future. Therefore, an optimal classic cache replacement policy, which simply favors those

objects that will be referenced first, may not be optimal for join state management, where references

beyond the first one also matter. Another contribution of ours is showing how the two problems can

be tackled under the same framework despite their differences:

€ We show that classic caching can be reduced to the problem of managing join states for

streams, and that it can be analyzed in the same framework, yielding provably optimal results

that agree with or extend classic ones. These “coincidences” further evidence the generality

of our framework.

Our framework can handle the sliding-window join semantics. For simplicity of presentation, we
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shallassume theregularjoin semanticsin otherpartsof thechapter(althoughadistribution canstill

beboundedas in Figure3.1, effectively creatingavalue-basedsliding window).

3.2 Problem Setup

We model eachinput streamS asa discrete-time stochasticprocess{ X S
t | t = 0, 1, . . .} , where

eachX S
t is arandomvariablerepresentingthevalueof thejoin attributeof thetupleproducedby S

at time t. In general,therandomvariableswithin aprocessmay not beindependent,and stochastic

processesgoverning different input streams may not be independenteither. For simplicity, we

assume thatthetimedomain isZ
+ , and thatall randomvariablesarediscrete.Wealsoassume that

all tuplestake thesameamountof space.

Weareinterestedin boththeproblemof joining two streamsandtheproblemof joining astream

with a databaserelation. We shall refer to them as joining and caching problems, respectively.

Althougheitherprobleminvolvesboth cachingand joining, we call the latter problem•cachingŽ

becauseit correspondsexactly to theclassiccachingscenario.

In the joining problem, we perform an equijoin betweentwo streams on a join attribute. A

limitedamountof memory canbeusedto cachetuplesfrom either streamto join with futuretuples

from theotherstream. Tuplescanhave identicaljoin attributevaluesbut areassumed to bedistinct

from eachother;for example, two R tupleswith thesamejoin attributevaluecanjoin with thesame

S tuple and producetwo distinct result tuples. Assuming that we know the stochasticprocesses

governing the input streams, we want to devise a cachereplacement strategy that maximizesthe

expectednumberof resulttuplesthatcanbecomputedwith thecache.

In thecaching problem, weperformanequijoinbetweenareferencestreamandanon-streaming

databaserelation. Thereis limited memory to cachedatabasetuplesto join with incoming stream

tuples.We assume thatevery streamtuple joinswith exactly onedatabasetuple (i.e., a referential

integrity constraintexistsfrom thestreamto therelation).As in thejoining problem, streamtuples

canhave identicaljoin attributevaluesbut areconsideredto bedistinct from eachother. However,

therecanbeonly onedatabasetuplewith agivenjoin attributevalue.For eachincoming streamtu-
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ple,wehave acachehit if thecachecontainsthejoining databasetuple,or a missotherwise. In the

caseof amiss,thejoining tuple is retrieved from thedatabaseandwehave theoptionof cachingit

afterwards.Giventhestochasticprocessgoverning thereferencestream, wewantto deviseacache

replacementstrategy thatmaximizestheexpectednumberof cachehits (or, equivalently, minimizes

theexpectednumberof cachemisses).

Note thatthejoining problemassumes replacedtuplescannotberecoveredonline. Eliminating

this assumption mitigatesthe differencebetweenjoining and caching. However, for systems that

recover tuplesof”ine (e.g.,thoseusing theArchive-metric [DGR03]), joining and cachingare still

distinctproblems.

3.2.1 ReducingCaching to Joining

We now show that the cachingproblem can be reducedto the joining problem. This reduction

allows us to tackleboth problems undera uni“ ed framework, whoseadvantagewill be apparent

later. Given a cachingproblemwith referencestreamR, to formulate it asa joining problem, we

needto constructa secondstreamS to bejoined with R. For eachreferencestreamtuple r , let S

generatethe joining databasetuple s (onewith thesame join attribute valueasr ). Thuswe have,

for example:

R : r 0
a, r 1

b , r 2
a, r 3

c , r 4
a, . . .

S : sa, sb, sa, sc, sa, . . .

wherethesubscriptsdenotevaluesof thejoin attributes.Intuitively, wemaythink of S asa•supplyŽ

streamthatcanbeusedto populatethecache;indeed,sinceall cachemissesaresatis“ed by going

backto the database,the joining databasetuple at eachtime step is alwayssupplied to the cache

regardlessof hit or miss.

The above formulation doesnot quite work yet. Recall from earlier in this sectionthat the

joining problemassumes all input tuplesto bedistinct. Unfortunately, thesupplystreamS above

containsduplicates(e.g., thesamedatabasetuplesa appearsthreetimes).Treatingthemasdistinct

tuplesdoesnot work, becauseit would allow theunrealisticsituationof cachingmultiple copiesof
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the same S tuple at the same time; furthermore, the number of join result tuples generated would

not match the number of cache hits.

The trick is to tweak the join attribute values (and domain) as follows: In R, we replace the i -th

occurrence of value v with the pair (v, i Š 1); in S, we replace the i -th occurrence of value v with

(v, i ). Two pairs are equal if both components are. Thus, the example streams above are converted

into:

R� : r 0
(a,0), r 1

(b,0), r 2
(a,1), r 3

(c,0), r 4
(a,2), . . .

S� : s(a,1), s(b,1), s(a,2), s(c,1), s(a,3), . . .

To see why this transformation works, we make the following observations. (1) Neither stream

contains duplicates. (2) Each S� tuple s(v,i) can join with one R� tuple (specifically, the first r t
(v, )

to come in the future), provided that the S� tuple is still cached at that time. (3) Each R� tuple r t
(v,i)

can join with one S� tuple (specifically, the last s(v, ) seen before the current time t), provided that

the S� tuple is still cached now.

Observation (2) implies that each S� tuple s(v,i) can produce no more results after joining for the

first time with r t
(v,i). Therefore, any reasonable solution to the joining problem will replace s(v,i) at

time t when the next instance of s(v, ) arrives, thereby avoiding the unrealistic situation of caching

multiple copies of the same tuple at the same time. Observation (3) implies that no R� tuple can

join with any future S� tuples, so a reasonable solution will not cache any reference stream tuple,

which is consistent with the definition of the caching problem.

Excluding these unreasonable solutions (those that cache any reference stream tuples or multi-

ple instances of the same database tuples), which are obviously suboptimal, solutions to the joining

problem can be mapped to solutions to the original caching problem straightforwardly. Further-

more, the number of result tuples produced by the joining solution is equal to the number of cache

hits produced by the caching solution.

Let D the value domain of join attribute v for all tuples in reference sequence R = { r t
(v,k(v))}

time stamped on t and pair (v, k(v)) represents the (k(v) + 1)-th occurrence of value v, and we

construct another stream S as introduced above, then we formalize above argument by following

theorem,
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Theorem 7. 1 GivencacheC with initial stateC0 at time0, supposeR = { rt
(v,k(v))} , wherev � D,

t � Z+, is a referencesequence. Let H(C0, R, P ) bethenumber of hits generatedby cacheC for

referencesequenceR undera reasonablereplacementpolicy P , andJ(C0, R, S, P ) is thenumber

of tuplesresultingfrom joining two streams R and S given the same cache C0 and replacement

policy P . Then,

H(C0, R, P ) = J(C0, R, S, P )

3.3 TheFlowExpectAlgorithm

In this section,we give analgorithmFLOWEXPECT for making cachereplacement decisionsthat

try to maximizetheexpectedbene“t of a“ xed-sizecache.Sincewehaveshown thereductionfrom

cachingto joining,weshall focuson thejoining problemhere.

In eachtime step, FLOWEXPECT asksthe following question:Given the contentof a size-k

cache and the two tuplesarriving at the current time t0, which two tuplesshouldwe chooseto

discard now in order to maximize theexpectednumberof join resulttuplesthat canbe generated

fromthecacheduring theinterval [t0, t0 + l]? Here, l speci“eshow far into thefuturethealgorithm

shouldlook ahead.Ideally, if we know thatwe are going to computethe join only up to a speci“c

time tref , or if weonly careaboutmaximizing thenumberof resulttuplesup to tref , wecanchoose

l = tref Š t0. Aswewill seelaterin this section,a large l slowsdown thealgorithm. In practice,a

smaller l might suf“ ce,assuming thatthecurrentdecisionhaslittle in” uencefar into thefuture. In

general,however, adecisionmadebasedon asmaller look-aheadmay not beoptimal.

Theanswer to theabove questionallows usto make agoodcachereplacementdecision(in the

expectedsense)for the currenttime only. In the next time step, FLOWEXPECT needsto askthis

questionagain,with thenew cachecontentand thetwo newly arrived tuplesasinput. As in OPT-

of” ine[DGR03],wereformulateeachinstanceof thequestionasamin-costnetwork” ow problem.

ThemaindifferencebetweenOPT-of” ineandFLOWEXPECT is thatOPT-of” ineassumescomplete

knowledgeof all futuretuplesandonly needsto be run once. On the other hand,FLOWEXPECT

1For brevity, theproofof all theorems, corollariesandlemmain thischapter canbefoundin Appendix.
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Figure 3.2: A network flow graph.

is an online algorithm that has complete knowledge of the past and the present, but only proba-

bilistic knowledge of the future. For this reason, FLOWEXPECT needs to use expected costs in the

flow graph; also, FLOWEXPECT has to recompute its decisions when more information becomes

available in each new time step.

Our main contribution here is not so much FLOWEXPECT per se, but rather the somewhat un-

expected observation in Section 3.3.4 regarding the optimality of FLOWEXPECT, which reveals

the complexity of the solution space. Readers familiar with OPT-offline [DGR03] can skim Sec-

tion 3.3.1 while focusing on the difference between the two algorithms.

3.3.1 Constructing theFlow Graph

Intuitively, the network flow graph captures all possible cache traces from time t0 up to time t0 + l .

The general form of the graph is shown in Figure 3.2. Between source and sink, the graph consists

of l vertical slices Gt0 , Gt0+1 , . . . Gt0+ lŠ 1, where slice Gt corresponds to the state of the cache at

time t .

The first slice, Gt0 , contains k + 2 nodes: k nodes represent the k tuples currently in the cache

at time t0, and the remaining two represent the tuples produced by the two input streams at time t0.

We call these nodes determined nodes (denoted by a black dot) since they represent tuples that are
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known at thecurrenttime.

Thesecondslice,Gt0+1 , containscopiesof thek + 2 nodesfrom thepreviousslice,connected

to the respective originals with horizontalarcs. Intuitively, a ” ow along oneof thesehorizontal

arcsmeansthat we keepthe correspondingtuple in cachefrom time t0 to t0 + 1. In addition,

two new nodesrepresentthe tuplesproducedby the input streams at time t0 + 1. We call these

nodesundetermined nodes (denotedby a white dot), becausewe do not know their join attribute

values(althoughwe assume thatwe know how thetwo randomvariablesare distributed).The two

new nodesare connectedto the duplicatenodes(thosecopiedfrom the previous slice) with non-

horizontalarcs.Intuitively, a ” ow along oneof thesenon-horizontalarcsmeansthatwe replacean

existing tuple in cachewith anewly arrived tupleat time t0 + 1.

In general,sliceGt+1 is constructedfrom slice Gt by copying all nodesin Gt andadding two

new nodesfor the two tuplesarriving at time t + 1. Horizontalarcsconnectoriginal nodesin Gt

to their duplicatesin Gt+1 , and non-horizontalarcsconnectduplicatenodesto thetwo new nodes.

Finally, all nodesin the“ rst andlastslicesareconnectedto sourceandsink, respectively.

All arcshave unit capacity, and we pusha ” ow of size k throughthegraph. Assume for now

thatthe” ow is integral (wewill explainwhy later),i.e., the” ow on eacharciseither1 or 0. Except

sourceandsink, eachnodehaseither in-degreeof 1 or out-degreeof 1, so it canadmit eithera ” ow

of 1 or no ” ow at all. Therefore,a ” ow of sizek throughthegraphconsistsof k pathsconnected

only at sourceandsink, but disjoint otherwise.Eachpathcarriesa ” ow of size 1 andrepresentsthe

sequenceof cachereplacementdecisionsmadeduring [t0, t0 + l − 1] for aparticularcacheslot.

We assigncoststo arcs accordingto theexpectedbene“ts generatedby joining cachedtuples

with incoming tuples.The variouscasesarediscussedbelow. Sinceweare solvingfor a ” ow with

minimum cost,thecostsarenegatedexpectedbene“ts.

• A horizontalarc connectinga noden in Gt to its copy in Gt+1 representsthe action of

keepingthetuple from time t to t + 1. This actioncanpotentiallygenerateoneresulttuple

by joining with thenew tuplefrom thepartnerstreamattimet +1. Supposethatn represents

a tuplefrom streamS, which joins with partnerstreamR.

If n is a determinednodewith join attribute valuev, thenthis tuple will join with the in-
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coming R tuple at time t + 1 with probability Pr { X R
t+1 = v | x̄ t0} . This probability is

conditioned on x̄ t0 , the history of all streams observed by the algorithm up to the current

time t0. Therefore, we assign a cost of (ŠPr { X R
t+1 = v | x̄ t0} ) to this arc.

If n is an undetermined node representing a tuple arrived at time t ′ (t0 < t ′ � t), then

this tuple will join with the incoming R tuple at time t + 1 with probability
�

v Pr { X S
t � =

v � X R
t+1 = v | x̄ t0} . Therefore, we assign a cost of (Š

�
v Pr { X S

t � = v � X R
t+1 = v | x̄ t0 } )

to the arc.

€ A non-horizontal arc connecting two nodes in Gt represents the action of replacing a tuple in

the cache with a newly arrived tuple at time t . This action does not generate any result tuple

at time t ; the newly cached tuple might generate a result tuple at time t + 1 , but that benefit

is attributed to the arc leaving the newly cached tuple. Therefore, we assign a cost of 0 to all

non-horizontal arcs.

€ For arcs leaving source, we assign a cost of 0.

€ For arcs entering sink, we assign their costs by treating them as horizontal arcs out from

Gt+l−1.

We ignore the benefit at the current time (t0) because it is independent of current and future re-

placement decisions. We also ignore the benefit generated by joining tuples arriving at the same

time because they will be joined regardless of replacement decisions.

3.3.2 Solving theMin-Cost Flow Problem

By construction of the graph, each feasible integral flow of size k corresponds to a sequence of

cache replacement decisions during [t0, t + l Š 1]. Furthermore, it is not difficult to see that there

is a one-to-one correspondence between the set of all possible sequences of cache replacement

decisions and the set of all feasible size-k integral flows through the graph. The following theorem

states that the cost of a feasible size-k integral flow correctly reflects the expected benefit of the

corresponding sequence of cache replacement decisions.
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Theorem 8. The cost of a feasibleintegral ”ow of sizek through the graph constructedin Sec-

tion 3.3.1 is thenegatedexpectedbene“tgeneratedby thecacheduring [t0 + 1, t0 + l] by following

thecorrespondingsequenceof cachereplacementdecisions.

Therefore,by solving for themin-cost” ow, FLOWEXPECT “ ndsthesequencethatmaximizes

theexpectedbene“t, and thenfollows thedecisionmadeby this sequenceat time t0.

The integral ” ow assumption is justi“ed by the fact that therealwaysexists an optimal ” ow

which is integral, which follows from the observation that both the ” ow target and capacitiesare

integers.

Using analgorithmfrom Goldberg [Gol97], wecansolvethemin-cost” ow problemin O(n2m log n)

time, wherem is the number of arcs and n is thenumber of nodesin thegraph. In our case,this

boundtranslatesto O((k + l)3l3 log((k + l)l)) for eachstepof FLOWEXPECT (see Appendixfor

detailedderivation), not even consideringthe work of constructingthe graph. Clearly, a larger l

furtherexacerbatestheproblem. Becauseof its complexity, FLOWEXPECT is simply not practical,

althoughwecanstill useit asayardstickfor measuringtheeffectivenessof otheralgorithms.

3.3.3 De“nition of Optimality

An algorithm A for making cachereplacement decisionstakes four inputs: K, the setof tuples

currentlyin thecache,N , thesetof newly arrived tuples,H, thesequenceof all arrivals up to now,

andp, a joint probability function of futuretuples•join attribute values(conditionedon H). The

algorithmoutputsthenew stateof thecache,asubsetof K � N of size|K|. Given p andinitial K0,

N0, and H0, considerasequenceof subsequentarrivals N = N1, N2, . . . , Nl . Wede“ nef(A, N ),

theperformanceof A on N , inductively asfollows:

€ f0 = 0.

€ Ki+1 = A(Ki , Ni ,Hi , p).

€ fi+1 = fi + �� (Ki+1, Ni+1), where�� (K,N) denotesthenumberof resulttuplesproduced

by joining N with K.

€ Hi+1 = Hi Ni+1.
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€ f (A, N ) = f l.

Again, note that we are ignoring the result tuples generated by N0 and those generated by joining

N i with itself, because they are produced regardless of A’s behavior. The expectedperformance

of A over sequences of l subsequent arrivals is defined by
�

N Pr {N | H0} f (A, N ), where N is

any sequence of l arrivals. An optimal algorithm (w.r.t. a given l) is one with the highest expected

performance over sequences of l arrivals.

3.3.4 Suboptimality of FlowExpect

As expensive as FLOWEXPECT may be, it is not optimal, even if l is made as large as necessary.

The reason is that the min-cost flow problem solved at each time step only considers all possible

predetermined sequences of future cache replacement decisions. The search space does not include

strategies that make future decisions onlinebased on the actual join attribute values of tuples when

they arrive. In practice, the problem is somewhat alleviated by the fact that FLOWEXPECT recom-

putes its decision at every time step using the most up-to-date information. However, it is still

possible for FLOWEXPECT to make suboptimal decisions.

To illustrate, we consider a small but carefully constructed example. Suppose that the cache

can hold only one tuple at a time. At the current time t0, the cache contains a tuple with join

attribute value of 1 from stream R. We also have some information about what streams R and S

will produce in the future (summarized in the table below): We know some for sure and others only

probabilistically. The symbol “Š” represents tuples that do not join with other tuples or “Š” tuples

themselves.

Time Join attribute value of Join attribute value of

new R tuple new S tuple

t0 Š 2

t0 + 1 2 3 with probability 0.5

(Š otherwise)

t0 + 2 3 1 with probability 0.8

(Š otherwise)

t0 + 3 2 with probability 0.5 1 with probability 0.8

(Š otherwise) (Š otherwise)
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The best three sequences of cache replacement decisions considered by FLOWEXPECT are:

€ Always keep the currently cached R tuple (1). The expected benefit is 0.8 (at t0 + 2 ) +

0.8 (at t0 + 3 ) = 1 .6.

€ At t0, replace the cached tuple with the new S tuple (2), and keep it afterwards. This se-

quence yields an expected benefit of 1 (at t0 + 1 ) + 0 .5 (at t0 + 3 ) = 1 .5.

€ At t0, replace the cached tuple with the new S tuple (2); at t0 + 1 , replace again with the

new S tuple (3 with probability 0.5), and then keep it afterwards. This sequence yields an

expected benefit of 1 (at t0 + 1 ) + 0 .5 (at t0 + 3 ) = 1 .5.

FLOWEXPECT would choose the first sequence because of its highest expected benefit, and there-

fore decides to keep the currently cached R tuple at t0. However, the min-cost flow problem fails

to capture the following strategy, which combines the last two sequences in a dynamic way:

Š At t0, replace the cached tuple with the new S tuple (2).

Š At t0 + 1 , if the new S tuple has value 3, replace the cached tuple with this one; otherwise,

keep the cached tuple.

Š From t0 + 2 on, keep the currently cached tuple.

If at t0 + 1 the new S tuple has value 3, the above strategy will have an expected benefit of

1 (at t0 + 1 ) + 1 (at t0 + 2 ) = 2 ; if not, this strategy will have an expected benefit of 1 (at t0 + 1 ) +

0.5 (at t0 + 2 ) = 1 .5. Therefore, the overall expected benefit of this strategy is 2 · 0.5 + 1.5 · 0.5 =

1.75, which is higher than any predetermined sequence of cache replace decisions can generate.

Hence, FLOWEXPECT has made the wrong decision of keeping the cached R tuple at time t0.

The analysis above not only shows the suboptimality of FLOWEXPECT but also reveals how

vast the search space is. An optimal algorithm would need to consider all strategies that make con-

ditional decisions based on the join attribute values of new tuples observed at runtime. In general,

such a strategy can have a branching factor of
(k+2

2

)

for every future time step, and the conditional

expressions controlling the branches can refer to all values that might have been observed up to that

time step. An exhaustive search through this enormous space is clearly impractical. Therefore, we

need to develop simpler, more practical approaches.
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3.4 A Practical Framework

Recognizing that the optimal solution might be too expensive to obtain, we now turn to a more

practical solution. We shall tackle the joining problem directly, and address the caching problem

through reduction to the joining problem.

3.4.1 Expected Cumulative Benefit

Given the knowledge of stochastic processes governing the input streams, we can calculate the

expected total benefit of caching a tuple over a period of time. Formally, at the current time t0,

for each candidate tuple x (either currently cached or just arriving at t0), we define the expected

cumulative bene“t function (or ECB for short) of x w.r.t. t0, denoted Bx (� t) (� t ≥ 1), as the

expected number of result tuples generated by joining x with tuples from the other stream over the

period [t0 + 1 , t0 + � t]. ECB basically indicates how desirable it is to cache x. The following

lemma (with proof in appendix) shows how to compute the ECB. Here and thereafter, we use vx

to denote the value of the join attribute for a tuple x. Recall that x̄ t0 denotes the history of input

streams observed up to t0.

Lemma 9. Supposethat at current time t0, x is a candidatetuplefrom streamS (to bejoinedwith

R). TheECB for x is givenbyBx (� t) =
∑t0+� t

t= t0+1 Pr {X R
t = vx | x̄ t0}.

For the caching problem, this lemma also applies, although calculation of the ECB should be

based on the transformedstreamsafter reduction to the joining problem (Section 3.2). It is straight-

forward to express the ECB computed by Lemma 9 directly in terms of the statistical properties of

the original referencestream, as shown by the following corollary to Lemma 9 (again, see appendix

for the proof). Interestingly, the ECB of a database tuple turns out to be the probability that it is

referenced at any time in the given period.

Corollary 1. Supposethat at current time t0, x is a candidatedatabasetuple(to bereferencedby

streamR). The ECB for x is givenby Bx (� t) = 1 − Pr {
⋂t0+� t

t= t0+1 X R
t 
= vx | x̄ t0}. TheECB for

anyreferencestreamtupley is givenby By(� t) = 0.
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Figure 3.3: Example ECBs.

Intuitively, when making a cache replacement decision, we want to remove tuples with the least

desirable ECB from the cache. As a concrete example, let us reconsider the three candidate tuples x,

y, and z from stream R in the example introduced in Section 3.1. In Figure 3.3, we plot their ECBs.

Between tuples x and y, we see it is intuitively better to cache x since we expect it to generate

consistently more benefit than y over any period of time starting now. The dilemma of comparing

x and z is also clearly illustrated by Figure 3.3. The choice depends on whether z is expected to

survive in the cache longer than the cross point of x and z’s ECB curves. If z is replaced too soon

(perhaps by some tuple with a better ECB arriving later), then it is better to cache x.

The above example shows that not every two ECBs are “comparable.” Next, we formalize the

notion of comparable ECBs and prove that cache replacement decisions based on comparable ECBs

are optimal.

3.4.2 ECB Dominance Test

We say that an ECB Bx dominatesanother ECB By if Bx (� t) � By(� t) for all � t � 1. If

the inequality is strict for all � t � 1, we say that Bx strongly dominatesBy . Two ECBs are

comparable if one dominates the other. The main theorem of this section, presented below, states

that if tuple x’s ECB dominates (or strongly dominates) tuple y’s ECB, then discarding x must be

no better (or worse) than discarding y.

Theorem 9. Supposethere are currently two candidatetuplesx and y with ECBsBx and By ,

respectively. (1) If Bx dominatesBy , thenthereexistsanoptimal algorithmthatkeepsx or discards
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y at thecurrent time. (2) If Bx strongly dominatesBy, theneveryoptimal algorithm mustkeepx

or discard y at thecurrent time.

A formal proof can be found in appendix, but we will provide the crux for (2) here. Suppose an

algorithm A does not meet the above condition, i.e., A discards x at t0 but keeps y from t0 to some

t � > t 0. We construct another algorithm A � that discards y at t0 and keeps x from t0 to t �; other

than this difference, A � makes the exact same cache replacement decisions as A . It is easy to see

that the expected benefits generated by A and A � differ by exactly By(t � Š t0) Š Bx(t � Š t0). Since

Bx strongly dominates By, the expected benefit of A � is greater than A . So A cannot be optimal.

Note that ECB is defined w.r.t. to the current time, and dominance tests can tell us optimal

decisions at this moment. Dominance relationships may change over time. Even if Bx strongly

dominates By now, at some later time t � By may strongly dominate Bx. There is no conflict: it is

still better to keep x now, but if both survive until t �, keeping y would be better at that point.

Dominance does not in general induce a total order on the candidate tuples. On the other hand,

we do not really need a total order to make an optimal decision. If we can find a set of tuples whose

ECBs are all dominated by the ECBs of tuples outside this set, then it is optimal to discard all

tuples in this set (provided that the cache needs to discard this many or more tuples). For example,

suppose that in Figure 3.3 there is another tuple w whose ECB dominates all others. If we need to

discard three tuples out of w, x, y, and z, the optimal choice would be x, y, and z, even though x

and z have incomparable ECBs. If we need to discard only two out of four tuples, it is still safe to

discard y, but the choice between x and z is unclear. The following corollary captures this intuition.

Corollary 2. A subsetV � U is called a dominated subset (w.r.t. U) if 	 u � U Š V, 	 v �

V, Bu dominatesBv. Supposethe cache has sizek and the set C of candidatetupleshas size

k + � k. If C � is a dominatedsubsetof C with no more than � k tuples,there existsan optimal

algorithmthat discards C �.
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3.4.3 Heuristic of EstimatedExpectedBene“t

If there is no dominated subset with size equal to the number of tuples to be discarded, we need

heuristics to choose among tuples whose ECBs are incomparable. Many heuristics have been pro-

posed in previous work (e.g., PROB and LIFE [DGR03] for joining, LRU and LFU for caching).

They may work really well for input streams with certain properties, but they cannot exploit the

knowledge about arbitrary statistical properties exhibited by the input streams. For instance, we

would not expect these “hardwired” heuristics to work well for the example in Section 3.1.

In contrast, our heuristic of estimated expected benefit (or HEEB for short) is based on known or

observed statistical properties of stochastic input streams. The advantage of HEEB is its generality.

We can apply HEEB to both caching and joining problems with any stochastic input (as we shall do

in Section 3.5) and obtain a cache replacement algorithm that works well for the given input (as we

shall see in experiments in Section 3.7). Furthermore, HEEB agrees with Theorem 9, i.e., it makes

optimal decisions on candidate tuples with comparable ECBs.

For each candidate tuple x, HEEB computes a value Hx. Tuples with lowest such values are

discarded. Hx is computed from the ECB Bx(� t) and another function Lx(� t), which estimates

the probability that x will still be cached at time t0 + � t. The choice of Lx is fairly flexible and

can be fine-tuned for a particular input (more on this topic later). Hx is defined as follows:

Hx = Bx(1)Lx(1) +
��

� t=2

((Bx(� t) −Bx(� t− 1))Lx(� t)) .

In the above, Bx(1)Lx(1) estimates the expected benefit generated by x at time t0 + 1 , and

(Bx(� t) − Bx(� t − 1))Lx(� t) estimates the expected benefit at time t0 + � t (since Bx mea-

sures cumulative benefit, we need to take the difference in order to compute the benefit in a single

time step). Summing up these terms, Hx estimates the expected total benefit of caching x. HEEB

favors candidate tuples with high estimated expected benefits. Convergence of Hx can be ensured

by proper choices of Lx, as discussed next.2

2Note that Lx is only an estimate of the probability that HEEB will keep x alive in the cache at a given time.

It is not possible to use the exact probability to define HEEB; doing so would result in a circular definition.

To compute this probability exactly, we need to know how likely a future tuple might be considered by
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Applying Lemma 9 to thede“nition of H x , we canobtainthe following equivalent de“nition

of H x for acandidatetuplex to bejoinedwith streamR.

H x =
∞
∑

∆t=1

(Pr{ X R
t0+∆t = vx | x̄ t0 } · L x (� t)) .

For thecachingproblem, applying Corollary 1 to thede“nition of H x , we canobtainthe fol-

lowing equivalent de“nition of H x for adatabasetuplex to bereferencedby streamR:

H x =
∞
∑

∆t=1

(Pr{ (X R
t0+∆t = vx ) � (

⋂

t0<t <t 0+∆t

X R
t 
= vx ) | x̄ t0 } · L x (� t)) .

Choosing L x Although the choice of L x may vary, a good choiceshouldhave the following

properties:

1. For all � t � 1, 0 � L x (� t) � 1. This propertyis anobviousmust becauseL x estimatesa

probability.

2. L x (� t) is a non-increasingfunctionof � t (� t � 1). This propertyis alsoa must.Since•x

is cachedat time t0 + � tŽimplies •x is cachedat t0 + � t Š 1,Žtheestimatedprobabilityof

theformer shouldbeno greaterthanthatof thelatter.

3. The choiceof L x shouldensure theconvergenceof thesumde“ning H x . Note that a suf“ -

cient (but not alwaysnecessary)condition is that the series
∑∞

∆t=1 L x (� t) converges. we

formally stateand prove this claim in Appendix.

4. Supposeboth x andy arecandidatetuples. If Bx dominatesBy , then L x shoulddominate

L y , i.e., L x (� t) � L y(� t) for all � t � 1. This propertycapturesthe intuition that, if

cachingx is alwaysno worsethancachingy, thenat any point in time, theprobability of x

beingcachedshouldbeno lessthanthatof y beingcached.ThispropertyensuresthatHEEB

makes optimal decisionson tupleswith comparableECBs, as Theorem10 below (proven in

Appendix)indicates.

HEEBto bebetterto cachethanx (andthereforereplacex). However, HEEBdecideswhatisbetterbased

onL x itself.
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5. Suppose x and y are candidate tuples. If Bx strongly dominatesBy , then Lx (1) > 0. This

property rules out constant zero Lx functions, which trivially satisfy other properties.

Theorem 10. Supposethe setof Lx functionsfor all candidatetuplessatisfyall “ ve properties

above. Then,Hx ≥ Hy if Bx dominatesBy ; also, Hx > Hy if Bx stronglydominatesBy .

It is fine to pick the same function Lx for all candidate tuples, which would trivially satisfy

Property 4. In fact, we use this simple approach in all our case studies; the details on choosing

Lx for each case will be presented in Section 3.5. A more accurate Lx for each individual x can

be derived by studying both input streams (not just the one that joins with x) and estimating how

likely a future tuple will replace x. However, it is unclear how much additional benefits such

accurate estimates can bring in practice, in order to justify the potentially high cost of computing

them.

It is interesting to note that particular choices of Lx lead to different instances of HEEB with

different assumptions and behaviors. Several examples are summarized in the following table.

Note that Linf and Linv do not guarantee the convergence of Hx in general, but they do guarantee

convergence for any caching problem.

Definition of L x Resulting H x Behavior

L fixed (∆t) = 1 for ∆t � ∆T ,

or 0 otherwise

H fixed
x = B x (∆T ), the expected total benefit

of x based on the assumption that all tuples are

replaced exactly at t + ∆T

Replace the tuple with least bene“t in a

“xed amountof time

L inf (∆t) = 1 (for caching only) H inf
x = lim∆t →∞ B x (∆t), the probability

that x will be referenced any time in the future

Replace the tuple least likely to be used

in future

L inv (∆t) = 1/ ∆t (for caching

only)

H inv
x =

P

∞

∆t =1(Pr{ x is first

used at t0 + ∆t | x̄ t 0 } / ∆t), the ex-

pected value of the inverse of x ’s waiting time

(the amount of time before x is first used)

Replace the tuple with the lowest ex-

pectedinverse waiting time

L exp(∆t) = e−∆t/� (� > 0) H exp
x calculates the expected total benefit of x

based on the assumption that the probability for

x to remain in the cache decreases exponen-

tially over time

Replace the tuple with the least bene“t

assumingexponentiallydecreasing prob.

to remain cached

Our Lx of choice is Lexp , because it guarantees the convergence of Hexp
x and makes it incrementally

computable, which is useful for an efficient implementation, as we will see in the next subsection.
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The value of α should be chosen such that the estimated or observed average lifetime of a cached

tuple matches 1/ (1Š exp(Š 1
α )) , the average lifetime predicted by Lexp . We discuss how to choose

α for different scenarios in more detail in Section 3.5.

3.4.4 Efficient Implementation

Although HEEB has simplified the problem of comparing ECBs into the problem of comparing the

values of Hx, computing Hx can still be expensive, because in general its value can change over

time and therefore needs to be recomputed at every time step. In this subsection, we describe a set

of optimization techniques aimed at making HEEB more practical. In Section 3.5, we will see how

they are applied in different scenarios.

Time-Incremental Computation

Using the value of Hx at the previous time step, sometimes we can compute the value of Hx at

the current time incrementally. Certain choices of Lx (e.g., Linf and Lexp) make Hx amenable

to incremental computation, while others (e.g., Linv ) do not. It also helps for input streams to

be governed by independent stochastic processes; otherwise, probability calculations at the current

time might be conditioned differently from those at the previous time step, making time-incremental

computation difficult. Corollaries 3 and 4 below show how to calculate Hexp
x (defined using Lexp)

incrementally over time for joining and caching problems. Corollary 4 also applies to H inf
x simply

by treating α as � . These corollaries, proven in Appendix, follow directly from the definition of

Hx and Lexp , and the calculation of Bx (Lemma 9 and Corollary 1, respectively).

Corollary 3. Supposethatx is a candidatetuplefrom streamS (to bejoinedwith R). Let Hexp
x,t0Š 1

denotethevalueof Hexp
x at time t0 Š 1 andHexp

x,t0
thevalueat time t0. If all stochasticvariables

for R andS are independent,then

Hexp
x,t0

= e1/αHexp
x,t0Š 1 Š Pr { XR

t0
= vx} .

Corollary 4. Supposethat x is a candidatedatabasetuple (to be referencedby stream R). Let

Hexp
x,t0Š 1 denotethe valueof Hexp

x at time t0 Š 1 and Hexp
x,t0

the value at time t0. If all stochastic
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variablesfor R are independent,then

H exp
x,t0 =

e1/αH exp
x,t0Š 1 Š Pr{ X R

t0 = vx}

1 Š Pr{ X R
t0 = vx}

.

Value-Incremental Computation

While time-incremental computation makes it ef“ cient to updateHx for a tuple already in the

cache,it doesnot addresshow to calculateHx for a new tuple. Thankfully, we may beableto use

theHx valueof an existing tuplex to computeHx� for anew tuplex � incrementally. To explain,we

needto review some terminology. A stochasticprocess{ X t} with a deterministic trendareoften

modelledas follows: X t = f (t) + Yt, where f (t) is a functionthatcapturesthetrendof value over

time,andall Yt•s, representingnoise,arei.i.d. (independentlyandidenticallydistributed)and have

zeromean. Supposethat f (t) either increasesor decreaseslinearly over time. For instance,the

motivating example in Section3.1 is onesuchprocesswith boundednormal noise.Considertuple

y at time t0 andtupley� at time t in Figure3.1, which lie at thesame offsetrelative to themoving

R distribution. Intuitively, they should have thesame ECB (andthereforeH exp
y at time t0 should

beequalto H exp
y� at time t), becausey andy� seetheexactsamefuturefrom their respective frames

of reference.This intuition is formalized in thecorollary below, which is proven in Appendixand

follows directly from thede“nition and calculationof ECB.

Corollary 5. Supposethat x is a candidatetuple to be joinedwith stream R modelledby X R
t =

at + b+ Y R
t , where a 
= 0 andY R

t •s are i.i.d. andhavezero mean.Let Bv,t(� t) denotetheECB

at time t for a tuplewith join attributevaluev. Then Bv,t(� t) = Bv+ a(t� Š t),t� (� t) for all � t � 1

andanyt �.

To applyCorollary5 to anew tuplex, wecan“ nd acachedtuplex � whosejoin attributevalueis

closestto thatof x, i.e., |vx� Š vx| is smallest.Let t � = t0 +( vx� Š vx)/a . Accordingto Corollary5,

H exp
x,t0 = H exp

x� ,t� . H exp
x� ,t� can then be incrementally computedfrom H exp

x� ,t0
using time-incremental

computation.
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Precomputation

Both time- andvalue-incremental techniqueshandleonly independentstochasticprocesses;they

do not work for popularmodelssuchasAR(1) andrandomwalk, wherethevalueto begenerated

at the next time step may dependon the valuegeneratedat thecurrenttime. Thus,an alternative

techniquebasedon precomputationis neededfor streams of the form X t = � 0 + � 1X t−1 + Yt ,

where � 0 speci“es a constantdrift at every time step, � 1 controlsthe valuecontribution from the

previous time step, andYt •s, representingnoise,are i.i.d. and have zeromean. As the following

theoremshows, wecanprecomputea functionfrom which H x canbecalculatedat runtime for any

tupleat any time.

Theorem 11. Supposethat stream R is modelledby X R
t = � 0 + � 1X t−1 + Y R

t , where � 1 
= 0

and Y R
t •s are i.i.d. and havezero mean. Let x t denotethe valueof X R

t observedat t. (1) There

exists a functionh2(·, ·) such that, for anycurrent time t0, for any candidatetuple x to be joined

with R, H x = h2(vx , x t0 ), provided that L x(∆t) is a time-independentfunction L (∆t, vx , x t0 ).

(2) For � 1 = 1, there exists a functionh1(·) such that H x = h1(vx Š x t0 ), providedthat L x is a

time-independentfunctionL (∆t, vx Š x t0 ).

Thegoodnewsof Theorem11 is thatbothh2 andh1 aretime-independent,so precomputation

is feasible. The requirements on L x are easily met by all example choicesof L x discussedin

Section3.4.3. In Appendix,we give a constructive proof to the above theorem, showing how h2

andh1 canbeconstructedof” ine.For eachinput stream, wecanprecomputeits h2 or h1 andstore

acompact,approximate representationonline,allowing H x to becomputedef“ ciently. Wewill see

anexample of this approachin Section3.5.5. Thecaseof � 1 = 1, correspondingto arandomwalk

with drift, is relatively simple becauseh1 is just a curve to be approximated. An AR(1) model,

with 0 < |� 1| < 1, is morecomplicatedbecauseh2 is a surface.Feasibilityof theprecomputation

approachdependson how compactwemake anapproximate representationwithout sacri“cing too

much accuracy. If an approximation requireslotsof space,we might bebetteroff usingthatspace

to cachemoretuplesandswitching to asimplerL x (e.g., L “xe d with asmall ∆T) thatallowsH x to

becomputedquickly online.
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3.5 CaseStudies

In this section we illustrate the power of our practical framework in five scenarios. For each sce-

nario, we tackle both caching and joining problems. We show when it is possible to make optimal

decisions using dominance tests. As we will see, in simple scenarios, dominance tests alone of-

ten suffice. When they are insufficient, we show how to choose Lx for HEEB and compute Hx

efficiently using the optimizations in Section 3.4.4.

3.5.1 Of” ineStr eams

If we know the sequence of join attribute values {a0, a1, . . .} to be produced by a stream in advance,

we may analyze the sequence as an independent stochastic process {Xt} where Pr {Xt = at} = 1 .

This scenario has little practical significance but nevertheless enables us to compare results with

known optimal offline algorithms.

For the caching problem, Corollary 1 tells us that, at the current time t0, the ECB of a database

tuple x is given by Bx(� t) = 1 −
� t0+� t

t= t0+1 Pr {Xt 
= vx}. Let tx denote the first time after t0

when vx appears in the reference stream. It is not hard to see that Bx(� t) is just a single-step

function that jumps from 0 to 1 at � t = tx − t0. Clearly, dominance induces a total order on the

candidate tuples: Bx strongly dominates By if x is referenced earlier than y. Therefore, according

to Theorem 9, it is optimal to discard the tuple that will not be referenced for the longest time;

heuristics are unnecessary in this case. This result agrees perfectly with the well-known optimal

offline cache replacement policy LFD (Longest Forward Distance) [Bel66]. It is nice to see that a

straightforward application of our general framework leads naturally to an optimal policy for offline

caching.

For the joining problem, Lemma 9 implies that each tuple’s ECB is a step function with po-

tentially multiple steps. Each step corresponds to an occurrence of a joining tuple form the other

stream, and increases the value of the function by 1. In general, these ECBs are not compara-

ble. Since streams are offline, FLOWEXPECT is a better option. Because we know the entire input

streams deterministically, edge weights in the flow graph constructed by FLOWEXPECT will be
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either 0 or 1, and there is no need to recompute the min-cost flow at every time step. In this case,

FLOWEXPECT degenerates into OPT-offline [DGR03], which is optimal.

3.5.2 Stationary, IndependentStreams

In the case of a stationary, independent stochastic input stream R, we can define a time-invariant

probability distribution function pR(v) = Pr {X R
t = v} for all t . This simple scenario is assumed

by many of the previously proposed cache replacement algorithms, again allowing us to compare

our results with these algorithms.

For the caching problem, Corollary 1 tells us that, for a database tuple x at current time t0,

Bx (∆t) = 1 −
∏t0+∆t

t=t0+1 Pr {X R
t 
= vx} = 1 − (1 − pR(vx ))∆t . Obviously, for any two database

tuples x and y, Bx dominates By if pR(vx ) ≥ pR(vy). Therefore, according to Theorem 9, it is

optimal to discard thetuplewith thelowestreferenceprobability. This result agrees with the popular

LFU (Least Frequently Used) heuristic and the Ao algorithm [ADU71]. It was shown in [ADU71]

that Ao is optimal for a stationary stochastic stream,3 and that both LRU (Least Recently Used) and

WS (Working Set) can be seen as approximations to Ao. In [OOW99], it was shown that LRU-k is

an optimal approximation to Ao given limited knowledge of past references. Our framework leads

us naturally to Ao, and provides an alternative proof that Ao is optimal.

For the joining problem, Lemma 9 tells us that, for a tuple x from stream S (to be joined with

stream R), the ECB of x at current time t0 is Bx (∆t) =
∑t0+∆t

t=t0+1 pR(vx ) = pR(vx )∆t . Similarly,

if x is from R, Bx(∆t) = pS(vx )∆t . Clearly, all ECBs are ranked by how frequently a tuple’s

join attribute value appears in the other stream. By Theorem 9, it is optimal to discard the tuple

whosejoin attributevalue is leastlikely to appearin the other stream. This policy is basically the

PROB heuristic of [DGR03]. Thus, our framework provides a proof of its optimality for stationary,

independent stochastic input streams.

3Actually, a stronger result is proven in [ADU71], which states that Ao is optimal if pR (v) is almost

stationary, i.e., the relative ordering of v by pR (v) does not change over time. From the ECB, it is clear

that this result holds.
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3.5.3 L inear Trend, Bounded Uniform Noise

Caching Suppose that the reference stream is generated by XR
t = f (t) + Y R

t , where f (t) is

a non-decreasing integer-valued function, and all Y R
t ’s follow independent and identical bounded

uniform distributions over the interval [ŠwR, wR] of integers, as illustrated in Figure 3.4 (ignore S

for now). The probability of Y R
t assuming any particular integer value in [ŠwR, wR] is 1/ (2wR+1).

The non-decreasing trend creates the effect of a “reference window” that moves right over time.

Using Corollary 1, we can compute the ECB for each database tuple x as follows. Note that it is

impossible for a candidate tuple with join attribute value greater than f (t0) + wR (assuming no

prefetching), because it would not have been demand-fetched.

€ Category 1: vx � (Š� , f (t0) Š wR). Bx(� t) = 0. Intuitively, tuples in this category have

already “missed” the reference window and cannot be referenced in the future. Because a

zero ECB is dominated by any ECB, it is optimal to discard any tuple in this category.

€ Category 2: vx � [f (t0) Š wR, f (t0) + wR]. Let tx be the time when the reference widow

moves beyond vx, i.e., tx = m in{ t | vx < f (t) Š wR} . Then, Bx(� t) =
�
�

�

1 Š (1 Š 1
2wR+1 )� t if � t � [1, tx Š t0);

1 Š (1 Š 1
2wR+1 )tx−t0−1 otherwise.

Intuitively, the ECB stops growing once the reference window moves past the tuple. Fig-

ure 3.5 illustrates the ECBs for tuples under this category. Clearly, Bx dominates By if

tx � ty. Since f (t) is non-decreasing, it is not difficult to see that vx � vy implies tx � ty .

Therefore, among tuples in this category, it is optimal to discard the one with the smallest

join attribute value.

Combining the two cases above and noting that tuples in Category 1 have smaller join attribute

values than those in Category 2, we have the following algorithm: discard thetuplewith thesmallest

join attributevalue. Its optimality follows directly from Theorem 9. Note the above analysis holds

for any non-decreasing trend function f (t), including nonlinear ones. In fact, the analysis can be

generalized to show that this algorithm is optimal for any non-decreasing noise distribution bounded

on the right. Interestingly, this case also turns out to be almoststationary[ADU71], and indeed, Ao

would behave in the exact same way.
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Joining Suppose that two input streams R and S have identical increasing linear trend function

f(t), but their noise terms follow independent bounded uniform distributions over two different

intervals, respectively. For simplicity, we shall assume that f(t) = t, and that the noise intervals

for R and S, [ŠwR , wR ] and [ŠwS, wS ], are both centered at 0, with wR < wS, as illustrated

in Figure 3.4. It is straightforward to generalize the analysis to drop these assumptions. Using

Lemma 9, we can compute the ECB for each candidate tuple at current time t0. All candidate

tuples can be divided into five categories below, and representative ECBs are plotted in Figure 3.6.

The full ECB formulas are omitted here but can be found in Appendix.

€ Category R1: x is from R and vx � (Š� , t0 Š wS]. These tuples have zero ECBs because

they will have already missed the window of S at the next time step.

€ Category R2: x is from R and vx � (t0Š wS, t0+wR ]. These tuples will continue generating

benefits at the rate of 1
2wS +1 per time step until the window of S moves past them. It is easy to

see that, within this category, it is optimal to discard the tuple with the smallest join attribute

value, which will fall out of the window the soonest.

€ Category S1: x is from S and vx � (Š� , t0 Š wR ]. Again, these tuples have zero ECBs

because they will have already missed the window of S at the next time step.

€ Category S2: x is from S and vx � (t0 Š wR , t0 +wR +1]. These tuples will start generating

benefits at the rate of 1
2wR +1 from the next time step, and will stop when the window of R

moves past them. Within this category, it is optimal to discard the tuple with the smallest

join attribute value.

€ Category S3: x is from S and vx � (t0 + wR + 1, t0 + wS]. These tuples lie before the

moving R window; they will start generating benefits at the rate of 1
2wR +1 once the window

moves over them, and will stop when it moves past them.

From the analysis above (and intuitively from Figure 3.6), we see that ECBs for tuples in the same

category are comparable, but ECBs across categories may or may not be comparable. For example,

ECBs in Categories R1 and S1 are always dominated by others. However, between tuple x from

Category R2 and y from Category S2, Bx dominates By if
vx−(t0−wS )

2wS +1 � vy−(t0−wR )
2wR +1 , but they are
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incomparableotherwise. Therefore,in general,weneedHEEB to comparethem.

For HEEB, we chooseL exp. We use (wR + wS)/ 2 asa very crudeestimate for the average

lifetime of a cachedtuple, andchoose� accordingly. A more principled techniquewould be to

observe the averagelifetime at runtime and adjust� adaptively. We plan to experiment with this

techniqueasfuturework. For this scenario,sinceeachinput processis independentandhaslinear

trendwith i.i.d. noise,we canuseboth value-and time-incremental computation. We report the

performanceof HEEB in Section3.7.

3.5.4 Linear Trend, Bounded Normal Noise

For the joining problem, considerinput streams R andS generatedby X R
t = f R(t) + Y R

t and

X S
t = f S(t) + Y S

t respectively, with the increasinglinear trendsf R(t) andf S(t). Supposethat

thenoiseterms (Y R
t andY S

t ) follow independentdiscretizedboundednormal distributions,which

areidenticalover time for eachstreambut possiblydifferentfrom theotherstream. This scenario

correspondsto ourmotivating example in Section3.1. Sometimes,candidatetuplesarecomparable.

For instance,for tuplesx andy both from R, Bx strongly dominatesBy if vy lies to the left of

f S(t) andis fartheraway from f S(t) thanvx (e.g. Figure 3.1). We leave thedetailedanalysisto

Appendixfor brevity. In general,not all candidatetuplesarecomparable,aswe have alreadyseen

in Section3.4.1. Therefore,HEEB is needed.

For the cachingproblem (with a single referencestreamR), it turnsout that theremight be

incomparablecandidatetuplesaswell (seeAppendixfor details).Hence,HEEB is alsoneeded.It

is easyto seethatthis caseis not almost stationary[ADU71], so Ao doesnot apply.

As in the scenarioof Section 3.5.3, HEEB with L exp is easyto implement in this scenario

thanksto both time- andvalue-incrementalcomputation(Section3.4.4). We roughly estimatethe

averagelifetime of a cachedtuple to be thetime it takesfor f (t) to increaseby twice thestandard

deviation of the noisedistribution, andwe choose� accordingly. The performanceof HEEB for

this scenariois reportedin Section3.7.
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3.5.5 Random Walk with Drift

For thecachingproblem, considera referencestreamR generatedby a randomwalk X R
t = � 0 +

X R
t−1 + Y R

t , where � 0 representsa constantdrift over time and Y R
t •s representi.i.d. zero-mean

steps.Onceagain,incomparableECBs may arise (seeAppendixfor details),soHEEB is needed.

WeuseL exp andset� to thesizeof thecache.BasedonTheorem11 wecanprecomputeafunction

hR to facilitatecalculatingH x online. As an example, we have precomputedhR for threecases,

wherethe randomwalk steps(Y R
t •s) follow normal distributionswith varianceof 1, and the drift

constants(� 0) are0, 2, and 4, respectively. The threecurvesareplotted in Figure3.7. Intuitively, a

larger positive drift tendsto make it moredesirableto cachetuplesto theright of thecurrentmean;

thosethatare away by a constantmultiple of drift alsoreceive some additionalpreferencebecause

Y R
t will most likely be0.

Interestingly, if drift is zeroand randomwalk stepsfollow symmetric unimodal distributions

(e.g., normal), a straightforwardanalysisof ECBs revealsthat in fact all ECBs arecomparable,

andall candidatetuplescanbe ranked by their distancefrom the currentposition of the random

walk (again,seeAppendixfor details). Accordingto Theorem9, it is thereforeoptimal to discard

thetuplewhosejoin attributevalue is farthestaway fromthemostcurrent reference. As shown in

Figure3.7, HEEB agreeswith this optimal algorithmin thecaseof zerodrift andnormal steps.On

theotherhand,this scenariois not 0-order or almost stationary[ADU71], so Ao is not applicable.

This scenariois an example whereour framework is able to derive cachingresultsmore general

thanclassicones.

For the joining probleminvolving a secondstreamS generatedby anotherrandomwalk, both

analysisand conclusionare similar to the cachingproblem, and henceomitted for brevity (see

Appendix for details). Basically, we needto precompute hR for R and hS for S accordingto

Theorem11, andstore their approximations onlinefor calculatingH x . We reporttheperformance

of HEEB for this scenarioin Section3.7.

74



3.6 Handling the Sliding-Window Semantics

We have assumed regular join semanticsso far for simplicity of presentation.However, recall

from Section3.1 that most streamprocessingsystems usethe sliding-window semantics,restrict-

ing tuplesparticipatingin the join to thosethatarrived during [t0 − w, t0], where t0 is thecurrent

time. Incorporatingsliding windows into our framework is straightforward. Intuitively, as soon

asa tuple falls outsidethe window, it stopsgeneratingbene“ts andits ECB becomes ” at. More

precisely, for a tuple x that arrived at time tx, its •sliding-window ECBŽ is 0 if tx ≤ t0 − w, or

min{Bx(� t), Bx(tx + w − t0)} otherwise, whereBx is the regular ECB de“nedby Lemma 9.

All other resultson joining in Sections3.4.1…3.4.3 remain valid. Amongtheimplementationtech-

niquesinSection3.4.4, time-incrementalcomputationrequiresverylittle modi“ cation,while value-

incrementalcomputationand recomputationbecome more complicatedbecauseof thedependency

of HEEB on tuplearrival time.

As we have donein Section3.5 for regular join semantics,we cananalyzevariousscenarios

andheuristicsunderthesliding-window semanticsusingour framework. To illustrate,considerthe

caseof stationary, independentstreams. We have shown that PROB is optimal underregular join

semanticsin Section3.5.2. Unfortunately, underthe slide-window semantics,neitherPROB nor

LIFE is optimal. For example, considerthe threecandidatetuplesbelow, wherep(x) denotesthe

(time-invariant) probability that an incoming tuple from the otherstreamhasjoin attribute value

vx, and l(x) denotestheremaining lifetime of x w.r.t. thesliding window (i.e., thenumberof time

stepsthatx will remain in thesliding window).

• Tuplex1: p(x1) = 0.50, l (x1) = 1 .

• Tuplex2: p(x2) = 0.49, l (x2) = 5 0.

• Tuplex3: p(x3) = 0.01, l (x3) = 5 1.

PROB prefersx1 to x2 becausep(x1) > p (x2). However, this decisionseems rathershort-sighted

becausex2 hasadecentprobability to join andwill likely continueto beproductive longafterx1 has

expired.On theotherhand,LIFE prefersx3 to x1 becausep(x3)l (x3) > p (x1)l (x1). However, this
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decisionseems ratherpessimistic sinceit assumes that therewill not beany bettertuple to replace

x3 in thenext 50timesteps(otherwisex1 wouldhavebeenbetter).SinceECBsareincomparablein

thiscase,weneedto resortto HEEB. A goodchoiceof Lx wouldbeamodi“ ed versionof Lexp that

setsLx to 0 oncex falls outsidethesliding window. This HEEB instancemakesamore reasonable

assumption about tuple lifetimesin thecachethanPROB and LIFE. It weighsshort-termbene“ts

more,yet it doesnot ignorelong-termbene“ts. For theexample above, it will likely rankthethree

tuplesasfollows: x2, x1, x3, which is arguablythemost reasonableorder.
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3.7 Experimental Results

3.7.1 Data and Queries

Insteadof experimentingwith simple con“gurations(e.g., stationaryindependentstreams, where

we have provably optimal results),we focus on more complex and interestingcases. We have

“ ve experiment con“ gurations: TOWER, ROOF, FLOOR,WALK, and REAL. The “r st four use

syntheticdataandthelastoneusesa realdataset.

For TOWER, ROOF, andFLOOR,inputstreamsR andS aregeneratedby independentstochas-

tic processeswith lineartrends.Unlessotherwisenoted,pdf•s for R andS drift at thesameconstant

speedof 1, with R laggingonestepbehindS; noiseterms are boundedzero-meandistributions,

wheretheboundsare[−10, 10] for R and[−15, 15] for S. TOWER andROOF correspondto the

scenarioof Section3.5.4, with boundednormal noises. TOWER•s noiseshave smaller standard

deviations(1 for R and2 for S) thanthoseof ROOF (3.3 for R and5 for S). FLOOR corresponds

to thescenarioof Section3.5.3, with boundeduniform noises.Figure3.8 show thenoisepdf•s (of

S) for all threecon“gurations.

For WALK, input streams are generatedby two randomwalks as discussedin Section3.5.5,

wherethestepsfollow discretizednormal distributionswith mean0 andvariance1. Thiscon“gura-

tion is ratherpeculiarin thatthetwo streams do not behave consistentlyover time: they frequently

diverge to thepoint that their pdf•s arefar apartand completely disjoint. Thus,thenumberof join

resulttuplesis highly variablebetweenrunsandtendsto bemuch lower thanothercon“gurations.

ForREAL, weusetheMelbournetemperaturedatasetavailablefrom StatSci.org, whichtracks

daily temperaturesfor Melbourneover a periodof 10 years(3650 temperaturesin total). We feel

that self-joins on one dataset are somewhat contrived, so we considerthe cachingproblem in-

stead,joining thetemperaturestreamwith asyntheticdatabaserelationthatstoresprojectedenergy

consumption level for eachtemperaturerange(every 0.1 degreeCelsius).
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3.7.2 Algorithms and Performance Metric

WehaveimplementedOPT-of” ine[DGR03], FLOWEXPECT, RAND (whichsimply discardstuples

at random),PROB [DGR03], LIFE [DGR03],and our heuristicHEEB. Pleaserefer to Section3.5

for thechoiceof L x for HEEB in syntheticdataexperiments.

LIFE requiresa sliding window to determine tuples• lifetimes. For TOWER, ROOF, and

FLOOR con“gurations,we use the boundon the noisedistribution as the sliding window. We

make RAND andPROB aware of this sliding window, too, so they always discardtuplesoutside

thewindow “ rst. For theWALK con“guration,however, thereis no window becauseof thenature

of randomwalk, so wedo not useLIFE in WALK experiments.

Foreachexperimentwith syntheticdata,weconduct50runs,eachconsistingof two streamsof

5000tupleseach.For eachrun, we measuretheperformanceof analgorithmby the total number

of resulttuplesgeneratedafter acachewarm-upperiod(no lessthanfour timesthecachesize). We

thenreporttheaveragecountover all 50 runs. Althoughall runsfor thesame con“gurationshare

thesame statisticalproperties,eachrun is different. It turnsout that variancesin performanceare

small: under5% in all casesexceptWALK (for reasonsexplainedearlier)andexperimentswith

extremely small cachesizes.

3.7.3 Synthetic Data Results

Figure3.9 comparestheperformanceof variousalgorithms acrossall syntheticdatacon“gurations.

Thesize of thecacheis 10, roughlya third of thememory requiredfor mostalgorithms to generate

most join results. The scaleis intentionallykept small so that FLOWEXPECT is feasible. OPT-

of” ineis theobviouswinneracrosstheboard,becauseof its unfair advantageof knowing theentire

input streams in advance;all otheralgorithms have atbestprobabilisticknowledgeof thefuture.

We see that HEEB beats RAND, PROB, and LIFE consistently, and even FLOWEXPECT in

mostcases.Theunimpressive resultsof FLOWEXPECT highlight its suboptimality dueto restricted

searchspace(Section3.3.4). PROB andLIFE (especiallyPROB) donot work well whena trendis

present.Asdiscussedin Section3.1, whenthepastis usedto predictfuturein asimplistic manner,
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PROB tendto discardnew arrivals becausethey tendto beleastfrequentlyjoinedin thepast.LIFE

faresbetterbecausenew arrivals gainsomeadvantageby having longerlifetimes,but it still suffers

from the incorrectestimationof join probability. RAND, although oblivious, turns out to fairly

competitive.

Theamountof improvement achieved by exploiting statisticalpropertiesvariesacrosscon“gu-

rations.For TOWER, algorithms thatcorrectlyexploit its statisticalpropertieshave a hugeadvan-

tageover RAND, PROB,andLIFE.Thereasonis thatnoisesin TOWERhaverelatively small vari-

ances,sothemodelcanmake fairly accuratepredictions,which canbeusedeffectively in making

goodcachereplacementdecisions.Aswemoveto FLOOR,thisadvantagediminishesasvariances

grow larger andfuturebecomes lesspredictable.ForWALK, nearfutureis still predictable,which

gives FLOWEXPECT and HEEPan edge over RAND and PROB; however, variances of future ran-

dom walk stepscumulatevery quickly, so no online algorithm comescloseto OPT-of” ine in its

ability to identify joins betweenapresenttupleand onefrom not-so-nearfuture.

To studytheeffectof cachesize,we vary it from 1 to 50 andshow theresultsin Figures3.10…

3.13. In all cases,with more memory, all algorithms performbetterand eventuallycatchup with

OPT-of” ine (except for the caseof WALK). For TOWER andROOF, HEEB convergesto OPT-

of”in e much fasterthanother heuristics. For FLOOR,HEEB still does well but is certainly not as

spectacular, for reasonsdiscussedearlier.

3.7.4 Look-ahead Distance

To study the effect of look-aheadof FLOWEXPECT, we conductexperimentson different look-

aheaddistance.Due to the constraintof computationabilities, we limit the streamlengthas 500

andmemory size 20. And the streams are generatedwith linear trendwith bounduniform noise,

asdescribedin section3.5.3. Figure3.20 shows theeffectof look-aheaddistanceagainsttheper-

formanceof FLOWEXPECT. Obviously performanceof other heuristicsdoesnot dependon the

look-aheaddistance.In general,effectof look-aheaddistancedependson thestatisticalpropertyof

streams. Interestingly, theexperimentshowsthatlook-aheadwith limiteddistance(∆T = 5) brings

apparentperformanceimprovement but after that,theeffectonperformanceimprovement becomes
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indistinguishable and unattractive given the exponentially increasing cost with longer look-ahead

distance. It is interesting to seek the reasonable look-ahead distance for FLOWEXPECT, which is

beyond the scope of this chapter and we leave it for future work.

3.7.5 Real Data Results

We perform a standard MLE procedure offline on REAL and obtained the following AR(1) model:

X t = 0 .72X tŠ 1 + 5 .59 + Yt , where Yt is a normal distribution with standard deviation 4.22. We

compare the performance of LFD [Bel66] (the optimal offline algorithm), RAND, PROBp (essen-

tially LFU in this case), LRU, and HEEB for memory sizes from 10 to 300. For LFU and LRU,

we implement their perfect versions instead of approximations. For HEEB, we use L exp with � set

to the size of the cache. The results are summarized in Figure 3.14. They are from one single run

since a real data set is used. Because temperature data exhibits a significant amount of locality (as

evidenced by the small gap between RAND and LFD), all heuristics perform reasonably well, with

HEEB leading the pack and beating LRU and LFU by as much as 20%for certain memory sizes.

Recall from Theorem 11 that HEEB for an AR(1) model is a surface h2(vx , x t0). We precom-

pute and approximate this surface using bicubic interpolation of 25 control points equally spaced

over the domain. We have found this simple approximation satisfactory in terms of space, speed,

and accuracy (see Figures 3.16 and 3.17 for the actual and approximated surfaces). Better approx-

imation techniques will likely improve accuracy and/or reduce the number of control points. We

also plan to investigate the effect of approximation on the performance of HEEB as future work.

3.7.6 Memory Allocation

Recall the question we posed in Section 3.1: when is it better to discard tuples from one stream

instead of the other? We conduct a series of experiments with the TOWER configuration to see

how HEEB would decide. We start with R and S having identical statistical properties and no

lag between them. First, we make R lag behind S for 2 and 4 time steps, while keeping all other

parameters unchanged. Second, we double and quadruple the standard deviation of S’s noise, again
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Figure3.10: TOWER.

0 10 20 30 40 50
0

500

1000

1500

2000

2500

3000

3500

4000

4500

5000

A
V

E
R

A
G

E
 N

U
M

B
E

R
 O

F
 J

O
IN

 C
O

U
N

T
S

MEMORY SIZE

OPT-OFFLINE
RAND
PROB
LIFE
HEEB

Figure3.11: ROOF.
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Figure3.12: FLOOR.
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Figure3.13: WALK.

keepingother parameters unchanged.The resultsare summarized in Figure 3.15. The vertical

axisshows the the fraction of cachetakenby R tuples. We seethatHEEB allocateslessmemory

to streams that lag behindor have large variances.Intuitively, with lag, it is betterto cachethe

•leadingŽstream, becausetuplesfrom thestreambehindareunlikely to join with any futurearrivals,

althoughthey canstill join with previously cachedtuplesfrom the leadingstream. In the caseof

streams of different variances,assuming no lag, tuplesfrom the low-variancestreamarealways

•coveredŽby thehigh-variancestream, while many tuplesfrom thehigh-variancestreamfall behind

thelow-variancestreamandthusshouldbe discarded.In bothcases,HEEB naturallymatchesour

intuitions.
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Figure3.14: REAL.
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Figure3.16: HEEBfor REAL (actual).
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Figure3.17: HEEB for REAL (approxi-

mated;controlpointsshown by dots).
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Figure3.18: Streamsw/ DifferentVariance
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3.8 RelatedWork

Thereis large body of recentwork in datastreamprocessing;generalissuesarediscussedin the

survey papersof [Spe03]. Our work canbeseenasoneform of loadshedding,which dropstuples

for thepurposeof reclaimingmemory andwith thegoalof droppingasfew resulttuplesaspossible.

Load sheddingfor joins using randomdrops is consideredin [KNV03]. Sampling is usedas a

generalmechanismfor loadsheddingin [MWA+03]. Sampling-basedtechniques(e.g., [CMN99])

arethemethodsof choicewhenwewishto producea statisticalsample of thethequeryresult,but

they arelesseffectivewhenthequality of thejoin resultis measuredby thenumberof resulttuples.

In addition to randomdrops,predicate-basedload sheddingis usedin [TCZ+03] to drop tuples

from value rangeswith low utilities accordingto QoS (quality-of-service) speci“cations;results

in this chaptercanbeusedto improve theeffectivenessof predicate-basedloadsheddingfor joins

whentheloss-toleranceaspectof QoS isconsidered.

The “ rst paper to considerin detail the join load sheddingproblemunder the MAX-subset

measureis [DGR03]. In [DGR03],an optimalof”ine algorithmbasedon a min-costnetwork ”o w

solver is presented.The same solver is usedasa building block for our FLOWEXPECT algorithm

(Section3.3). However, FLOWEXPECT is online: it attempts to maximize the expectednumber

of the resulttuplesbasedon thegivenstatisticalpropertiesof input streams, without knowing the

exactfuture.Variousonlineheuristicsarealsoproposedin [DGR03]. Usingour framework, wecan

prove that theseheuristicsare optimal in some scenarios;our heuristicagreeswith theseheuristics

in suchscenarioswhile outperforming themin others.

Our work is complementary to the recentwork on reducingmemory requirement of stream

processing[BSW02] usingk-constraints, which arerelaxed forms of join and arrival constraints.

While parameterizedby k, they arestill hard constraints.On theotherhand,weexploit soft statisti-

calpropertiesthatexposemoreoptimizationopportunitieswhenresultcompletenessisnotrequired.

A problem orthogonalto ours but essentialto the applicability of our framework is how to

identify statisticalpropertiesof inputsin the“ rst place.Time seriesdataanalysisis an established

“ eld with many readilyapplicabletechniques.Recentwork by thedatabasecommunity addresses

ef“ cient online statistical analysisof streams (e.g., [GKS01, BDMO03] and many more); some
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target specifically at time series (e.g., [CDH+02, ZS02]).

As discussed in Section 3.1, our problem is different from but closely related to classic caching.

There has been extensive work on caching since the 1960’s. An optimal offline algorithm, LFD

(Longest Forward Distance), is given in [Bel66]. In [ADU71], it is shown that, given a stochastic

model of page references, there is an optimal algorithm in terms of expected cost, but this algo-

rithm is infeasible to implement. An alternative Ao is developed and shown to be optimal for

references with almoststationarydistributions. A number of practical algorithms, such as LRU and

LRU-k [OOW99], are good approximations of Ao. As we will see in Section 3.5, straightforward

applications of our framework lead naturally to LFD and Ao in scenarios where they are optimal.

Beyond these scenarios, analysis in our framework can also reveal optimal algorithms not covered

by these classic ones (Section 3.5.5 and more in [XYC03]).

There is a large body of work on competitiveanalysisof caching algorithms, surveyed in [Ira96].

Competitive algorithms offer much stronger performance guarantees than algorithms that are opti-

mized for the average case, such as Ao and ours. In general, developing practical algorithms with

good competitive ratios is hard, although one can often do better by restricting the power of the

adversary or by giving the algorithm some knowledge of the input. We believe that average-case

analysis provides a good starting point for dealing with streams with good statistical characteriza-

tions. Competitive analysis would be a natural direction for future work.

Finally, it is worth noting that MAX-subset is only one of many possible measures for the qual-

ity of approximate answers. MAX-subset is appropriate if the goal is to accomplish as much as

possible with the cache while (roughly) leaving as little as possible for post-processing, analogous

to the Archive-metric [DGR03]. However, if a meaningful statistical sample of the result set is

more desirable, techniques in this chapter and most classic caching techniques are not directly ap-

plicable because they are naturally biased towards tuples (or objects) that generate many results (or

hits), causing them to be over-represented in the sample. More rigorous sampling-based methods

(e.g., [CMN99]) should be used in this case. Most recently, this problem is studied in [SW04].

MAX-subset is also considered by [SW04], although their models make specific assumptions about

the inputs that allow for more efficient solutions; our model is general.
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3.9 Summary

Theprimarygoalof thework in thischapterhasbeento develop aprincipledapproachto theprob-

lemof joiningstreamswith limitedcachememory, given known or observed statisticalpropertiesof

inputstreams. Wehavedevelopedaframework which allowsusto makeoptimal cachereplacement

decisions(in terms of expectednumberof resulttuplesproduced)basedon ECB dominancetests.

Thesetestsnaturally leadto provably optimal algorithms in a numberof scenarios.In casethatan

optimal algorithmcannotbe found ef“ ciently, we have provided a heuristiccalledHEEB, which

agreeswith all optimal decisionsidenti“edby thesetests.We have demonstratedthepower of the

framework in several casestudiesandveri“ ed the effectivenessof HEEB with experiments. We

have also identi“ed the connectionbetweenjoin statemanagement and the classiccachingprob-

lem, andshown that,by reducingcachingto joining, thetwo problems canbeanalyzedwithin the

same framework despitetheir subtledifferences.

Asfuturework, weplanto furtherinvestigatetheappropriatenessof existingcachingtechniques

in the context of join statemanagement. Coping with changes(eitherpermanentor transient)in

input characteristicsis also important.Finally, we plan to considergeneralizationsto non-equality

joins,otherstreamoperators,and metrics otherthanMAX-subset.
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Chapter 4

ScalableContinuousJoin Query Processing

4.1 Intr oduction

Continuous query processing has attracted much interest in the database community recently be-

cause of a wide range of traditional and emerging applications, e.g., trigger and production rule

processing [WC96, HCH+99a], data monitoring [CcC+02], stream processing [Spe03], and pub-

lish/subscribe systems [LPT99a, CDTW00a, PFJ+01b, DFK05]. In contrast to traditional query

systems, where each query runs once against a snapshot of the database, continuous query systems

support standing queries that continuously generate new results (or changes to results) as new data

continues to arrive in a stream. In this Chapter we propose a novel technique for indexing and

processing continuous queries, with the goal of addressing the increasing challenge of scalability

in continuous query processing systems.

4.1.1 Challengeof scalability.

Formally, a continuous query defined by a relational expression Q issued over a database state D0

initially returns Q(D0); then, for each subsequent database update that changes the database state

from D i−1 to D i , the query needs to return the changes between Q(D i ) and Q(D i−1), if any. How

can a continuous query processing system handle thousands or even millions of such continuous

queries in a scalable way? For each incoming data tuple, the system needs to identify the subset of

continuous queries whose results are affected by the tuple, and compute changes to these results. If

there are many continuous queries, a brute-force approach that processes each of them in turn will

be inefficient and unable to meet the response-time requirement of most applications.

A powerful observation made by recent work on scalable continuous query processing is the

0Joint work with Pankaj K. Agarwal, Hai Yu, and Jun Yang.

87



interchangeable roles of queries and data. Continuous queries can be treated as data, while each

data tuple can be treated as a query requesting the subset of continuous queries affected by the

tuple. Thus, it is natural to apply indexing and processing techniques traditionally intended for

data to continuous queries. For example, many index structures have been applied to contin-

uous queries to support efficient identification of affected queries without scanning through the

whole set (e.g., [HCH+99a] and others). In particular, consider range-selection queries of the form

� ai � A � bi R, where A is an attribute of relation R and ai , bi are query parameters. These queries can

be indexed as a set of intervals {[ai , bi ]} using, for example, interval tree [dBvKOS00] or interval

skip list [HJ91]. Given an insertion r into R, the set of affected queries are exactly those whose

intervals are stabbed by r.A (i.e., contain r.A). With an appropriate index, a stabbing query, which

returns the subset of all intervals stabbed by a given point, can be answered in logarithmic time.

However, for complex continuous queries such as continuous joins, the problem of scalable

processing becomes a real challenge, because these queries act over two or more data streams

instead of a single data stream. As far as we know, most existing work on indexing relational

continuous queries has only focused on simple selection conditions or conjunction of selection

conditions, and there has been little work on how to scalably index complex continuous queries

such as joins, which are not only important in their own right but also essential in building more

complex queries.

4.1.2 Opport unity for optimization.

We propose a novel technique for indexing and processing continuous queries applicable to joins.

The main idea is to exploit clustering patterns in the set of continuous queries. For example, con-

sider continuous queries issued by stock traders for monitoring the market. Suppose these queries

include selections that restrict the stocks of interest to those with price/earning ratio within given

ranges. We expect many of these price/earning ratio ranges to overlap significantly (though not

necessarily to be identical), perhaps with a high-density cluster at low price/earning ratios because

traders tend to be interested in stocks with good value.

Such clustering patterns often arise in the continuous query setting. Following this observation,

88



supposethatwe clusterthesetof continuousqueriesbasedon thesimilarity of their queryranges.

Then,like in theabove stocktraderexample, wemaybeableto identify anumberof largeclusters

(or hotspots) containing the majority of all continuousqueries. Let us call the queriesin these

clustershotspotqueries, and the remaining queriesscattered queries. Our idea is then to index

hotspotqueriesand scatteredqueriesseparately. The key is that, becausehotspotqueriesin each

clustersharesimilarity in theirqueryranges,they canbeindexed in specialwaysthatsupportmuch

fasterprocessing.For scatteredqueries,on the other hand,we may usea traditional processing

methodthatis lessef“ cient. Thehopeis thatscatterquerieswill betheminority, so overall wegain

asigni“ cantspeedupin processingall continuousqueries.

Note that our approachnaturally leadsto fasterprocessingfor more clusteredquery ranges.

In the unlikely worst case,i.e., whenmost queryrangesare scattered,it gracefullydegradesinto

a traditionalprocessingmethod, which is the bestwe cando becausethereis no opportunityfor

clusteredprocessing.

4.1.3 Contrib utions.

To materialize the ideaabove, we needto addresstwo main technicalissues:(1) how to identify

hotspotqueriesand their correspondingclusters,and keeptrackof theseclusterswhencontinuous

queriesare insertedinto or deletedfrom thesystem; (2) how similarity of queriesinsidea hotspot

canbe exploited to index and processthemin an ef“ cient manner. The “ rst issueis discussedin

Chapter4.2. Thesecondissuedependsonspeci“c applicationsandis illustratedby threerepresen-

tative examplesin Chapter4.3.

In particular, themain contributionsof this chapterareasfollows:

€ In Chapter4.2, we introducethe notionsof stabbingpartition andstabbingset index (SSI

for short) as a tool to discover and exploit the clusteringpatternsof continuousqueries.

We further introducethenotionof hotspotsto identify large clustersfrom thepartition,and

presentef“ cientalgorithms to maintain thehotspotswhencontinuousqueriesare constantly

insertedinto and deletedfrom thesystem.

€ In Chapter4.3, we show how similarity in the query rangeswithin eachhotspotcan be
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exploitedfor more ef“ cient processing.Wegive threerepresentative examples:

(1) indexing continuousband joins [DNS91] whosejoin conditions checkwhether the

differencebetweentwo join attributevaluesfalls within some range;

(2) indexing continuousequalityjoins with differentlocalrangeselections;and

(3) building a high-quality histogramfor a set of intervals in linear time for selectivity

estimation.

€ In Chapter4.5, we presenta framework which is able to dynamically routeincoming event

to the most promising queryplan basedon run-time statistics. We exploit the queryplan

space,identify thestatisticsweneedto monitor and build costmodelsfor plan alternatives.

€ In Chapter4.6, wedemonstratethroughexperimentsthatournew algorithmsandprocessing

framework are very effective and deliver signi“ cantly betterperformancethan traditional

approachesfor processinga largenumberof continuousqueries.

4.2 The Hotspot-Tracking Scheme

ConsiderasetI of continuousquerieswhosequeryrangesarede“nedover anumericalattributeA.

Intuitively, if many queryrangesof I containsome valuex � A, then x is likely to be a •hotspotŽ

for this setof continuousqueries.1 In generaltherecouldbe severalhotspotsfor I, dependingon

thedistribution of thequeryranges.

As continuousqueriesare insertedor deleted,the hotspotsmay also evolve over time. For

example, peopletendto pay more attentionto high temperaturesin summer, but moreto low tem-

peratureswhen winter comes. Thereforewe needan ef“ cient mechanismto keeptrack of the

evolution of thehotspots.Themain bodyof this sectionis dedicatedto this task.

1This is the one-dimensional case. For multi-dimensional query ranges, one can project them to each

dimension andtalk abouthotspotsin eachdimension.
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4.2.1 Stabbing Partition and Stabbing Set Index

We begin by introducingsome tools for discovering and exploiting theclusteringpatternsof a set

of intervals.

De“ nition 5. Let I be a setof intervals. A stabbingpartition of I is a partition of the intervals

of I into disjoint groupsI 1, I 2, . . . , I τ suchthat within eachgroup I j, a common point pj stabs

all intervals in this group(in otherwords,thecommon intersectionof all intervals in this group is

nonempty). We call 	 thestabbingnumber (or size) of this stabbingpartition,andpj thestabbing

point of groupI j . ThesetP = { p1, · · · , pτ } is calledastabbingsetof I .
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Figure4.1: A stabbingpartition of 10 intervals. I1 andI2 are0.4-hotspots.

An example of the stabbingpartition is shown in Figure 4.1. It is not hard to seethat an

optimal stabbingpartitionof a setof intervals thatresultsin thefewestnumberof groups(i.e., 	 is

minimized)canbecomputedin a greedymanner, asfollows. We scanthe intervals in increasing

order of their left endpoints,while maintaining a list of intervals we have seen. As soon aswe

encounteraninterval thatdoesnotoverlapwith thecommon intersectionof theintervalsin our list,

we outputall intervals in our list as a group,andchooseany point in their common intersection

asthe stabbingpoint for this group. The processthencontinueswith the list containingonly the

newly encounteredinterval. Thecostof thisprocedureisdominatedby sortingtheintervalsby their

left endpoints.We refer to theresultingstabbingpartitionof I asits canonicalstabbingpartition.

Notethatthecanonicalstabbingpartitionhasthesmallestpossiblestabbingnumber, which weshall

denoteby 	 (I ). Westatetheabove factasa lemmafor futureuse.
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Lemma 10. Given a set I of n intervals, the canonical stabbing partition of I , whose size is 	 (I ),

can be computed by the greedy algorithm in O(n logn) time.

We next brie”y introducethe generalframework of stabbing set index (SSI for short), which

is ableto exploit theclusteringpatternsof continuousqueriesfor more ef“ cient processing.It will

laterbe instantiatedfor speci“c usesin Section4.3. Givena setof continuousqueries,SSI works

by “ rst deriving a setI of intervals from thesequeries,oneinterval for eachquery, and computing

astabbingpartitionI of I . SSI storesthestabbingpointsp1, . . . , pτ in sortedorderin asearchtree.

Furthermore, for eachgroupI j ∈ I , SSI maintainsaseparatedatastructureon thesetof continuous

queriescorrespondingto theintervals of I j , whichcanbeassimple asasortedlist, or ascomplex as

anR-tree.ThusSSI is completely agnosticabouttheunderlyingdatastructureused,whichenables

usto applySSI to differenttypesof continuousqueries.Intuitively, thefactthatintervalswithin the

same grouparestabbedby a common point enablesus to processthesetof queriescorresponding

to theseintervalsmoreef“ ciently by •sharingŽwork amongthem.

Note that, as mentionedin the introduction,we actuallyonly apply SSI to thesubsetof large

clusters(i.e., hotspots)in thestabbingpartitioninsteadof theentiresetof clusters.Thereasonisthat

scatteredqueriesdo not bene“t from the specializedtechniquesdesignedto exploit clustering; in

fact,they incurextraoverhead.Therefore,weprocessscatteredqueriesusingtraditionalalgorithms.

4.2.2 Tracking Hotspots

Clustersin the SSI may be unbalanced,as illustratedby the following simple example. Suppose

that userinterestsfollow a Zip“ an distribution, widely recognizedto model popularity rankings

suchaswebsitepopularityor city populations.In particular, if we regardeachstabbinggroupasa

groupof usersinterestedin a common hotspot,Zipf•s law statesthat thenumberof querieswithin

a stabbinggroupis roughly inverselyproportionalto its rankin popularity. Thatis, thenumbernk

of queriesin thek-th largestgroupis proportionalto k−β , where 
 is a positive constantcloseto

1. Supposetherearea total number of 5000groupsin a stabbingpartition. Figure4.2 shows the

percentageof queriescoveredby thetop-k largeststabbinggroupsout of all 5000stabbinggroups

if thegroup sizesaregovernedby a Zip“ an distribution with parameter 
 ∈ [1.0, 1.2]. From this
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Figure4.2: Hotspotcoveragein Zipf distribution.

“ gurewe canseethat top-500 largeststabbinggroups(10% of all groups)cover about70% of all

querieswhenβ = 1, and thecoverageincreaseswith a largerβ.

Motivatedby theabove example,wenext introducethenotionof α-hotspots.

Definition 6. Let α > 0 be a “ xed parameter. SupposeI = { I1, · · · , I� } is a stabbingpartition

of I. A group Ii � I is calledan α-hotspot if |Ii | � α|I|. An interval of I is calleda hotspot

interval (with respectto I ) if it falls into anα-hotspot,and is calleda scattered interval otherwise

(seeFigure4.1).

In other words, if we think of the intervals in I as query rangesof the continuousqueries,

thenanα-hotspotIi containsat leastα fractionof all continuousqueries.Note that thenumberof

α-hotspotsis at most1/α by de“nition.

It is quiteeasyto identify all thehotspotsonceastabbingpartitionI of I is given. Wenext turn

our attentionto theproblemof trackinghotspotsas intervals in I arebeinginsertedor deletedover

time. Whendesigningsucha hotspot-trackingscheme,oneneedsto keepthefollowing two issues

in mind:

(1) Note that the de“nition of α-hotspotsdependson the speci“ed stabbingpartition I of I.

In order to extract meaningfulhotspotsfrom I, it is importantto requirethat the size of I

is assmall as possible,becauseintuitively small stabbingpartitionsprovide more accurate
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picturesonhow theintervalsin I areclustered.Thus,to keeptrackof α-hotspotsas intervals

areinsertedinto or deletedfrom I, oneneedsto maintaina stabbingpartition of I of size

closeto τ(I).

(2) Let S ⊆ I denotethesetof all scatteredintervals, and let H = I \ S denotethe setof all

hotspotintervals. As the hotspotsof I evolve over time, intervals may move into S (from

H) or out of S (into H) accordingly. Sincewe will beusingdifferentindexing schemesfor

S andH, it isdesirablefor ef“ ciency reasonsto minimizethenumberof intervals thatmove

in or out of S ateachupdate.

We next describean algorithm for trackinghotspotsthat takescareof both issues.Speci“cally, let

ε, α > 0 be“ xedparameters;thealgorithmwill maintain astabbingpartition I of I andapartition

of I into two setsI H andI S = I \ I H thatsatisfythefollowing threeinvariantsall thetime:

(I1) I H containsall α-hotspotsof I , andpossiblyafew (α/ 2)-hotspots,but nothingmore. Hence,

|I H | ≤ 2/α ;

(I2) Thesize of I is atmost (1 + ε)τ(I) + 2/α ;

(I3) Let S denotethesetof intervalsin thegroupsof I S. Thentheamortizednumberof intervals

moving into or outof S perupdateis O(1) (in fact,at most5).

We needthe following lemma, which saysthat onecanmaintain a stabbingpartition of I of

sizecloseto τ(I) in amortizedlogarithmic time per update.Katzet al. [KNS03] “ rst proved this

resultby presentingan algorithm with the claimed performancebound. In Section4.2.3 we will

describeaslightly betteralgorithmthatismoresuitablefor real-timeapplications,aswell assimple

andpracticalvariantsof thealgorithm.

Lemma 11. Let ε > 0 bea “ xedparameter. We can maintain a stabbingpartition of I of sizeat

most (1 + ε)τ(I) at all times.Theamortizedcostper insertionanddeletionisO(εŠ 1 log |I|).

The hotspot-trackingalgorithm worksasfollows. At any time, we implicitly maintain a stab-

bing partitionI of I by maintainingapartitionof I into two setsI H andI S = I \ I H . We useS to

denotethesetof intervalsfalling into thegroupsof I S, and H = I \S to denotethesetof intervals
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falling into the groups of IH . Hence, IS is a stabbing partition of S, and IH is a stabbing partition

of H . Initially when I = � , we have I = � , IH = IS = � , and S = H = � . A schematic view of

the algorithm is depicted in Figure 4.3.

becomes � -hotsp ot

no longer ( �/ 2)-h otsp ot

IH
IS

Hotsp ot I nt ervals H Scatte red Int ervals S

Figure 4.3: Schematic view of the hotspot-tracking algorithm.

Insertion. When an interval � is inserted into I , we first check if � can be added to any group

I i � IH , such that the common intersection of the intervals in that group remains nonempty after

adding � . This can be done brute-forcely in O(1/� ) time by maintaining the common intersection

of each group in IH , or in O(log(1/� )) time by using a more complicated data structure (e.g., a

dynamic priority search tree [McC85]); we omit the details.

If there indeed exists such a group I i � IH , we simply add � into I i and are done. If there is no

such group, we add � into the set S, and then use the algorithm of Lemma 11 to update the stabbing

partition of S, i.e., IS . As a consequence, the sizes of some groups in IS may become � � |I |. We

“promote” all such groups of IS into IH (because they become � -hotspots). Consequently, intervals

in these groups should be moved out of S. We maintain the stabbing partition IS of S by deleting

these intervals from S one by one and using Lemma 11 to update IS . (But in practice, it might be

unnecessary to use Lemma 11 to update IS , as the intervals are moved out of S in groups.)

Note that after an insertion, the size of I is increased by one. Therefore, the sizes of some

groups in IH may become < (�/ 2)|I |. We ”demote” all such groups of IH into IS (because they

are no longer (�/ 2)-hotspots). Consequently, intervals in these groups are moved into S. We again
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use Lemma 11 to update I S by inserting these intervals into S one by one. Note that when these

insertions are finished, some groups in I S might again become new � -hotspots, in which case we

“promote” these groups into I H as done in the previous paragraph.

Deletion. When an interval � is deleted from I , the situation is somewhat symmetric to the

case of insertion. We first check whether � is contained in some group of I H . This can be done in

constant time by maintaining appropriate pointers from intervals to groups.

If there indeed exists such a group I i ∈ I H , we remove � from this group. The removal might

make I i no longer an (�/ 2)-hotspot (note, however, the other groups in I H remain (�/ 2)-hotspots

because their sizes do not change but the size of I decreases by one.) In this case, we “demote”

I i into I S by inserting the intervals of I i into S one by one and updating I S using Lemma 11.

Otherwise, we know that � ∈ S. We remove � from S and update I S accordingly using Lemma 11.

After that, some groups in I S could become � -hotspots. We “promote” these groups into I H

and remove their intervals from S as before.

Theorem 12. The above algorithm maintains the three invariants (I1)–(I3) at all times. Further-

more, the amortized cost for each update is O(� Š 1 log |I |).

Proof. (I1) Obvious from the algorithm. Initially I H = ∅. The algorithm guarantees that: (i)

whenever a group in I S becomes an � -hotspot, it is promoted to I H ; and (ii) when a group in I H is

no longer an (�/ 2)-hotspot, it is demoted to I S.

(I2) Since we used Lemma 11 to maintain I S, we have |I S| ≤ (1 + � )	 (S) ≤ (1 + � )	 (I ). By (I1),

we also have |I H | ≤ 2/� . Hence,

|I | = |I H |+ |I S| ≤ (1 + � )	 (I ) + 2/�.

(I3) We prove this invariant by an accounting argument. Specifically, we show how to deposit

credits into the intervals of S and the groups of I H , for each insertion and deletion in I , so that the

following two invariants hold:

(i) at any time, each interval in S has one credit;
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(ii) whenagroupof I H is demotedto I S, it hasat least� |I | credits.

If thesetwo invariantshold, thenwe canpay thecostof moving intervals into or out of S by the

creditsassociatedwith therelevantintervals, as follows. Whenan interval movesoutof S (because

of a promotion), we simply pay this move-out by the onecredit depositedin that interval. When

intervals are moved into S becauseof a demotion of a group I i ∈ I H , note that the number of

intervals in this group, |I i |, is at most (�/ 2)|I |. Since I i hasaccumulatedat least� |I | credits,we

use(�/ 2)|I | creditsto payfor eachof the|I i |move-ins,anddeposittheremaining(�/ 2)|I | credits

to the intervals of I i so that eachinterval hasonecredit (becausethey now belongto S andthus

have to haveonecrediteachby the“ rst invariant).Overall,sinceeachmove-in or move-out canbe

paidby onecredit, thetotal numberof intervals moving into andout of S over theentirehistory is

boundedby thetotal numberof depositedcredits.

How is thecredit depositedfor eachupdatein I ? For eachinsertion� , we alwaysdeposit2�

creditsto eachgroupin I H . Furthermore, if � doesnot fall into any groupof I H (recall that in this

caseour algorithminserts� into S), wedepositanotheronecredit to � . Since |I H | ≤ 2/� by (I1),

aninsertiondepositsatmost2� · (2/� )+1 = 5 credits.For eachdeletion� , if � belongsto agroup

I i in I H , we deposittwo creditsto thegroupI i ; otherwisewedepositnothing.Clearly, if thereare

a total numberof n insertionsanddeletions,thetotal numberof creditsdepositedis O(n). By the

discussionof thepreviousparagraph,we thenknow thattheamortizednumberof intervals moving

into or outof S is O(1) for eachupdate.

It remains to show that (i) and (ii) hold for the above credit-depositscheme. By the above

discussion,weknow that(i) is aneasyconsequenceof (ii). So weonly have to show (ii).

Let I i ∈ I H be a group to be demoted. We know that I i waspromoted to I H at an earlier

time. Let x0 be the size of I i andn0 be thesize of I at the time of its promotion. Also let x1 be

the size of I i andn1 be the size of I at the time of its demotion. It is clear that x0 ≥ �n 0 and

x1 < (�/ 2)n1. Supposek insertionsand� deletionsoccurin I betweenthetimesof promotionand

demotion. Thenn1 = n0 + k − � .

Becausethesizeof I i changesfrom x0 to x1. At leastx0 − x1 deletionshappenedto thegroup

I i (x0 − x1 might be a negative number, but it doesnot hurt our argument). Therefore,at least
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2(x0 Š x1) creditsaredepositedinto I i by thosedeletions.Meanwhile, I i alsoreceives2�k credits

from thek insertions.In total, I i must have accumulatedat least2(x0 Š x1) + 2�k creditsfor the

timeperiodfrom its promotion to its demotion. Observe that

2(x0 Š x1) + 2�k � 2(�n 0 Š �n 1/ 2) + 2�k

= 2�n 0 Š � (n0 + k Š � ) + 2�k

= �n 0 + �k + ��

� � (n0 + k Š � ) = �n 1.

In otherwords,I i hasaccumulatedat least�n 1 creditsbeforeits demotion, asdesired.

Finally, the boundon the amortized cost is a corollary of (I3) and Lemma 11. Note that the cost

for eachupdateis dominatedby the cost for updatingIS usingLemma 11. Sincethe amortized

numberof intervals moving into andout of S is O(1) perupdate,by Lemma 11,weknow that the

amortizedcostfor updatingthestabbingpartitionIS of S is O(� −1 log |I |).

4.2.3 Dynamic Stabbing Partition s

This sectionisdevotedto anef“ cient implementationof Lemma11. Becauseit is notaprerequisite

for thesubsequentdiscussionsof this chapter, this sectioncanbeskippedat thereader•s discretion.

We “ rst observe that if onewere to maintain the smallest stabbingpartition of I (suchas the

canonicalstabbingpartition)asintervalsareinsertedor deleted,thenthestabbingpartitionof I may

completely changeaftera small constantnumberof insertionsor deletions.(A simple example is

omitted for brevity.) Thus,we resortto a stabbingpartition of approximately smallestsize. More

precisely, we want to maintain a partition of size at most (1 + � )	 (I ) for some parameter � > 0,

whererecall that 	 (I ) is the size of the smalleststabbingpartition of I . Althoughthe quality of

thestabbingpartition is compromised,thebene“t of resortingto an approximation is that thecost

requiredfor maintaining such a relaxed partition is much lower thanfor maintainingthesmallest

one.

Typically wechoose� to beasmall constant.Thevalueof � canbeusedasatunableparameter

to achieve ” exible tradeoffs betweenthequality of thestabbingpartitionand themaintenancecost:
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a smaller ε resultsin a betterstabbingpartition,but also increasesthemaintenancecost. Next we

describein detail how to maintain thestabbingpartitions.

A simple strategy.

We sketcha lazy maintenancestrategy that guaranteesthe quality of the stabbingpartition. It is

very easyto implementandworksreasonablywell in practice,but mayperformpoorly in theworst

case.

Let I bea setof n intervals,andε > 0 bea “ xed positive parameter. The lazystrategy works

asfollows. We begin with the canonicalstabbingpartition I of I of sizeτ0 = τ(I) aswell asa

correspondingstabbingsetP . Whena new interval γ is insertedinto I, we simply pick a point

p� � γ and let P = P � { p� } ; we also createa singletongroup{ γ} andadd it to I . When an

interval γ is deletedfrom I, supposethatγ belongsto some groupIi � I . We then removeγ from

Ii , and if Ii becomesempty aftertheremoval of γ, wealso removeIi from I andthestabbingpoint

of Ii from P . After ετ0/ (ε + 2) number of insertionsanddeletions,we trigger a reconstruction

stage: weuseLemma10to reconstructthecanonicalstabbingpartition(whosesize isτ(I)) for the

currentI, which takesO(n log n) time.

Lemma 12. The above procedure maintains a stabbing partition of size at most (1 + ε)τ(I) at all

times.

Proof. SupposethisproceduremaintainsastabbingpartitionI with sizeP . Then P � (1+ �
� +2 )τ0

atall times,becauseeachinsertionincreasesthesizeof I by atmostone,andeachdeletiondoesnot

increasethesizeof I . On theotherhand,notethatinsertingan interval intoI doesnotdecreaseτ(I),

anddeletingan interval from I may decreaseτ(I) by at most one.Thereforeτ(I) � (1 Š �
� +2 )τ0

atany timebeforethereconstructionstage.Hence,

P � (1 +
ε

ε + 2
)τ0 = (1 + ε)(1 Š

ε

ε + 2
)τ0 � (1 + ε)τ(I)

This impliesthattheprocedurealwaysmaintainsastabbingpartitionof sizeat most(1+ε)τ(I).

The above strategy can be re“ned in several ways to improve its ef“ ciency at runtime. For

example, for anewly insertedinterval γ, if therealreadyexistsapointpi in thecurrentstabbingset

99



that stabsγ, and supposepi is thestabbingpoint for thegroupIi, thenwe cansimply addγ into

Ii, insteadof creatinga new singletongroup{γ} in thestabbingpartition. A morecarefulimple-

mentationis to maintainthecommon intersectionof eachgroup,insteadof just a single stabbing

point. For eachnew insertionγ, wecheckwhetherthereexistsagroupwhosecommon intersection

overlapswith γ, and if so, add γ to thatgroup.

The condition for triggering a reconstructionstage(i.e., whenthe total number of insertions

and deletionsreachesετ0/ (ε + 2)) can also be relaxed. Let I denotethe set of intervals after

the lastreconstructionand τ0 = τ (I). Supposethat m intervals have beendeletedfrom I so far

sincethe last reconstruction(the total number of deletionsso far could be larger becausesome

intervalsmay beinsertedand subsequentlydeleted),thenwe invoke a reconstructionstageonly if

|P | ≥ (1 + ε)(τ0 − m), where |P | is the size of the maintainedstabbingsetat that time. Note

that it is weaker than the old trigger condition, and henceleadsto lessfrequentinvocationsof

reconstructionstages.

A refined algorithm.

The amortizedcostper insertionand deletionin theabove simple strategy is O(n logn/ (ετ0)) . In

[AXYY06], wedescribea re“ned algorithmfor maintainingthestabbingpartition in O(ε−1 logn)

amortized time per update,by a careful implementationof the reconstructionstagein the above

simple strategy. Moreover, eachinsertionor deletionaffectsonly one group in the stabbingpar-

tition. In the generalSSI scheme, changesin the stabbingpartition often needto be propagated

to thedatastructuresassociatedwith thegroupsof thestabbingpartition. Our algorithm therefore

requiresinfrequentpropagationsandis suitable for real-timeapplications.Pleaserefer [AXYY06]

for detailedalgorithms andpseudocode.

Theorem 13. Let ε > 0 be a fixed parameter. The above algorithm maintains a stabbing partition

of I of size at most (1 + ε)τ (I) at all times. The amortized cost per insertion and deletion is

O(ε−1 log |I|). Before the reconstruction stage, each insertion or deletion affects at most one group

in the stabbing partition.

100



4.3 Hotspot-based Join Query Processing

In thissectionwegivethreerepresentative applicationsof ourstabbingsetindex (SSI) andhotspot-

tracking schemes: scalableprocessingof continuousbandjoins, continuousequality joins with

local selections,and building histograms for selectivity estimation. Each of theseapplications

hasa somewhat different” avor, and achieves notableperformanceimprovement over traditional

processingtechniques. This list of applicationsis not meant to be exhaustive, but shouldhelp

illustratethemain ideaof our techniques.

In particular, weconsiderthefollowing two typesof continuousqueriesover relationsR(A, B )

andS(B, C):

€ Equality join with local selections: � A∈rangeA R � � R.B =S.B � C∈rangeC S

€ Band join: R � � S.B−R.B∈rangeB S

In equality join with local selections,the queryparameters rangeA andrangeC in the local se-

lection conditionsarerangesover numeric domainsof R.A andS.C, respectively. In bandjoin,

rangeB in thejoin conditionisa rangeover thenumericdomainof R.B andS.B . Thesetwo types

of queriesare importantin their own right, and alsoessentialas building blocksof morecomplex

queries.Wegive two examplesof thesequeriesbelow.

Example 1. Considera listing databasefor merchantswith thefollowing two relations:

Supply(suppId , prodId , quantity , . . .),

and

Demand(custId , prodId , quantity , . . .)

. Merchantsareinterestedin trackingsupply and demand for products.Eachmerchant,depending

on its sizeandbusinessmodel,may be interestedin differentrangesof supply and demand quanti-

ties.Forexample, wholesalersmaybeinterestedin supplyanddemandwith large quantities,while

small retailersmay be interestedin supplyand demand with small quantities.Thus,eachmerchant
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de“nesacontinuousquery

� quantity ∈rangeSi Supply �� � quantity ∈rangeDi Demand,

which isan equality join (with equalityimposedonprodId ) with local rangeselections.

Example 2. For an example of bandjoins, considera monitoring systemfor coastalde-

fensewith relationsUnit (id , model, pos, . . .) andTarget (id , type , pos, . . .), where pos speci-

“ es pointson theone-dimensionalcoastline. We want to getalertedwhena target appearswithin

theeffective rangeof a unit. For eachclassof units,e.g., gunbatteries,a continuousquerycanbe

de“nedfor this purpose:e.g.,

� model= ’BB’Unit �� Units .pos−Targets .pos∈range � type = ’surface ’Target .

where BBis a “ ctitious model of gun batteries,range is the “ ring rangeof this model, and the

selectioncondition on Target capturesthe fact that this model is only effective againstsurface

targets.This continuousqueryis abandjoin with local selections.Notethatfor differentclassesof

units,thebandjoin conditionsaredifferentbecauseof different“ ring ranges.

4.3.1 Band Joins

We“ rst considertheproblemof processingagroupof continuousbandjoins, eachof theform

R � � S.B−R.B∈rangeBi S.

When a new R-tuple r arrives,we needto identify the subsetof continuousquerieswhosequery

resultsareaffectedby r andcomputechangesto theseresults. The casein which a new S-tuple

arrives is symmetric.

Previousapproaches.

We“ rstnotethatexisting techniquesbasedonsharingidenticaljoin operations[CDTW00a]do not

apply to band joins becauseeachrangeB i canbe different. The state-of-artapproachto handle
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continuous queries with different join conditions is proposed by PSoup [CF03b], where multiple

“hybrid structures” (i.e., data-carrying, partially processed join queries) are applied to a database

relation together as a group, by treating these structures as a relation to be joined with the database

relation.

Following the PSoup approach, we can process each new R-tuple r as follows. First, we “in-

stantiate” the band join conditions by the actual value of r.B, resulting in a set of selection condi-

tions { S.B � rangeBi + r.B} local to S. Then, this set of selections can be treated as a relation

of intervals { rangeBi + r.B} and joined with S; each S-tuple s such that s.B stabs the interval

rangeBi + r.B corresponds to a new result tuple rs for the i-th band join. Depending on which

join algorithms to use, we have several possible strategies.

€ BJ-QOuter (band join processing with queries as the outer relation) processes each interval

rangeBi + r.B in turn, and uses an ordered index on S(B) (e.g., B-tree) to search for S-

tuples within the interval.

€ BJ-DOuter (band join processing with data as the outer relation) utilizes an index on ranges

{ rangeBi } (e.g., priority search tree or external interval tree). For each S-tuple s, BJ-DOuter

probes the index for ranges containing s.B Š r.B.

€ BJ-MJ (band join processing with merge join) uses the merge join algorithm to join the

intervals { rangeBi + r.B} with S. This strategies requires that we maintain the intervals

{ rangeBi } in sorted order of their left endpoints (note that addition of r.B does not alter this

order), and that we also maintain S in sorted S.B order (which can be done by an ordered

index, e.g., B-tree, on S(B)). Otherwise, BJ-MJ requires additional sorting.

Clearly, all three strategies have processing times at least linear in the size of S or in the number of

band joins (the detailed bounds are provided in Theorem 14 below), which may be unable to meet

the response-time requirement of critical applications. The difficulty comes in part from the fact

that each continuous band join has its own join condition, and at first glance it is not clear at all

how to share the processing cost across different band joins. Our SSI-based approach overcomes

this difficulty.

103



The SSI approach.

We now present an algorithm, BJ-SSI (band join processing with SSI), based on an SSI for the

continuous queries constructed on the band join ranges { rangeB i } . The index structure is rather

simple. Each group I j in the SSI is stored in two sequences I l
j and I r

j : I l
j stores all ranges in I j in

increasing order of their left endpoints, while I r
j stores all ranges in I j in decreasing order of their

right endpoints. The total space of these sorted sequences is clearly linear in the number of queries.

We also build a B-tree index on S(B ).

pj

s1 − b s2 − b

I j

s1 s2 S(B )
pj + b

Figure 4.4: The SSI algorithm for band join processing. Arrows indicate the order in which

the intervals are visited.

When a new R-tuple r (a,b) is inserted, the problem is to identify all band joins that are affected

and compute results for them. In terms of the ranges that we index in the SSI, we are looking for

the set of all ranges rangeB i that are stabbed by some point s.B Š bwhere s � S.

BJ-SSI processes the new R-tuple r (a,b) in two steps: in the first step it finds all queries that

are affected by r , and in the second step it returns the new results for each affected query.

(STEP 1) BJ-SSI proceeds for each group I j in the SSI as follows. Using the B-tree index on

S(B ), we look up the search key pj + b, where pj is the stabbing point for I j . This lookup locates

the two adjacent entries in the B-tree whose S.B values s1 and s2 surround the point pj + b (or

equivalently, s1 Š band s2 Š bsurround pj , as illustrated in Figure 4.4). If either s1 or s2 coincides

with pj + b, then it is obvious that all queries in I j are affected by the incoming update (at the

very least the S-tuple with B = pj + b joins with r for all these queries). Otherwise, the exact

subset of queries in I j affected by the incoming tuple can be identified as follows (see the left part
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of Figure 4.4): (1) We scan I l
j in order up to the first query range with left endpoint greater than

s1 Š b; all queries encountered before this one are affected. (2) Similarly, we scan I r
j in order up to

the first query range with right endpoint less than s2 Š b; again, all queries encountered before this

one are affected.

To see that the above procedure correctly returns the set of all affected continuous band joins

in I j , recall that all query ranges in I j are stabbed by the point pj . Any query range whose left

endpoint is less than or equal to s1 Š bmust contain s1 Š b (because it contains pj ); similarly, any

query range whose right endpoint is greater than or equal to s2 Š b must contain s2 Š b. On the

other hand, query ranges whose left and right endpoints fall in the gap between s1 Š b and s2 Š b

produce no new join result tuples, because s1 and s2 are adjacent in the B-tree on S(B ) and hence

there is no S-tuple s such that s.B � (s1, s2).

(STEP 2) Once we have found the set of all affected queries in I j , we can compute changes to the

results of these queries as follows (see right part of Figure 4.4). Observe that the query interval of

each affected continuous query in the group I j covers a consecutive sequence of S-tuples, including

either s1 or s2. Therefore, to compute the new result tuples for each affected query, we can simply

traverse the leaves of the B-tree index on S(B ), in both directions starting from the point pj + b

(which we have already found earlier), to produce result tuples for this query. We stop as soon as

we encounter a S.B value outside the query range.

In summary, BJ-SSI has the following nice properties:

(1) BJ-SSI never considers a tuple in S unless it contributes to some join result or happens to be

closest to some stabbing point offset by b (there are at most two such tuples per group);

(2) BJ-SSI never considers a band join query unless it will generate some new result tuple or

it terminates the scanning of some I l
j or I r

j (again, there are at most two such queries per

group).

In contrast, BJ-QOuter, BJ-DOuter, and BJ-MJ must scan either all queries or all tuples in S, many

of which may not actually contribute any result. We conclude with the following theorem.

105



Theorem 14. Let n denote the number of continuous band joins, τ denote the stabbing number,

m denote the size of S, and k denote the output size. The worst-case running times to process an

incoming R-tuple are as follows:

€ BJ-QOuter: O(n logm + k);

€ BJ-DOuter: O(m logn + k);

€ BJ-MJ: O(m + n + k).

€ BJ-SSI: O(τ logm + k);

SSI + hotspot-tracking. Applying BJ-SSI to thesetI H of Theorem12 (i.e., thecollection

of hotspots),we immediately obtain an ef“ cient algorithm for processingthe subsetof hotspot

queries. Note that |I H | � 2/α , henceby Theorem14 (with τ � 2/α ), we canthenprocessall

hotspotqueriesin O(α−1 logm + k) time, which is a hugespeedupin comparisonto the other

processingstrategies.

4.3.2 Equality Joins with Local Selections

We now turn our attentionto theproblemof processingcontinuousequalityjoins with local selec-

tions,eachof theform

σA∈rangeAi
R ��R.B=S.B σC∈rangeC i

S.

Eachsuchquerycanbe representedby a rectanglespannedby two rangesrangeCi andrangeAi

in thetwo-dimensionalproductspaceS.C × R.A, as illustratedin Figure4.5. Supposethata new

R-tuple r(a, b) hasbeeninserted. In the product spaceS.C × R.A, eachtuple rs resultedfrom

joining r with S canbeviewedasa point on theline R.A = a becausethesetupleshave thesame

R.A value (from r) but differentS.C values (from different S-tuple that join with r). We call

thesepoints join result points. To identify the subsetof affectedqueriesand computechangesto

theresultsof thesequeries,our taskreducesto reportingwhich queryrectanglescover which join

resultpoints.
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Previousapproaches.

When a new R-tuple r arrives,thereare two basicstrategiesdependingon theorder in which we

processjoins and selections.

• SJ-JoinFirst (select-join processing with join first) proceedsas follows: (1) it “ rst joins r

with S; (2) for eachjoin result tuple, it checksthe local selectionconditionsto seewhich

continuousqueriesare affected. In moredetail, the join betweenr andS canbedoneef“ -

ciently by probingan index on S(B ) (e.g., a B-tree)usingr.B . For eachjoin result tuple

rs with r.B = s.B , we thenprobea two-dimensionalindex (e.g., an R-tree)constructedon

thesetof queryrectangles{rangeCi × rangeA i} with thepoint (s.C, r.A). Thesubsetof

continuousqueriesthatneedto returnrs asanew resulttupleareexactly thosewhosequery

rectanglescontainthepoint (s.C, r.A).

• SJ-SelectFirst (select-join processing with selection first) proceedsas follows: (1) it “ rst

identi“esthe subsetof continuousquerieswhoselocal selectionson R aresatis“ed by the

incoming tuple r ; (2) for eachsuchquery, it computesnew result tuplesby joining r with

S andapplying thelocalselectionon S. In moredetail, to identify thesubsetof continuous

querieswhoselocal selectionson R aresatis“ed by r , we canuser.A to probean index

on query ranges{rangeA i } (e.g., a priority searchtree [dBvKOS00] or external interval

tree[AV03]). To computethe new result tuplesfor eachidenti“ed querywith queryrange

rangeCi on S, wecanusean orderedindex for S with compositesearchkey S(B, C) (e.g.,

aB-tree).Wesearchtheindex for S-tuplessatisfyingS.B = r.B ∧ S.C ∈ rangeCi .

Both SJ-JoinFirst and SJ-SelectFirst are proneto the problemof large intermediateresultsgener-

atedat step(1) of eachalgorithm. Considerthesupply/demand example again. Supposethatour

merchantsare not interestedin matching low-quantitysupplywith high-quantitydemand (though

many areinterestedin matchingsupplyanddemand thatarebothlow in quantity).Furthersuppose

thataparticularproductis in populardemandandmostlywith highquantities.Whenalow-quantity

supplysourcefor this productappears,it will generatelots of joins (in the SJ-JoinFirst case)and

satisfylocal selectionsof many continuousqueries(in theSJ-SelectFirst case),but very few con-
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tinuousquerieswill actuallybeaffectedin theend. Thereforein this case,neitherSJ-JoinFirst nor

SJ-SelectFirst isef“ cientbecauseof thelargeintermediateresultsgeneratedat step(1).

The SSI approach.

We now presentour algorithm, SJ-SSI(select-joinprocessingwith SSI), which circumvents the

aforementionedproblems of SJ-JoinFirst and SJ-SelectFirst by using an SSI for the continuous

queriesconstructedonthelocalselectionranges{ rangeCi} , i.e., projectionsof thequeryrectangles

ontotheS.C axis. (Herewefocuson processingincomingR-tuples;to processincomingS-tuples,

wewouldneedacorrespondingSSI constructedon{ rangeAi} .) Eachgroupin theSSI is storedas

anR-treethat indexes themember queriesby their queryrectangles.The total spaceof thesedata

structuresis linear in thenumberof queriessinceeachqueryis storedonly oncein somegroup.

a

R.A

S.C
q2

pj

rangeCi

ra
ng

eA
i

q1

Figure4.5: TheSSI algorithmfor processingequality joinswith local selections.

Toprocessaninsertionr into R, for eachgroupIj with stabbingpointpj , welookfor thesearch

key (r.B, pj) in aB-treeindex of tableS onS(B,C). This lookuplocatesthetwo joining S-tuples

whoseC values q1 and q2 are closest(or identical) to pj from left and from right, respectively.

Looking at Figure4.5, they correspondto the two join resultpoints (q1, a) and(q2, a) closestto

(pj, a) in theproductspaceS.C × R.A. Weusethesetwo join resultpointsto probetheR-treefor

groupIj. In theeventthateither q1 or q2 coincideswith pj, only oneprobeis needed.
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We claim that the query rectangles returned by the R-tree lookup constitute precisely the set

of continuous queries in Ij that are affected by r. To see this, recall that by our construction, all

queries in the group Ij intersects the line S.C = pj . Any query in Ij that contains neither (q1, a)

nor (q2, a) cannot possibly contain any join result point at all — such queries either do not intersect

the line R.A = a or happen to fall in the gap between q1 and q2. On the other hand, any query that

contains either (q1, a) or (q2, a) is clearly affected and produces at least one of the two join result

points.

Finally, observe that the query rectangle of each affected continuous query in the group Ij

covers a consecutive sequence of join result points on the line R.A = a, including either q1 or

q2 (see Figure 4.5). Therefore, to compute the new result tuples for each affected query, we can

proceed as follows. For each query rectangle returned, we traverse the leaves of the B-tree on

S(B,C), in both directions starting from the entries for q1 and q2, to produce all result tuples for

this query. We stop as soon as we encounter a different S.B value or a S.C value outside the query

range. This is similar to what we have done for band joins in the previous section.

SJ-SSI avoids the problems of SJ-JoinFirst and SJ-SelectFirst because of the following nice

properties:

(1) SJ-SSI never considers a join result point unless it is covered by some query rectangle or is

closest to some stabbing point;

(2) SJ-SSI never considers a query rectangle unless it covers some join result point.

To summarize, we give the complexity of SJ-JoinFirst, SJ-SelectFirst, and SJ-SSI in the following

theorem.

Theorem 15. Let n denotethenumberof continuousequalityjoins,τ denotethestabbingnumber,

m denotethesizeof S, andk denotetheoutputsize. Furthermore, let g(n) denotethecomplexity

of answering a stabbingqueryon an index of n two-dimensional ranges. The worst-caserunning

timesto processan incoming R-tupleareasfollows:

• SJ-JoinFirst: O(log m + m′g(n) + k), where m′ ≤ m is thenumber of S-tuplesthat join

with theincoming tuple;
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• SJ-SelectFirst: O(log n + n� logm + k), where n� ≤ n is the number of queries whose local

selections on R are satisfied by the incoming tuple;

• SJ-SSI: O(	 (log m + g(n)) + k).

SSI + hotspot-tracking.

Applying SJ-SSI to the set IH of Theorem12 (i.e., the collection of hotspots),we immediately

obtainan ef“ cient algorithm for processingthe subsetof hotspotqueries.Since |IH | ≤ 2/� , by

Theorem14 (with 	 ≤ 2/� ), wecanthenprocessall hotspotqueriesin O(� Š 1(log m + g(n)) + k)

time, which is in sharpcontrastto theother two algorithms, whoserunningtimesareat themercy

of thesize of theintermediateresultsm� or n�.

4.4 Histogramsfor Inter vals in L inear Time

In this sectionweconsiderthefollowing problem, which canbeusedfor estimatingthenumberof

continuousjoin querieswhoselocalselectionconditionsaresatis“ed by an incoming tuple. Let I

bea setof intervals. Given an x ∈ R, we wantto estimatehow many intervalsof I arestabbedby

x. We denoteby f I(x) be thenumber of intervals stabbedby x in I . Thebasicideais clearly to

build a histogramh(x) (i.e., a stepfunction) thatapproximatesthefunction f I(x). Assuming that

thedistribution of theincoming tuplex is governedby aprobability densityfunction� (x), thenthe

mean-squaredrelative error betweenh(x) andf I(x) is

E 2(h, f I ) =
�
|h(x) − f I(x)|2

|f I (x)|2
� (x) dx.

Our goal is to “ nd a histogramh(x) with few breakpoints that minimizes the above error. We

assume that� (x) is given; it canbeacquiredby standardstatisticalmethodsat runtime.

Previousapproaches.

Most known algorithms for the above problemor similar problems use dynamic programming,

whoserunningtime is polynomial but ratherlarge [JKM+98, KMS00]. In contrast,our new algo-
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rithm below is simple, runsin nearlylinear time, andoften providesa high-qualityhistogram. To

befair though,thedynamic-programming approachesusuallyguaranteeto “ nd an optimal solution

(i.e., minimizing theerror),while thehistogramreturnedby our algorithmdoesnot. Nonetheless,

sincehistogramsareprimarily for estimationpurposes,anoptimal histogramis notreallynecessary

in practice.

Our approach.

Our new approachradically differs from thosedynamic-programming approaches,by taking ad-

vantageof the following main observation: Computing an optimal histogramfor eachgroupof a

stabbingpartition of I canbereducedto a simple geometric clusteringproblem. Thealgorithmis

simple to implement,moduloa standardone-dimensionalk-meansclusteringsubroutine.

In more detail,we “ rst computethecanonicalstabbingpartition I = {I1, · · · , I� } for I asin

Lemma 10, and thenbuild a histogramfor eachgroup of I. The “ nal histogramis obtainedby

summing up thesehistograms. Let pi be the stabbingpoint of an α-hotspotIi ∈ I, and let f l
I i

(resp.f r
I i

) be the part of the functionfI i to the left (resp.right) of pi . To computethe histogram

hi (x) for ahotspotIi , wecomputetwo functionshl
i andhr

i to approximatef l
I i

andf r
I i

respectively,

and then let hi (x) = hl
i (x) + hr

i (x).

We now focuson how to computea histogramhl
i (x) with at most k buckets to minimize the

error E2(hl
i , f

l
I i

), where k is a given “ xed parameter; the casefor computing hr
i is symmetric.

Clearly, f l
I i

is a monotonically increasingstepfunction (seeFigure 4.6); let x1, · · · , xm be the

breakpointsof f l
I i

. Assume without lossof generalitythatk < m.

Lemma 13. There is an optimal histogram with at mostk bucketssuch that each bucket boundary

passesthroughoneof thebreak pointsx1, · · · , xm .

Proof. Takeany optimal histogramwhosebucket boundariesdo notnecessarilypassthroughthose

breakpoints.Observe thatno bucket completely lies betweenany two consecutive breakpointsxj

andxj +1 ; otherwiseonecanexpandthe bucket to the entire interval [xj , xj +1 ] anddecreasethe

error. As such,thereis at most onebucket boundarybetweenxj andxj +1 . This boundarycanbe
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moved to either xj or xj+1 without increasingtheerror. Repeatthisprocessfor all suchboundaries

andweobtainadesiredoptimal histogram.

By theabove lemma, it issuf“ cient to considerthosehistograms whosebucket boundariespass

throughthebreakpointsx1, · · · , xm. For suchahistogramhl
i, supposeits bucketboundariesdivide

thebreakpointsinto k groups:

{ xz0+1, · · · , xz1
} ; { xz1+1, · · · , xz2

} ; · · · ; { xzk−1+1, · · · , xzk
} ,

where z0 = 0 andzk = m. Furthermore, let thevalueof hl
i within thej-th bucket beaconstantcj ,

for 0 � j < k. ThentheerrorE(hl
i, f

l
Ii

) canbewritten as

E2(hl
i, f

l
Ii

) =

kŠ 1�

j=0

zj+1�

�=zj+1

|y� Š cj |2

|y�|2

� x�+1

x�

φ(x) dx, (4.1)

where y� = f l
Ii

(x�).

To “ nd ahistogramhl
i(x) thatminimizes(4.1), wesolve thefollowing weightedk-meansclus-

teringproblemin onedimension:Given a setof m pointsy1 = f l
Ii

(x1), · · · , ym = f l
Ii

(xm), and a

weight w� =
� x�+1

x�
φ(x) dx/ |y�|2 for eachpoint y�, “ nd k centersc1, · · · , ck andan assignmentof

eachy� to oneof thecenterssothattheweightedk-meansclusteringcostisminimized(seetheleft

partof Figure4.6). Wehave thefollowing lemmato establishthecorrectnessof our algorithm.

Lemma 14. Minimizing (4.1) is equivalent to solving the above weighted k-means clustering prob-

lem.

Sincetypically the total amount of bucketsallocatedto the whole histogramis “ xed, the re-

maining issueis how to assignavailable buckets to eachgroup Ii. One way to completely get

aroundthisproblemis to map all pointsin eachIi into aone-dimensionalspacesuchthatthepoints

within eachgrouparesuf“ ciently far away from thepoints in other groups,as shown in the right

part of Figure4.6. Thenwe canrun the k-meansalgorithm of [HPM04] on the whole point set

to computean ε-approximate optimal histogramin nearlylinear time O(n) + poly(k, 1/ε, log n),

which automatically assignsan appropriatenumber of buckets to eachIi. In practice,one may

wishto usethesimpler iterative k-meansclusteringalgorithm [DFG99] instead.Sincetheiterative
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I j I j +1 I j +2I i

x1 x2 x5x4x3 x6 hj hj +2
x7 hj +1

Figure 4.6: Reducing to a one-dimensional weighted k-means clustering problem.

k-means algorithm is sensitive to the initial assignment of clusters, we can heuristically assign each

group a number of buckets proportional to the cardinality of the group. We then run the iterative

k-means algorithm on each group separately.

4.5 Data-Sensitive Processing

There is no silver bullet for processing a large number of continuous joins; each algorithm may fare

better or worse for certain inputs. While our Hotspot-tracking algorithms in Chapter 4.2 is able to

monitor clusterness in common user interests and choose efficient processing strategies accordingly,

it does not take the data distribution in consideration. For example, suppose we have a large number

of continuous selection join queries as follows,

σA� rangeA R ��R.B = S.B σC� rangeCS

and if an incoming event r can only pass through the range selection conditions on table R of few

queries, it is possible that the processing strategy SJ-SelectFirst is the most efficient way to process

this event regardless of the clusteress in queries. In this case the Hotspot-tracking algorithm in 4.2

which partitions all queries into two parts and processes them separately, is unable to choose the

best decision. In 4.6 we will see experiments where the characteristics of incoming data could

have dramatic influence on the relative performance of different processing strategies, and that such

characteristics may change from one incoming tuple to the next.

In this section, we propose a flexible, data-sensitive processing framework that makes cost-

based decisions at run time to process each incoming tuple using the most efficient plan for it. In this
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framework, each incoming tuple is first sent to a special routing operator that directs the incoming

tuple to the most efficient plan among a set of pre-compiled alternatives. This operator has access to

various statistics and makes use of the content of the incoming tuple in making routing decisions.

Essentially, it optimizes each incoming data as a separate query over the database and the set of

continuous queries, except that its choices are limited to a set of pre-compiled alternatives to reduce

overhead. For systems with a large number of continuous queries, the amount of optimization

overhead per tuple incurred by our approach is minimal compared with the cost-saving potential.

Our proposed framework is similar to the recent work on CBR [PBD05]. However, CBR fo-

cuses on developing profiling and learning techniques that help deciding among query plans in-

volving opaque operators, while we adopt more conventional query optimization techniques. In the

remainder of this section, we briefly illustrate how to implement our framework using cost esti-

mation and statistics collection techniques that are fairly standard in database systems today. We

derive the cost model for different processing strategies for equality joins with local selections and

identify the statistics we need to monitor at the run-time. In 4.6 we demonstrate its effectiveness

through extensive experiments. Cost-based routing for band-joins can be similarly implemented.

4.5.1 Cost Model

For each incoming R tuple r , there are three major factors affecting the performance of SJ-JoinFirst,

SJ-SelectFirst, and SJ-SSI algorithms. First, how many tuples in S joins with r ? Intuitively, if

there are few joins, then SF-JoinFirst is the strategy of choice. Given r , the problem here is how to

estimate the selectivity of the predicate S.B = r.B ; a standard histogram for S(B ) readily provides

this functionality.

Second, how many queries have their local selections on R satisfied by the incoming R tuple?

Intuitively, if there are few, then SJ-SelectFirst wins. We can use a simple bucket-based histogram

to help with this estimation. Conceptually, this histogram approximates a step function of a, which

returns the number of query ranges in { rangeA i } stabbed by a. To update this histogram when a

new query with range rangeA is added, we simply raise the estimate by 1 for all buckets completely

covered by rangeA , and raise the estimate for each partially covered bucket by an amount equal to
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thefractionof thebucket covered.Deletionsof queriescanbehandledanalogously.

Third, in Hotspot-trackingalgorithm, whatis thenumberof groups(stabbingnumber)in thehot

part?Intuitively, asmallerstabbingnumbermeansthatSJ-SSI is morepreferable.This information

is directly availablefrom theHotspot-trackingalgorithm if it is currentlymaintained.

Basedonaboveanalysiswederive thecostmodelusedin ourcost-basedroutingframework for

equalityjoin querywith local selections.Thebasicparametersare summarizedin following table,

parameters meaning

|R|, |S| sizeof tableR, S

|Q| numberof queries

g numberof stabbingsetsformedby all queriesin hot groupson S.C

kj numberof S tuplesthatcanjoin with incomingR tuple

ks numberof querieswhoserangeselectionson R.A

canbesatis“ed by incomingR tuple

Wealsoformalizethebasiccost functionsas,

€ f DS = O(log |S|): costto queryjoin index of tableS to identify join S tuples.It is logarith-

mic on size of tableS.

€ f QR = O(log |Q|): costof queryindex of all rangeselectionsontableR to “ gureoutqueries

for which incoming tuple r canpasstheir rangeselections.In particular, we apply priority

searchtreeto index all rangeselectionson R.A, and henceits querycostis logarithmic on

thenumberof queries.

€ f QRS: costto probequeryindex of rangeselectionsonbothR andS, which formsarectan-

gle for domain R.A andS.C for eachquery. We index all suchrectanglesde“nedby range

selectionon R andS usingstandardR-tree. Obviously f QRS is a functionof the number

of rectangles(queries)indexed in R-tree.The worstcastquerycostof R-treeis linearon the

numberof indexed queries,which is obviously over pessimistic. In experimentswe assume
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querycostof R-treeis on squareroot of thenumberof indexed queries.Experiment results

in 4.6 show thatit yieldsreasonablewell cost-basedqueryplanrouting.

The costmodel formulasof differentprocessingstrategiesfor equality join querieswith local

selectionsarede“nedas follows. Without losinggenerality, we assume theincoming event r is an

updateon tableR, and S is thejoin partnertable.

• MethodSJ-JoinFirst-E: we“ rst join tupler with thetableS to produceasetof join S tuples,

e.g., s1, . . . , skj suchthat r.B = si.B , i = 1 , . . . , kj andthenfor eachsi, i = 1 , . . . , kj we

probequeryindex suchas R-treeon all queriesusing tuplepair (r.A, s.C) to “ gureout all

triggeredqueries.ThequerycostCJoinF irstŠ E canbemodelledas,

CJoinF irstŠ E = f DS + kjf QRS + OUTPUT

= � JoinF irstŠ E log |S| + 
 JoinF irstŠ Ekj

�
|Q| + OUTPUT

• MethodSJ-JoinFirst-S: it is similar to MethodMethodSJ-JoinFirst-E except that after we

produceall join S tuples, for eachquery we probethesejoin S tuplesto generatequery

results. The cost to probejoin tuplesis logarithmic on number of join tuplesif a two-tier

index on S.B andS.C is built on tableS. This methoddoesnot requireany query index

suchasthe R-treeusedin Method1. Both two methodscanbe treatedastwo variantsof

SJ-JoinFirst. Thecostmodel is de“nedas,

CJoinF irstŠ S = f DS + |Q|O(log kj) + OUTPUT

= � JoinF irstŠ S log |S| + 
 JoinF irstŠ S|Q| logkj + OUTPUT

• MethodSJ-SelectFirst. For incoming event r we “ rst probethe interval index on the range

selectionson R.A of all queries.We build a priority searchtreeto index all suchintervals

by mapping eachinterval to a point in 2−dimensionalspace. The probing query can be

transformed to a three-sidedquery on the priority searchtree,which canbe computedin

logarithmic time of thenumberof queries.Similarly to above two methods,we also probe

the tableS to produceall join S tuples. Then for eachquerysurviving theselectionstage,
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we query all join S tuples by its range selection condition on S.C to produce all result tuples.

The cost model for this method SJ-SelectFirst is

CSelectF irst = fDS + fQR + ksO(kj) + OUTPUT

= αSelectF irst log |S| + βSelectF irst log |Q| + γSelectF irstks log kj + OUTPUT

€ Method Hotspot-tracking. As introduced in 4.2, we first partition all queries into two groups,

namely HOT and COLD, and then apply different processing strategies on them. In particular

we apply SSI-based algorithms on all queries in HOT, and turn to traditional algorithm such

as SJ-SelectFirst to process all queries in COLD. The cost model can be broken down into

two components accordingly. The query cost in processing HOT queies involves probing

query index such as R-tree for each stabbing group, and the query cost in processing COLD

groups is the same as SJ-SelectFirst. Be aware that the cost computing join S tuples can be

shared by HOT and COLD. The cost model is defined as,

CHotspot = fDS +

g�

i=1

fQRSi + fQR + ksO(kj) + OUTPUT

= αHotspot log |S| + βHotspot

g�

i=1

�
|QH

i | + γHotspot log |QC | +

θHotspotks log kj + OUTPUT

where g is number of stabbing groups QH
i in HOT and QC is all queries in COLD, and ks is

the number of queries in COLD which can survive the selection stage.

4.6 Experiments

To compare our techniques against traditional processing techniques in terms of their scalability

with a large number of continuous queries, we have implemented various algorithms discussed in

previous sections in Java SDK 1.5.0. Unless otherwise noted, all experiments were conducted on a

Sun Blade 150 with a 650MHz UltraSPARC-III processor and 512 MB of memory. We measured

the processing throughput, i.e., the number of data update events that each approach is able to pro-

cess per second. We excluded the output time from measurement since it is application-dependent
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Figure4.7: Throughputof equalityjoinswith local selections(i) over numberof continu-

ousqueries,(ii ) over sizeof stabbingpartition.
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joining table S.

andcommon to all approaches.Wealsomeasuredthecostof maintainingassociateddatastructures

in all approaches.
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4.6.1 Work loadGeneration.

We generatedtwo synthetictablesR(A,B) andS(B,C), where B is the join attribute and A,C

arethelocal selectionattributes,all integer-valued.Eachtablecontains100, 000 tuplesindexed by

standardB-trees.R is updatedby an incoming streamof insertionevents,whoseA andB values

aredrawn uniformly at randomfrom the respective domains. For tuplesin S, their C valuesare

uniformly distributed, while their B values follow a discretizednormal distribution, in order to

modelvaryingjoin selectivity.

We createdtwo setsof continuousqueries,eachwith 100, 000 queriesinitially. The “ rst set

consistsof equalityjoins with local selectionsandthesecondsetconsistsof bandjoins. The mid-

pointsof rangeAi follow a normal distribution, and the midpointsof rangeBi andrangeCi are

uniformly distributed. The lengthsof all rangesare normally distributed. At runtime, usersmay

insertnew continuousqueries,anddeleteor updateexisting ones.Table 4.1 summarizesthedata

andworkloadparameters,whereµi•s and σi•s areusedto adjustvarious input characteristicsthat

affect performance,suchasselectivities of incoming events againstcontinuousqueriesas well as

thedegreeof overlap amongcontinuousqueries.

Parameter Value

Sizeof eachbasetable 100, 000

Initial numberof continuousqueries 100, 000

JoinattributeR.B Uni(0, 10000)

Local selectionattributeR.A, S.C Uni(0, 10000)

JoinattributeS.B Normal(5000, 1000)

Domain of S.B [0, 10000]

Midpointof rangeAi Normal(µ1, σ
2
1)

Lengthof rangeAi,rangeCi Normal(µ2, σ
2
2)

Midpointof rangeBi, rangeCi Uni(0, 10000)

Lengthof rangeBi Normal(µ3, σ
2
3)

Table4.1: Experimentalparameters.
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4.6.2 Equality Joins With Local Selections.

In additionto thealgorithms SJ-SSI, SJ-J(oinFirst), andSJ-S(electFirst) discussedin Section4.3.2,

wehave alsoimplementedan algorithm calledNAIVE, which “ rst joins thenew R tuplewith S to

generatea list of intermediateresulttuplesorderedby S.C, and thenevaluatesthe local selections

of eachcontinuousqueryover this intermediateresult.NAIVE servesasabaselinefor comparison;

its costis O(log m + n log kj + k), where kj is thenumberof S tuplesthat joins with thenew R

tuple.

To focusour attentionon theeffectivenessof SJ-SSI itself, we “ rst presenta seriesof results

obtainedby applying SJ-SSI to all stabbinggroups(regardlessof whetherthey are hotspots).We

thenpresentresultsfor combining SSI andhotspotsafterwards.

Figure 4.7(i) comparesthe throughputof various approachesas the number of continuous

queriesincreasesfrom10 to100, 000. In thissetof experiments,thestabbingnumberfor { rangeCi}

is roughly 30; eachincoming R tuple on averagejoins with 1000 S tuples. In this “ gure,we see

thatNAIVE•sperformancedegradeslinearlywith thenumberof continuousqueriesandthereforeis

completely unscalable.Theaverageselectivity of aneventon thelocal selectionranges{ rangeA i}

is 0.1; that is, an incoming event satis“es the R.A selectionfor 10% of all continuousqueries.

Consequently, SJ-S, which works by iterating throughquerieswhoseR.A selectionis satis“ed,

performs well only whenthe number of queriesis small. Similar to NAIVE, it degradeslinearly

with thenumber of queriesand thusis not scalableeither. Theperformancedecreaseof SJ-J can

beattributedto highercost in two-dimensionalpoint stabbingqueries;in our experimentswe used

R-treesto supportthesequeries.Althoughtheperformanceof SJ-J doesnot dropasdrasticallyas

SJ-SandNAIVE, its throughputis lessthan5% of SJ-SSI in thecaseof 100k queries.

Comparedwith theotherapproaches,SJ-SSI demonstratesexcellentscalability. Its throughput

only drops by lessthan20% when the number of queriesincreasesfrom 100 to 100, 000. The

reasonis thatSJ-SSI dependsprimarily on thenumber of stabbinggroupsratherthanthenumber

of queries.As long asthenumberof groupsis stable(roughly30 for theseexperiments),SJ-SSI•s

performanceis relatively stable. The slight performancedrop comes from the increasingcostof

thepoint stabbingquerywithin eachstabbinggroup,becauseeachgrouponaveragecontainsmore
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queries.

Figure4.7(ii ) comparesthe performanceof various approachesover a rangeof clusteredness

amongrangeCi•s. Thenumberof continuousqueriesstaysat100, 000, but weincreasethenumber

of stabbinggroupsby decreasingmeanandvarianceof interval lengths.As canbeseen,NAIVE

andSJ-Sare completely indifferentabout theclusterednessof queries,while SJ-SSI bene“ts from

smaller numbersof stabbinggroups.SJ-Soutperforms SJ-SSI whenthereare more than250stab-

bing groups,as the event selectivity on R.A selectionsis roughly 250 in theseexperiments. In

theworsecase,whenall queryrangesare disjoint, SJ-SSI degeneratesto NAIVE. As a sidenode,

it is interestingthat SJ-Jperforms betteron lessclusteredqueries.The reasonis that the costof

queryingan R-treetendsto belower if theindexed objectsoverlap less.

Figure4.8(iii ) shows the throughputof SJ-S andSJ-SSI when we decreasethe averageevent

selectivity on local R.A selections(SJ-Jand NAIVE are unaffectedby this parameter). Wecontrol

this selectivity by “ ne-tuningthe distribution of rangeA i•s. From this “ gure,we seethat SJ-S is

very sensitiveto thisselectivity, over whichits throughputdeteriorateslinearly (sincethisselectivity

directly controlshow large n′ is in Theorem15). On theotherhand,SJ-SSI is unaffectedby this

selectivity.

Figure4.8(iv) studiestheimpactof eventselectivity on joining tableS, i.e., how many S tuples

join with theincoming event, controlledby “ ne-tuningthedistribution of S.B . Exceptfor SJ-J,all

otherapproachesareimmuneto increasein thisselectivity. SJ-J•sperformancedegradeslinearly as

thenumberof intermediatejoin resulttuplesincreases.

4.6.3 SSI + HOTSPOT-tracking.

In all previousexperimentsweappliedSJ-SSI to everygroupin thestabbingpartition,ignoringthe

hotspotoptimization. Now, weconductexperimentsto demonstratetheeffectof hotspot-trackingin

groupprocessingequalityjoins with local selections.For eachexperiment in this set,we generate

a workloadof 500, 000queries,with varying degreesof clusterednessacrosstheseworkloads.We

choosea fairly small � value (on the order of 0.1%) for eachworkload,such that no more than

500groupsarechosenas� -hotspots.In Figure4.9, thehorizontalaxisshows thetenworkloadsin

121



increasing degree of clusteredness, labeled by the percentage of intervals in hotspots. 100%means

that queries are highly clustered since top 500 stabbing groups cover all 500, 000 intervals, while

10%means the queries are relatively scattered and consequently top 500stabbing groups can only

cover 10%of all intervals.

The vertical axis of Figure 4.9 plots the average processing time per event, measured over

10, 000events for each experiment. We compare two approaches here: TRADITIONAL simply use

SJ-S(electFirst); HOTSPOT-BASED uses SJ-SSI on the hotspots, and SJ-S on the remaining, scat-

tered intervals. The traditional approach, unable to exploit the clusteredness, behaves identically

across workloads. On the other hand, the performance of the hotspot-based approach improves

linearly with the increasing coverage by hotspots, as it benefits from the ability of SSI in exploit-

ing clusteredness for efficient group processing. Moreover, this hotspot-based approach offers an

additional advantage over the “purist” approach of applying SJ-SSI to every stabbing group. By

restricting SJ-SSI to hotspots, the hotspot-based approach is able to focus on large stabbing groups

where SJ-SSI really shines, while avoiding the overhead of going over a large number of small

groups for which SJ-SSI may be outperformed by more traditional approaches.
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Figure 4.9: SSI with hotspot-tracking.
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4.6.4 Band Joins.

In this set of experiments, we study the performance of our SSI-based algorithm for band-join

queries. We compare BJ-SSI with BJ-D(Outer), BJ-Q(Outer), and BJ-MJ, discussed in Section 4.3.1.

Again, to focus our attention on the effectiveness of BJ-SSI itself, we show results of applying BJ-

SSI to all stabbing groups without the hotspot optimization.

Figure 4.10(i) shows the throughput of various approaches over an increasing number of con-

tinuous queries from 50 to 500, 000. As the number of queries increases, the number of stabbing

groups also increases from about 10 to 60 accordingly. In BJ-D, for each tuple in base table S, an

offset is added and used to probe the index of all band join windows. Although BJ-D is not very

sensitive to the number of queries, it is inefficient because a large base table will easily destroy

the throughput. BJ-Q, similar to NAIVE, completely breaks down on a large number of queries.

Its throughput drops below 100 when there are more than 1000 queries. The processing time of

BJ-MJ is linear both in the size of the base table and in the number of queries. As shown in the

figure, BJ-MJ enjoys a stable throughput when the number of queries is small, because the cost

of traversing the sorted base table dominates the total query time. However, once the number of

queries reaches 50, 000, the throughput of BJ-MJ starts to decrease quickly. In sharp contrast, BJ-

SSI always outperforms the other approaches by orders of magnitudes, and is very stable over an

increasing number of queries. Its performance drops to roughly 1/ 3 when the number of queries

has increased by a factor of 104.

Figure 4.10(ii) shows the throughput over an increasing number of stabbing groups, while the

total number of continuous queries is kept constant at 100, 000. We have omitted BJ-Q in this figure

due to its extremely poor performance on a large number of queries. BJ-MJ and BJ-D are insensitive

to the number of the stabbing groups, while the performance of BJ-SSI deteriorates linearly as this

number increases. Nevertheless, BJ-SSI outperforms the other two approaches even when there are

as many as 5000 groups in the partition, which is a fairly large number in practice.
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Figure 4.10: Throughput of band-joins (i) over the number of continuous queries and (ii)

over the number of stabbing groups.

4.6.5 Dynamic Maintenance.

In the previous experiments, we have demonstrated that our SSI-based approaches offer excellent

scalability over a large number of continuous queries. We now compare the dynamic maintenance

cost of SSI-based approaches with other alternatives. For this purpose, starting from the initial set

of 100, 000 queries, we generate 100, 000 updates to this set at run time. The update is either an

insertion of a new query or a deletion of an existing query, each with probability 0.5.

Figure 4.11 shows the amortized maintenance cost for each of the algorithms BJ-D, BJ-Q, BJ-

MJ, and BJ-SSI. Since BJ-Q does not maintain any index structure on the queries, its maintenance

cost is constantly 0. For BJ-D, the maintenance involves updating the dynamic priority search tree

that indexes all band join windows. For BJ-MJ, the maintenance involves updating a sorted list of

band join windows. The dynamic maintenance algorithm for BJ-SSI is described in Section 4.2.3,

for which have chosen � = 3 . Consequently, the query time of BJ-SSI is increased by a factor of 1+

� = 4 compared to that of BJ-SSI based on an optimal stabbing partition. This approximation factor

is acceptable as BJ-SSI outperforms the other approaches by orders of magnitudes in the previous

experiments. Note that the reconstruction stage occurs fairly infrequently because all subscriptions

are from the same distribution and naturally clustered, and therefore with high probability a new

124



BJ-D BJ-Q BJ-MJ BJ-SSI
0

10

20

30

40

50

60

A
M

O
R

T
IZ

E
D

 U
P

D
A

T
E

 T
IM

E
 (

ns
)

Figure 4.11: Maintenance cost for band-

join algorithms.

20 30 40 50 60 70
0

5

10

15

20

25

30

35

40

NUMBER OF BUCKETS

A
V

E
R

A
G

E
 R

E
LA

T
IV

E
 E

R
R

O
R

 %

 

 

EQW-HIST
SSI-HIST
OPTIMAL
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tograms for intervals.

subscription will be inserted into an existent stabbing group without increasing the number of of the

stabbing groups. As shown in Figure 4.11, the amortized maintenance cost of BJ-SSI is only 20%

more than that of BJ-MJ, which is well justified by a substantial improvement in event processing

scalability.

4.6.6 SSI-basedHistogram.

We compare SSI-HIST, the histogram constructed by our SSI-based algorithm in Section 4.4, with

EQW-HIST, the standard equal-width histogram, and with OPTIMAL, the optimal histogram con-

structed using dynamic programming. We create 100, 000 intervals in the range [0, 10000]. Their

midpoints and lengths are governed by Normal(5000, 1500) and Normal(1000, 2000), and they

happen to form 18 stabbing groups. Given a fixed number of buckets, we build SSI-HIST using the

k-mean algorithm and the heuristics to assign the number of buckets to each stabbing group based

on its cardinality, as described in Section 4.4. Construction of SSI-HIST completes within one

minute. However, construction of OPTIMAL using dynamic programming for 100, 000 intervals

proved to be unacceptably slow on our computing platform. Instead, we built OPTIMAL on just a

sample of 10, 000 intervals and ran experiments multiple times until a stable estimation is reached.

Even with one-tenth of the original data, OPTIMAL took roughly 6.5 hours on a computer with
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3GHz processor and 2GB memory, in sharp contrast to the ease of constructing SSI-HIST.

Figure 4.12 compares the performance of SSI-HIST, EQW-HIST, and OPTIMAL, as we in-

crease the size of the histogram from 20 to 70 buckets. Each data point is obtained by running 5000

uniformly distributed stabbing queries; we compute the relative error between true and estimated

result sizes, and then report the average of these errors. As expected, OPTIMAL consistently wins;

however, this advantage is greatly offset by its impracticality in terms of construction cost. On the

other hand, SSI outperforms EQW-HIST all the time and dramatically reduces the gap between

EQW-HIST and OPTIMAL. Specifically, given only 20 buckets, SSI-HIST achieves an error rate

as small as 14.9%, while that of EQW-HIST is more than 70%. In fact, EQW-HIST would require

50 buckets to reach the same error rate as that of SSI-HIST with 20 buckets.

4.6.7 Data-sensitive Processing

We also conducted extensive experiments on the data-sensitive processing framework in 4.5, which

dynamically routes each incoming event to a query processing method with the lowest estimated

processing cost. The subscriptions we use in all experiments in this section are equality join with

local selection queries.

The run-time statistics we monitor is the join selectivity kj , local selectivity ks and the number

of stabbing HOT groups. To estimate kj , we build conventional equal-width histograms for static

table S on the join attribute R.B. The equal-width histogram can be built in linear time on size

of database and it can be efficiently maintained in constant time on the fly. In the experiments, we

will show that the space overhead is low, e.g., 100 buckets is good enough to make the dynamic

routing framework to make reasonably accurate decision. To estimate ks, the number of queries

whose range selection conditions on R.A can be satisfied by incoming event r, we build another

equal-width histogram defined over the domain. The building procedure is briefly introduced as

follows, for each range selection interval (l, h), suppose it spans k consecutive equal-width buckets

at boundaries (bi , bi +1 ], (bi +1 , bi +2 ], . . . , (bi + kŠ 1, bi + k ], that is, bi < l � bi +1 < bi + kŠ 1 < h �
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bi+k. Then estimate ej for bucket at boundaries (bj , bj+1] is computed as,

ej =

�
�����

�����

ej + ( bj+1 Š l)/ ((bj+1 Š bi), if j = i ;

ej + ( h Š bj)/ ((bj+1 Š bj), if j = i + k Š 1;

ej + 1 , otherwise.

The histogram to estimate ks can also be computed in time O(k|Q|) over number of queries where

k is the number of buckets, and it can be maintained in time O(k) which incurs low overhead since

k is small. In our experiments, we set k = 100and it turns out enough for dynamic routing to make

reasonably good decisions.

We first conduct parameter fitting for those cost models in 4.5. To achieve accurate parameter

fitting, we measure the cost breakdown and fit the parameter for each component separately instead

of fitting them as a whole. Furthermore, we remove the OUTPUT cost out of consideration since

it is the same for all approaches. For example, for method SJ-JoinFirst-E, its query processing

cost except the OUTPUT cost consists of two components: cost probing the S table by tuple r to

produce all join S tuples si and the cost probing R-tree indexing all queries for each pair of join

tuples (r, si), e.g.,

C = � log |S| + 
k j

�
|Q|

we measure the two cost components separately and fit parameter � and 
 individually. Table 4.6.7

shows the the least squares fit of all parameters and theirs 95%confidence interval by solving the

linear model. To collect data points for parameter fitting, we generate query with 100K and static

S table with 100K tuples, and extend the workload to 500K queries and 500K tuples at step of

100K queries and 100tuples. For set of workload we generate 1000incoming r tuple and measure

cost components. After collecting all data points, we run standard linear regression model to fit the

parameters individually.

To compare performance of dynamic routing scheme in 4.3.2, we generate 100, 000 incoming

event r tuple to different sets of workload, in particular, we try 100K, 200K , . . . , 500K queries

and static S table with 100K, 200K , . . . , 500K tuples. We measure throughput (number of in-

coming events processed per second) for each baseline method SJ-JoinFirst-E, SJ-JoinFirst-S, SJ-

SelectFirst and Hotspot, and compare them with our dynamic routing method (DYNAMIC). In
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processing strategy parameter value, 95%confidence interval

SJ-JoinFirst-E � Joi nF i r stŠ E 0.25, [0.24, 0.26]

� Joi nF i r stŠ E 4.34, [4.23, 4.44]

SJ-JoinFirst-S � Joi nF i r stŠ S 0.36, [0.33, 0.38]

� Joi nF i r stŠ S 0.17, [0.15, 0.20]

SJ-SelectFirst � SelectF i r st 0.64, [0.63, 0.65]

� SelectF i r st 42.49, [35.06, 49.92]

� SelectF i r st 1.19, [1.16, 1.22]

Hotspot � Hotspot 0.19, [0.19, 0.20]

� Hotspot 0.08, [0.06, 0.10]

� Hotspot 70.19, [50.49, 89.89]

� Hotspot 1.17, [1.14, 1.21]

Table 4.2: Fitted parameter value in cost models.
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Figure 4.13: Throughput of different methods.

addition, we simulate a method namely OPT which always chooses the method with the lowest ac-

tual processing cost in order to compare our dynamic routing schemes which makes decision based

on statistics with the best possible routing decision based actual processing cost.

Figure 4.13 shows the throughput of different methods simulated. Label on X-axis indicates the

workload size, e.g., 100 means workload consists of 100K queries and an S table with 100K tuples.

From Figure 4.13, we can see that for the baseline algorithms, HOTSPOT performs much better than

other methods that its throughput is more than 3 times higher than the other traditional methods.

However, HOTSPOT is not always the best method at all the time because its throughput is still

much less than that of OPT, e.g., in the case there are 100K queries and an S table with 100K tuples,

throughput of HOTSPOT is only less than 50% of OPT. DYNAMIC achieves higher throughput

than HOTSPOT in all configurations since it picks up the most promising method on the fly. In

some cases, DYNAMIC improves HOTSPOT by more than 50%. Figure 4.14 shows breakdown

of routing decisions of DYNAMIC for all workloads. Roughly more than 70% of incoming events

are processed by method HOTSPOT and SJ-SelectFirst and SJ-JoinFirst-E process remaining 25%

and 5% events respectively. SJ-JoinFirst-S completely drops out of picture even for the smallest
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workload.

Figure 4.13 shows that DYNAMIC performs worse than OPT in all cases. This indicates that

DYNAMIC does not make the optimal decision, e.g., choosing the lowest cost processing method,

all the time. It is interesting to see how much time DYNAMIC makes the right decision based the

statistics maintained in conventional histograms. In Figure 4.15, we can see that DYNAMIC only

makes around 30%of optimal decision all the time. This is somehow surprising because we have

seen that DYNAMIC improves HOTSPOT significantly by exploiting processing opportunities in

other baseline methods. The explanation is that DYNAMIC does not need to make optimal decision

all the time. It is acceptable if DYNAMIC can differentiate processing methods with significant cost

difference, which impacts average throughput substantially. Making optimal decision all the time

may not be cost effective because it may incur high overhead in maintaining run-time statistics. In

our experiments, we have seen that simple statistics which is easy to maintain, e.g., equal-width

histograms, sufficiently serves our purpose.

In order to see how join selectivity kj and local selectivity ks impact the overall performance

and routing decisions. Given the 500k queries and static S table with 500k tuples, we adjust the

distribution of join attribute R.B of incoming event tuple r to control number of S tuples that join

with r . Similarly we adjust distribution of local selection attribute R.A to control number of queries

whose range selections on R.A can be satisfied by r .

Figure 4.17 and Figure 4.16 show throughput and routing decision breakdown over increasing

number of S tuples that join with incoming event r . The X-axis in the two figures is the average

number of S tuples that join with incoming r tuple. From Figure 4.16, SJ-JoinFirst-E loses its share

to SJ-SelectFirst when more S tuples can join with incoming r tuple, and as shown in Figure 4.17

throughput of all methods suffers from increasing number join S tuples. Figure 4.19 and Figure 4.16

show throughput and routing decision breakdown over increasing number of queries that whose

range selection on R.A the incoming r tuple can pass through. The X-axis is average percentage of

queries whose range selection on R.A can be satisfied by r . In Figure 4.18, SJ-SelectFirst is picked

up by DYNAMIC for most of time when incoming r tuple can pass through less queries, and it

loses to SJ-JoinFirst-E and HOTSPOT when more and more queries whose selection on R.A can
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Figure 4.14: Routing decision break-

down.

100 200 300 400 500
0

10

20

30

40

50

60

70

80

90

100

P
E

R
C

E
N

T
A

G
E

 O
F

 C
O

R
R

E
C

T
 D

E
C

IS
IO

N
 (

%
)

SIZE OF STATIC TABLE AND WORKLOAD

Figure 4.15: Percentage of optimal deci-

sions in DYNAMIC.

be satisfied by r . Accordingly throughput decreases as r is less selective as shown in Figure 4.19.

Finally Figure 4.20 and Figure 4.21 show the percentage of routing decision in DYNAMIC

that is consistent with OPT. In Figure 4.20, only 35% routing decision chooses lowest processing

method over increasing join selectivity. Figure 4.21 it is around 65% over increasing local selec-

tivity. However this does not prevent us from achieving significant performance improvement in

DYNAMIC as shown in Figure 4.17 and Figure 4.19.

4.7 RelatedWork

As mentioned in 4.1, scalable continuous query processing plays a pivotal role in many applications

(e.g., [WC96, HCH+99a, CcC+02, Spe03]). For example, publish/subscribe systems [LPT99a,

CDTW00a, PFJ+01b, DFK05] by definition need to handle a huge number of subscriptions (contin-

uous queries) efficiently. Our earlier work [AXYY05] considered the problem of indexing contin-

uous band-join queries, and presented an indexing structure with subquadratic space and sublinear

query time. However, the structure is mainly of theoretical interest. On the practical side, several

continuous query and stream processing systems (e.g., [CDTW00a, MSHR02a, CF03b, Spe03])

have been proposed recently. NiagaraCQ [CDTW00a] is able to group-process selections and share
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processing of identical join operations. However, it cannot group process joins with different join

conditions (such as band joins). Moreover, NiagaraCQ groups selections and joins separately, re-

sulting in strategies similar to SJ-JoinFirst and SJ-SelectFirst, whose limitations were already dis-

cussed in 4.3. Our work is able to overcome these limitations. CACQ [MSHR02a] is a continuous

query engine that leverages Eddies [AH00] to route tuples adaptively to different operators on the

fly. It is able to group-process filters, and supports dynamic reordering of joins and filters. However,

like NiagaraCQ, it still does not support group processing of joins with different join conditions,

and processes selections and joins separately. PSoup [CF03b] treats data and queries analogously,

thereby making it possible to exploit set-oriented processing on group of joins with arbitrary join

conditions. However, PSoup is not specific on what efficient techniques to use for different types of

join conditions. Its approach of instantiating partially completed join queries implies time complex-

ity linear in the number of queries. In contrast, our new approach can exploit clustering of queries

to achieve sublinear complexity.

There are a large body of work on adaptive query optimization (e.g., [AH00, MRS+ 04, PBD05]).

With the exception of CBR [PBD05], all previous approaches use a single plan for all almost all

tuples at a given time. Some systems, such as Eddies [AH00], provides mechanisms for adapting

the plan on an individual tuple basis, but their policies typically do not result in plans that changes
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for every incoming tuple. In CBR [PBD05], eachoperatoris pro“ ledandlearningtechniquesare

usedto help choosequery plan dynamically for eachincoming tuple. Our work adoptsa more

conventionaloptimization approachusingmore standardcostestimation and statisticscollection

techniques.

4.8 Summary

In this chapterwe presenteda novel techniquefor handlinga large number of continuousqueries

by tracking the hotspotsin user interests.Our techniquehasa number of applicationsincluding

scalablecontinuousjoin processingandhistogramconstructionfor interval data.This work opens

thedoorfor many interestingproblems. First, it wouldbeinterestingto extendtheideaof clustering

by stabbingpartition to multidimensionalspaces,so that we canhandlemulti-attribute selection

conditions. More generally, we plan to investigategroup processingfor more complex queries,

e.g., thosecombiningbothband-joinandlocalselectionconditions,aswell aspossibleaggregation.

Althoughwehave taken the“ rststepwith thischapter, it remainsachallengingproblemto develop

methodsfor composinggroup-processingtechniquesfor more complex queries.
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Chapter 5

ScalableContinuousQuery Processingwith

Ef“cient ResultDissemination

5.1 Intr oduction

An importantproblemin scalablecontinuousquery processingsystems, and in particular, pub-

lish/subscribesystems, ishow to disseminatethequeryresultsef“ ciently to a largenumberof users

over a wide-areanetwork.

Conceptually, thework performedby apublish/subscribesystemisoftendividedinto two com-

ponents:1) subscriptionprocessing, thetaskof matchingandprocessingeachincoming eventwith

the large set of active subscriptions(continuousqueries),and 2) noti“cation dissemination, the

taskof notifying thosesubscriberswhosesubscription(continuousquery) resultsareaffectedby

theincoming event. Previouswork from thedatabaseresearchcommunity hasfocusedon ef“ cient

subscriptionprocessing;noti“ cationdisseminationisrarelyaddressed.Mostexistingwork assumes

thataserver maintainstheentire databasestateand all subscriptionsin thesystem, andis responsi-

ble for computingthesetof subscribersaffectedby eachincoming publishmessage.A straightfor-

wardway to notify this setof subscribersis to unicasta noti“ cationto eachof themin turn. When

many subscribersneedto be noti“ ed, this approachwill incur a large amount of outboundtraf“ c

from theserver, andmayeasilyoverwhelmtheserver andits networklinks. Asserver-sidesubscrip-

tion processingtechniques(suchassharing[CDTW00a]andindexing [HCH+99a]) continueto ma-

ture,thedisseminationbottleneckhassurfacedin many systems,bothresearch[DRF04] andcom-

mercial [KRE03]. Recently, thedatabasecommunity hasmadesomeinitial efforts[DRF04,PC05]

in addressingthis problem(furtherdiscussedin Chapter5.6), but muchresearchis still needed.

0Joint work with Badrish Chandramouli andJun Yang.
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On the other hand, the networking research community has always focused on efficient notifica-

tion dissemination. A notable mechanism is content-based networking [CW01a]. A content-based

network views each message as a tuple of attribute-value pairs; e.g., attributes in a stock update

message may include SYMBOL, RISK, PRICE, EARNING, etc. Each subscription is defined as

a predicate over the message tuple; e.g., SYMBOL= •GOOG•, or RISK � [20, 60] (between

moderately low to medium risk). Subscribers register their subscriptions with the network, and

whenever a message is injected into the network, the network will automatically deliver it to the

relevant subscriptions. Unfortunately, existing notification mechanisms developed by the network-

ing community support only stateless subscriptions, i.e., those that can be processed by examining

the message itself. For example, in content-based networking, the message tuple contains all the

information needed to forward the message.

How can we support efficient subscription processing as well as notification dissemination for

more complex, stateful subscriptions? In [CXY06], we have argued that the solution lies in properly

interfacing the database with the network, in order to combine the processing power of database

servers and the dissemination power of the network effectively. To the best of our knowledge,

there is no prior work that investigates the possibility of interfacing the database with a content-

based network to provide efficient and scalable support for a large number of stateful subscriptions.

In [CXY06], we have explored a number of points along the spectrum of possibilities for interfacing

database processing and network dissemination, and studied their trade-offs. We have also formal-

ized message and subscription reformulation as a general mechanism for implementing stateful

subscriptions using a dissemination network that supports only stateless subscriptions. Reformu-

lation allows us to keep a simple and clean interface between the database and the network, while

at the same time providing a comparable or higher level of efficiency compared with much more

complex system configurations that require application-specific extensions to routing. We have

developed reformulation techniques for a number of stateful subscriptions types including range

aggregation/DISTINCT and joins.

This chapter presents efficient data structures and algorithms for supporting reformulation at the

database server. For range-min subscriptions, our reformulation technique is based on the concept
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of Mar (Maximum Affected Range), for which we have developednew datastructuresandgroup

processingalgorithms presentedin this chapter. Even for applicationssettingswherenoti“ cation

dissemination is not needed,our techniqueis alsoapplicableandcanbeusedto speedup scalable

continuousqueryprocessing.

The remainderof thechapteris organizedasfollows. Section5.2 recapsall necessaryprelim-

inariesfrom [CXY06], including the distinction betweenstateless and stateful subscriptionsand

threeapproachesto supportingstateful subscriptions,S-UN, CN, and S-CN (for more possibili-

tiessee[CXY06]). In particular, Section5.2.4 presentsthemessageandsubscriptionreformulation

approachin detail,usingrange-min subscriptionsasanexample; thissectionalsoservesastheprob-

lemstatement for theserver-sideprocessingsolutionsproposedby thisdissertationin Section5.3 in

supportof ourgeneralapproach.Webrie” y discussotherstatefulsubscriptionsin Section5.4. Sec-

tion 5.5 presentsexperimentalresults.Section5.6 surveys relatedwork, and Section5.7 concludes

thechapteranddiscussesseveral directionsfor futureresearch.

5.2 Preliminaries

The publish/subscribesystemwe are building offersa conceptual(andpossiblyvirtual) database

over which userscan de“ne subscriptions as SQL views. Publish messages are updatesto the

database.If a databaseupdatecausesthecontentof a subscriptionview to change,we saythat the

databaseupdate(publishmessage)affects the subscription;in this case,the systemneedsto send

thesubscribera notification message containingthechangeto thecontentof thesubscriptionview.

Traditional publish/subscribesystems have simple subscriptionlanguagesthat support only

statelesssubscriptions.In many situations,however, usersmay want updatesto be further trans-

formed, correlated,and/oraggregated. For example, with a range-aggregate subscription,a user

cantrack theminimum PER(price-to-earningratio, a popularmeasureof stockquality) of stocks

within a risk range. This subscriptionis stateful, becausejust by looking at a stock updatemes-

sage,thesystemcannotalwaystell whetheror how themessagewould affect thesubscription.To

meettheneedsof theseusers,wearedevelopingawide-areapublish/subscribesystemthatsupports
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complex subscriptionde“nitions.

5.2.1 Range-Min Subscript ions

To keepour discussionfocused,we concentratein this sectionon supportingrange-min subscrip-

tions. Thesesubscriptionsare useful in many situationswhere usersare interestingin tracking

the •bestŽobjectsin rangesof their interest,e.g., stockswith the lowest price-to-earningratios

within a risk range,or lowest-priceddigital cameraswith at least4.0 megapixels. The various

server/network interfaceapproachesandthe message/subscriptionreformulation mechanismthat

we aregoing to presentlaterarecompletely general;however, theactualreformulation technique

may vary for differentsubscriptiontypes. We discusshow to handleother subscriptiontypesin

Chapter 5.4.

As aconcreteexample, considera publish/subscribesystemthatmonitorsthestock market for

a largenumberof tradersover a wide-areanetwork. Conceptually, thesystemprovidesa database

view

STOCK(SYMBOL, RISK, PER, . . .)
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thatcontinuouslytrackstheup-to-dateinformation for eachstock.Supposethatauseris interested

in tracking the minimum PER of stockswithin a risk range[x1, x2] that sheis comfortablewith.

Shecande“ne asubscriptionover STOCK usingaSQL query:

SELECT MIN(PER) FROM STOCK WHERE x1 <= RISK AND RISK <= x2.

To simplify discussion,let us focuson updatesof PER, and assume thateachupdatemessage

hastheschema

�SYMBOL,RISK,PER, . . .� ,

where PER is the new price-to-earningratio after the update. Whensuch a messagearrives, the

systemneedsto notify thoseuserswhosesubscriptionqueryresultsareaffectedby thePER update.

Therange-min subscriptionisstateful.To illustrate,considerthecurrentstateof STOCK shown

asa collection of points (labeledby ti andshown in solid black) in Figure 5.1; the X-axis plots

RISK, while theY -axis plots PER. Eachrange-min subscription(labeledby si ) is representedas

a horizontalinterval spanningtherisk rangeof interest,whoseheightequalstheminimumPER in

thatrange.

Supposethatan updatelowers t4•sPER to just below thatof t5 (indicatedby adottedline with

arrow). This updateshouldaffectsubscriptionss3 ands4, but not s1, s2, or s5. For s1 throughs4,

their rangesall cover t4•sRISK. In orderto determinethats3 ands4 areaffectedwhile s1 ands2 are

not, thesystemmustbeableto comparet4•snew PERwith theminimumPER currentlymaintained

by eachof thesesubscriptions;this latterinformation is notavailablein theupdatemessage.

A more complicatedsituationariseswhen the current minimum PER sharedby a group of

subscriptionsis updatedhigher, potentiallyexposingthemto differentnew minima. For example,

supposethat an updateraisest5•s PER, as illustrated in Figure 5.1. As a result of this update,

s3 shouldbe updatedwith t3•s PER, while s4 shouldbe updatedwith t6•s PER. Neitherpieceof

information is available in t5•s updatemessage.In general,the systemmust maintain the entire

stateof theSTOCK tablein orderto handlesuchupdates.
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A Classi“cation of Updatesfor Range-Min Subscriptions

Beforeproceeding,wegiveaclassi“cationof databaseupdatesbasedonhow they affectrange-min

subscriptions.To make our discussionconcrete,recall thedatabasetable

STOCK(SYMBOL, RISK, PER, . . .)

andrange-min subscriptionsof theform

SELECT MIN(PER) FROMSTOCKWHEREx1 <= RISK AND RISK <= x2.

Wecall RISK therange attributeandPERtheaggregationattribute. To simplify discussionin this

section,we further restrictourselves to updatesof theaggregationattribute (PER) only. Insertions,

deletions,and updatesto otherattributesrequirefairly straightforwardextensions,detailsof which

we deferuntil Chapter5.3. Let ∆(t : x, yo � yn) denotean updateof a stock t (with risk x) that

changesPERfrom yo to yn . Thisupdatefalls into oneof thefollowing categories:

€ Ignorable updates.Theseareupdatesthat, given the currentstateof the database,cannot

possiblyaffectany subscriptions.In our runningexample,∆(t : x, yo � yn) is ignorableif

thereexistsanotherstock t� with thesame risk x anda PERno higherthanbothyo andyn .

Forexample, theupdateof t7 in Figure5.1 is ignorablebecauseof t6.

€ Non-ignorable updates.Theseareupdatesthatmay affect some subscription(i.e. they are

not ignorable).They arefurtherclassi“ed into two types:

…Easyupdates.An easyupdateis a non-ignorableupdateandits effect on any affected

subscriptioncan be determined from the contentof the updateitself. Such updates

are relatively easierto processbecauseno other databaseinformation is neededto

decidethe effect on subscriptions.In our running example, a non-ignorableupdate

∆(t : x, yo � yn) is goodif no otherminimum PERis exposeddueto that update.

Theupdateof t4 in Figure5.1 is anexample of an easyupdate.

…Dif“ cult updates.Thesearenon-ignorableupdateswhoseeffectson affectedsubscrip-

tions cannotbe determined from the contentof the updateitself; additionalinforma-

tion from the databaseis required. In our running example, a non-ignorableupdate
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�( t : x, yo → yn) is difficult if it might “expose” a new minimum PERin some risk

range. The update of t5 in Figure 5.1 is an example of a difficult update because it

exposes both t3 and t6. The effect of a difficult update cannot be inferred from the

content of the update alone; additional information from the database is required.

To recap, a decreasing update can be ignorable or easy, whereas an increasing update can be ignor-

able, difficult, or occasionally easy. Note that this classification scheme does not take into account

what subscriptions are currently in the system. Such information can be exploited for more effi-

ciency (e.g., if there are no subscriptions, all updates are effectively ignorable), but doing so also

incurs some extra overhead; we discuss this point further in Section 5.2.4.

5.2.2 S-UN: Server with Unicast Network

To begin, we follow the traditional database-centric view of publish/subscribe—of first computing

the updates to each subscription, and then disseminating these updates. We assume that a single

server maintains the database state and keeps track of all subscriptions. For each publish message,

we can efficiently compute all subscription updates in time sublinear in the size of the database

and the number of subscriptions, using our group-processing techniques (presented in Chapter 5.3).

Then, the server unicasts a subscription update message to each affected subscription. For our

running example, the message has a constant size, and simply contains the new minimum PERfor

the subscription. We call this approach S-UN. The problem with this approach is that when many

subscriptions are affected, there will be a large amount of traffic overall, and the server can easily

become a bottleneck of dissemination.

If multiple affected subscriptions are hosted by the same node in the network, an additional

optimization is for the server to combine multiple messages into one. This technique, which we call

message aggregation, reduces the number of messages. However, the size of a combined massage

would no longer be constant; instead, it becomes linear in the number of affected subscriptions

at the node. The reason is that the message needs to list the affected subscriptions (because not

all subscriptions at the node may be affected) and possibly multiple subscription updates (because

different subscriptions may be affected differently by the same database update, as shown in 5.2.1).
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5.2.3 CN: Serverless Content-Based Network

As discussedin Section5.1, content-basednetworking[CW01a] views eachmessageas a tupleof

attribute-value pairs,andeachsubscriptionasapredicateover amessagetuple.Thestraightforward

wayto supportstatefulsubscriptionsusingacontent-basednetworkis to •relaxŽthemintostateless

subscriptionsdirectly supportedby thenetwork.Wecall this approachCN.

For our runningexample,wecan•relaxŽa range-min subscription

SELECT MIN(PER) FROMSTOCKWHEREx1 <= RISK AND RISK <= x2

to a rangesubscription

SELECT * FROMSTOCKWHEREx1 <= RISK AND RISK <= x2.

The network would thenforwardto eachsubscriberevery stock updatemessagethat falls within

herrisk range.Eachsubscriberlocally maintainsthecontentof therangesubscriptionfrom which

therange-min subscriptioncanbederived. Note thatall stocksin therangemustbemaintained(not

justoneswith theminimumPER) in orderto handlethecasewhentheminimumPERrises.Besides

this maintenanceoverhead,amoreseriousissueis thattherelaxationof astatefulsubscriptioninto

a statelessonecanpotentiallyresult in much more updatetraf“ c. For example, in Figure5.1, any

PERmovement of t4 abovet5•sPERhasno effecton any subscriptions,but with this approach,all

updatesof t4 wouldstill beforwardedto s1 throughs4 simply becauset4 falls into their risk ranges.

Theadvantageof CN is its simplicity: Weonly needto extendthecapabilityof thesubscribers;

the network substrateremains unchanged.The systemdoesnot requirea centralserver, thereby

removing a potentialbottleneck. The disadvantagesof CN areobvious too. All updateswithin

theRISK rangearesentto thesubscriber, even thoughmost of themmay be ignorablein practice.

Also, to copewith badupdates,eachsubscribermust maintain all stockswithin its RISK range,

which is rathercostly.
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5.2.4 S-CN: Server with Content-Based Network using Message and

Subscription Reformulation

Our goal in [CXY06] is to develop techniques that offer better efficiency than S-UN and CN, with-

out complicating the network substrate with application-specific routing algorithms. To achieve

this goal, we need to rethink the traditional responsibilities of servers in a publish/subscribe sys-

tem, and divide the work carefully between servers and the network. In this section, we show that

with our message/subscription reformulation techniques, we can support stateful range-min sub-

scriptions efficiently using stateless subscriptions of the form “the data rectangle in the message

contains the point of interest.” Such subscriptions are a standard feature in most content-based

networks, e.g., [CW01a]. While this section focuses on range-min subscriptions, we note that mes-

sage/subscription reformulation is a general mechanism; reformulation techniques for other types

of subscriptions will be discussed in 5.4.

In this approach, which we call S-CN, a central server maintains the database state and is re-

sponsible for generating notification messages and injecting them into a content-based network for

dissemination. The key idea is for the server to reformulate each publish message into zero or

more notification messages whose contents carry additional information derived from the current

database state. This additional information effectively removes the dependency of stateful subscrip-

tions on the database state. When stateful subscriptions register with the content-based network,

they are first reformulated into stateless subscriptions (without any knowledge of the database state)

to work with the reformulated notification message format.

Interestingly, the server does not need to know the set of subscriptions, which makes S-CN

particularly attractive when subscriber anonymity is desired, or when it is expensive for a server to

maintain a large, dynamic set of subscribers.

Mar-Based Reformulation

It turns out that for range-min subscriptions, there exists an efficient and effective reformulation

based on Mar (for Maximum AffectedRange), which intuitively captures an update’s “extent of
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in” uenceŽonrange-min subscriptions.Informally, usingour runningexample, theMar of astock t

is themaximumRISK rangein which t hastheminimum PER andis theonly stockwith thisPER.

We formally de“ne Mar below, wherea point (x, y) representsa tuplewith rangeattributevaluex

andaggregateattributevaluey:

De“ nition 7 (Maximum affectedrange). Mar(x0, y0), the Mar of point (x0, y0) with respectedto

a set of distinct points P , is the maximum range (xl , xr ) � x0 for which there exists no point

(x, y) � P such that xl < x < xr andy � y0. Let Mar(x0, y0) = � if no such range exists; i.e.,

� (x0, y) � P : y � y0.

The Mar of an updateδ = ∆(t : x, yo � yn), denotedMar(δ), is theunionof Mar(x, yo) and

Mar(x, yn), bothof which arede“nedwith respectto thesetof pointsrepresentingall tuplesin the

relation other thant.

Forexample, Figure5.2 showsMar(x0, y0) with respectto asetof points(shown assolid black

dots). Basically, Mar(x0, y0) is anopeninterval betweentwo points: the“ rst oneto the left of x0

andthe “ rst oneto right of x0, both with height lessthanor equalto y0. As anotherexample, in

Figure5.1, theMar of thet5 updateis therange(20, 100). Weshow in Section5.3 how to compute

Mar ef“ ciently (in time logarithmic in the size of the database).The following results(proofs

omitted dueto spaceconstraints)establishtheutility of Mar in range-min subscriptionprocessing:

Theorem 16. A range-min subscriptionwith range [x1, x2] is affectedbyanupdateδ if andonly if

x � [x1, x2] � Mar(δ).

Corollary 6 (Updateclassi“cation). Consideran update∆(t : x, yo � yn). (1) If Mar(t) = � ,

theupdateis ignorable. (2) If Mar(t) 
= � , andMar(x, yo) � Mar(x, yn ) (with respectto thesetof

pointsrepresentingall tuplesother thant), thentheupdateis good,andthenew minimum for any

affectedrange-min subscriptionis yn . (3) Otherwise, theupdateisdif“cult.

Corollary 6 providesthetestsfor theserver in S-CN to run in order to classifyeachincoming

databaseupdate. Furthermore, this corollary leadsimmediately to the following reformulation

techniques:
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• (Message format) Each database update is reformulated into zero or more notification mes-

sages of the form

〈NEWMIN, INNER L, INNER R, OUTERL, OUTERR〉

and injected into the network.

• (Subscriptions) Each range-min subscription over range [x1, x2] is reformulated into a pred-

icate

(OUTERL < x 1 ≤ INNER L) ∧ (INNER R≤ x2 < OUTERR)

over the notification message. Upon receiving a message matching the reformulated predi-

cate, a subscriber simply updates the minimum to NEWMIN.

• (Ignorable updates) They are simply discarded by the server.

• (Easy updates) Each easy update �( t : x, yo → yn) is reformulated as 〈yn, x, x, x1, x2〉,

where (x1, x2) = Mar(x, yn), computed with respect to the set of points representing all

tuples other than t . For example, the easy update �( t4 : 40, 12 → 4) in Figure 5.1 is

reformulated as 〈4, 40, 40, 20, 100〉.

Reformulating Difficult Updates

As we have seen in Example 5.1, a difficult update (such as the rise of t5’s PERin Figure 5.1) is

tough to handle because it “exposes” different new minima for different subscriptions. Interestingly,

with the help of Mar and the concept of upperhull introduced below, we can capture all effects of

a difficult update on affected subscriptions succinctly and precisely, and in a way that allows the

server in S-CN to encode them in the same format as the reformulated notification messages for

easy updates.

Definition 8 (Upper hull). Considerpoint (x0, y0) and a set P of points. Suppose[x l, xr] =

Mar(x0, y0) 
= ∅. Hull(x0, y0), theupper hull of point (x0, y0) with respectto P, is thesetof points

consistingof thefollowing:

• The peak, denotedPeak(x0, y0), is the point (x0, y) ∈ P where y is the smallest possible.

Let thepeakbe(x0,∞) if nosuch point exists,i.e., P hasnopoint with X -coordinateof x0.
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Figure 5.2: Mar and Hull.

€ The left upper hull, denotedLHull(x0, y0), is the setof all points(x ′, y′) � P where x l <

x ′ < x 0, andthere existsno other point (x, y) � P such that (x ′ � x < x 0) � (y � y′).

€ The right upper hull, denotedRHull(x0, y0), is thesetof all points(x ′, y′) � P where x0 <

x ′ < x r, andthere existsno other point (x, y) � P such that (x0 < x � x ′) � (y � y′).

For example, Figure 5.2 circles the points in Hull(x0, y0). Basically, Hull(x0, y0) consists of

the two “skylines” [PTFS05] that we observe by looking towards left and right from (x0, y0). As it

turns out, each point (x ′, y′) � Hull(x0, y0) corresponds to a new minimum that would be exposed

by the removal of (x0, y0). Intuitively, using Mar(x0, y0), we can capture the set of subscriptions

that will have y′ as their new minimum. This observation is formalized by the following theorem,

Theorem 17. Considera dif“cult update∆(t : x, yo � yn). Let P bethesetof pointsrepresenting

thesetof tuplesafter theupdatehasbeenapplied.A range-min subscriptionwith range [x1, x2] is

affectedby the updateif and only if there exists a point (x ′, y′) � Hull(x, yo) (with respectto P)

such that [min(x, x ′), max(x, x ′)] � [x1, x2] � EMar(x ′, y′), where EMar(x ′, y′) is the Exposed

Maximum Affected Range of (x ′, y′) with respectto P Š{ (x ′, y′)} . Furthermore, thenew minimum
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for this affectedsubscriptionisy�.

Note thatwe have usedEMar insteadof Mar in theabove theorem. The two conceptare iden-

tical except the specialcasewheretwo points in P have the same Y-coordinate.The difference

betweenEMar andMar is ratherminor anddoesnot affect the exposition in this section. Theo-

rem17 providesthebasisfor thefollowing techniquefor reformulating dif“ cult updates:

• (Difficult updates) Given a dif“ cult update∆(t : x, yo → yn), for eachpoint (x �, y�) ∈

Hull(x, yo), theserver generatesanoti“ cationmessage

〈y�, min(x, x �), max(x, x �), x1, x2〉

, where (x1, x2) = EMar(x �, y�) (seeTheorem17 for what point setsHull andEMar are

computedwith respectto).

Both the noti“ cation messageformat and the behavior of reformulated subscriptionsareconsis-

tent with thosefor easyupdates.The only differenceis that the server generatesmore thanone

noti“ cationmessageper dif“ cult update.As an example, the dif“ cult update∆(t5 : 50, 5 → 9)

in Figure5.1 is reformulatedas3 noti“ cationmessages:〈9, 50, 50, 30, 70〉, 〈8, 30, 50, 20, 70〉, and

〈6, 50, 70, 20, 100〉.

It is interestingto visualizethemessagesreformulatedfrom goodanddif“ cult updatesas rect-

anglesin a two-dimensionalspace(Figure5.3). A rangesubscriptioncanthenberepresentedas a

point in this space,wherethex-coordinaterepresentsthelow endof therangeandthey-coordinate

representsthehigh endof therange.An easyupdateis reformulatedinto asingle rectangle,with its

lower-right cornercorrespondingto an0-lengthrangecontainingjust the updateposition,andits

upper-left cornercorrespondingto theMar of theupdate.A dif“ cult updateis reformulatedinto a

collectionof non-overlappingrectangles,whoseunion is a big rectanglespanningthepositionand

Mar of theupdate.Thecontent-basednetwork,uponreceiving areformulatedmessage,will ensure

thatthis messagereachesall subscriptions(points)containedwithin thecorrespondingrectangle.

As notedat the end of Section5.2.1, we candetectignorableupdateswithout the knowledge

of theactive subscriptionsin thesystem. However, some non-ignorableupdatesmay turn out to be
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Figure5.3: A geometricinterpretation of reformulated messages.

•effectively ignorableŽbecausecertainrangesmay not be covered by subscriptions.As a simple

optimization, the server in S-CN can maintain the rangesof active subscriptionsin the system,

and perform a check beforeinjecting a noti“ cation messageinto the network. Doing so would

incur extra maintenanceoverhead;on the otherhand,S-CN canstill provide some protectionof

subscriberanonymity, becausetheserver only needsto know the subscriptionde“nitions, but not

who or wherethesubscribersare.
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5.3 Server-SideData Structur esand Algorithms

5.3.1 Server-SideProcessing in S-CN

Computing Mar with A2B-Tree

We begin this section by discussing the data structure and algorithm for computing Mar, which

is a primitive used by S-CN for both update classification and message reformulation. Later in

Section 5.3.2 we will also show how to apply the same techniques in database-centric approaches

to compute notification messages. In the following, we denote the range attribute by X and the

aggregate attribute by Y .

A straightforward way to compute Mar is to use a B-tree on X. Given an update δ = � (t :

x, yo � yn ), we look up the tuple(s) with X = x in the B-tree. Starting from these tuples, we scan

the index leaves left and right until we find a tuple at x1 � x and a tuple at x2 � x, both with Y no

greater than min(yo, yn). Then, Mar(δ) = (x1, x2). The procedure is carried out entirely on one

server and the number of I/Os incurred is O(logB N + L/B ), where N is the size of the database

table, L is the number of tuples in Mar(δ), and B is the block size of the B-tree. This method would

not scale with large affected ranges. For example, if δ = � (t : x, yo � yn ) where yn is extremely

small, as a result the Mar(δ) can be a wide interval. In this case, this approach may have to visit all

nodes on the leaf level which is linear on the size of database.

We propose A2B-tree (augmented 2-tier B-tree) for computing Mar. The upper tier is a B-tree

on X. Each leaf index entry of this upper-tier B-tree points to a lower-tier B-tree indexing all tuples

with the same X value, using Y as the index key. Furthermore, each upper-tier index entry (which

points to either a child in the upper tier or the root of lower-tier B-tree) is augmented with an extra

min field maintaining the minimum Y value found in the subtree rooted at this index entry. An

example A2B-tree is shown in left part of Figure 5.4. As an optimization, if just a few tuples have

the same X value, they can be embedded directly in a leaf of the upper-tier B-tree; for simplicity

of presentation, however, we ignore this detail in ensuing discussion. The space taken by this index

is O(N/B ), linear in the size of the table. Both the height of the upper tier and the height of the

lower tier are bounded by O(logB N ), so the combined height is also O(logB N ).
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Figure5.4: Exampleof anA2B-tree.

A2B-treesupportslookupsandupdatesin O(logB N) I/Os. Lookupfollows the standardB-

tree procedure,“ rst using X as the searchkey throughthe upper tier, and then using Y as the

searchkey throughthelower tier. InsertionanddeletionextendthestandardB-treeprocedureswith

maintenanceof min “e lds.

Our A2B-treecanbeeasilymaintainedby standardB-treemaintenanceprocedureswith slight

modi“ cationsto adjustmin “ elds accordingly. For example, wheninsertinga tuple with Y = y,

for eachupper-tier index entry on the path from the root to the lower-tier B-tree containingthe

insertionpoint,weupdatemin to y if it is currentlygreaterthany. Deletionisslightly trickier than

insertbecauseit may remove the tuple who is supplyingthemin value for some upper-tier index

entry. Weproceedin a bottom-up manner, “ rst updatingmin of theupper-tier leaf index entry (the

new valuecanbeeasilyobtainedfrom theleftmostleafof thecorrespondinglower-tier B-tree),and

thenupdatingeachentry long thepath from left to root until the root, or an entry which doesnot

needto beupdated,whichever comesearlier. Similarly, in split andmerge,min “ ledshouldalso

be maintained. For eachentry, new min canbe computedin constanttime from its childrenand

thereare O(log n) entriesneedto bemodi“ ed, therefore,maintaining the auxiliary datadoesnot

increasethetimecomplexity of standardB-treemaintenanceprocedures.Therefore,theI/O costis

boundedby O(logB N) in maintenance.

Conceptually, we usefollowing simple example to show how Mar is computed. If we want to
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computeright endof Mar given point (x0, y0) = (102, 3) in theleft partof Figure5.4. At top level,

we “ rst identify thesubtreecontainingx0 = 102, which is associatedwith key 200. Sincethemin

“ eld of thatentry is 1, smaller thany0 = 3 , we needto go onelevel down by following thelink to

subtree.At thesecondlevel, we“ rst identify thesubtreecontainingx0 again(subtreewith key 110

in example), however themin “ eld of this entry is 4, greaterthany0, hencewe aresurewe cannot

“ nd right endof Mar in this subtreesinceevery point in which hasgreaterY value than y0. Thus

we move rightward to locatethe “ rst entry which min “ eld no greaterthany0, which is subtree

with key 120andmin “ eld 1, and we go further down to thethird level, which is leaf level of our

A2B-tree. We repeatthe traverseprocessabove to “ nd right endof Mar is (112, 1). The shaded

squaresin right partof Figure5.4 aretheentrieswe visit during theprocess.We simply return∞

if wedo not “ nd any point in above process.

Following algorithmFINDR<(T , x, y) queriesright boundaryof MAR of a given tuple (x, y)

on an augmentedB-treeT , assuming domain of x is (−∞, +∞) and eachnodehasB entries

at most. Sarting from root of T , it traversesdownward along the path from root to where x is

located,until reachingan entry whosemin “ eld is greateror equalto y. Thenit calls subroutine

SEARCHR< to continuethesearchrightward. Noteto computeFINDR� (T , x, y), we justneedto

replace≤ with < in line 7 andreplaceFINDR< andSEARCHR< with FINDR� andSEARCHR�

respectively.

Sinceat every level of the upper-tier of A2B-Tree,the algorithm visits 2 nodesat most, asa

resultits timecomplexity is O(logB N ), becauseit is boundedby twiceof heightof theaugmented

B-tree. Computationof MAR serves as a building block in next sectionswherewe will introduce

ef“ cientcomputationanddisseminationof alargenumberof select-aggregationsubscriptionsgiven

anincoming event.

FINDR<(T , x, y)

1: m ← +∞, node← T .r oot;

2: if node = nul l then{treeis empty}

3: return m;

151



4: i ← 1;

5: while i ≤ B andnode.key[i ] < x do {locateindex i of subtreeby key x}

6: i ← i + 1;

7: if y ≤ node.min[i ] then

8: mr2 ← SEARCHR<(node, y, i + 1);

9: else

10: if leaf[node] then {nodeis a leaf}

11: m ← node.key[i ];

12: else {nodeis aninternalnode}

13: n ← FINDR<(node.chi ld[i ], x, y)

14: if n 
= +∞ then

15: m ← n;

16: else

17: m ← SEARCHR<(node, y, i + 1);

18: return m;

SEARCHR<(node, y, index)

{Replacethesecond≤ with < in line 2 to computeSEARCHR≤(T , x, y).}

1: i ← in dex;

2: while i ≤ B andy ≤ node.min[i ] do

3: i ← i + 1;

4: if i = B + 1 then

5: m ← +∞;

6: else

7: if leaf[node] then {nodeis a leaf}

8: m ← node.key[i ];
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9: else

10: m � SEARCHR< (node.child[i], y, 0)

11: return m;

Computing Hull and EMar

S-CN needs to compute Hull and EMar in order to reformulate difficult updates. Computation

of Hull(x0, y0) begins with identifying the peak, which is easily located by looking up x0 in the

A2B-tree T . Starting from the peak (x0, yp), we call FINDR< (T , x0, yp, � ), which returns the X-

coordinate of the first point (x1, y1) in RHull; y1 can be readily obtained from the min field of

the leaf index entry for x1. Then, for i � 1, we repeatedly call FINDR< (T , xi , yi , � ) to locate

the next point (xi+1, yi+1) in RHull until yi+1 � y0. The last point is discarded. LHull(x0, y0)

is computed analogously. Since the cost of each FINDR or FINDL is O(logB N ), the total cost of

computing Hull(x0, y0) is O(k logB N ), where k is the number of points in the Hull. All index

nodes visited in the process belong to the minimum spanning tree containing all points in Hull; we

can further ensure that we never visit the same node more than once (details omitted), although this

optimization does not change the asymptotic complexity.

Recall from Section 5.2.4 that S-CN reformulates a difficult update using EMar for each point

in Hull. While we could compute each EMar individually with a procedure similar to Mar computa-

tion, it is much more efficient to use the already computed Hull. The key (illustrated in Figure 5.2)

is that for Peak, EMar begins at the rightmost point in LHull and ends at the leftmost point in RHull;

for each point (xi , yi ) in LHull, EMar(xi , yi ) begins at its left neighbor in LHull, and ends at the

first point (x�, y�) in RHull with y� < yi ;
1 for each point (xi , yi ) in RHull, EMar(xi , yi ) begins at

1Note that EMar differs from Mar when multiple points can share the same Y -coordinate (as mentioned in

Section 5.2.4). Mar(x, y) extends to the first point whose Y is less thanor equalto y, because for a good

update, we do not want to notify a subscription whose minimum is already y. In contrast, EMar(xi, yi) in

this case extends to the first point with Y strictly lessthan yi. The reason is that for a difficult update, we
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the last point (x�, y�) in LHull with y� � yi, and ends at (xi , yi )’s right neighbor in RHull.2 We

exploit the fact that LHull and RHull computation naturally produces points in sorted order. Using

a merge-like procedure on LHull and RHull, we can compute EMar for all points in Hull in time

O(k), where k is the number of points in Hull, which is also the number of reformulated messages

sent out by S-CN for the difficult update.

Handling Insertion, Deletion, and Other Updates

So far, for simplicity of presentation, we have only discussed updates of the aggregate attribute. We

now briefly present how to support other types of modifications. For insertion and deletion, all our

results continue to hold if we view an insertion as an update ∆(t : x, � � yn), and a deletion

as ∆(t : x, yo � � ). These tuples involving � are of course never stored explicitly; we simply

assume their existence for convenience. Updates that change neither X nor Y are ignored. For a

complex update ∆(t : xo � xn , yo � yn) that change both X and Y , we could treat it as a deletion

of (xo, yo) followed by an insertion of (xn , yn). With this simple method, however, it is possible for

a subscription to receive two notification messages (one due to deletion and one due to insertion).

We have developed techniques to ensure that each subscription gets at most one notification for

each publish message, by efficiently consolidating the effects of a complex update. We omit details

here due to space constraints. This approach has complexity O(k logB N), where k is the minimum

number of unique notification massages required for a complex update.

want to send out as few messages as possible to cover all exposed minima; therefore, we want each EMar

to cover as much of the exposed range as possible.

2Note the slight asymmetry in defining EMar for LHull and RHullpoints (y� < yi vs. y� � yi ). In the special

case where a point in LHull has the same Y -coordinate as a point in RHull, we need this asymmetry to

ensure the property that every subscription affected by a difficult update receives exactly one notification

message (i.e., no redundant or missing notifications).
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5.3.2 Server-SideProcessing in S-UN

We brie”y discusshow to usetheA2B-treeand conceptsof Mar andHull to computeunicastand

multicastnoti“ cationmessagesef“ ciently for S-UN. Givenanupdate,a naive methodis to exam-

ine every subscriptionin turn and computehow theupdateaffectsit; theA2B-treecanbeusedto

recomputein O(logB N ) time thenew minimum in any rangewhen theold minimum is lowered

or deleted.This methodtakesO(M logB N ) time,whereM is thenumberof subscriptions;it does

notscaleto a largenumberof subscriptions.Wecandomuchbetterby leveragingthetechniquesin

Section5.3.1 for S-CN. Usingthesamealgorithmsandan A2B-treefor thedatabasetable,wecom-

putereformulatedmessagesfor eachincoming updateasin S-CN. Insteadof disseminating these

messages,however, we treateachmessageas a queryidentifying thesetof affectedsubscriptions.

Asin Figure5.3, weview therange-min subscriptionsaspointsin a2-d space,andstorethemusing

a 2-d index structurethatsupportsrectangularqueries.An external-memory kd-tree,for example,

would supportsuchaqueryin O(
�

M/B + J/B ) time,whereJ is thenumberof subscriptionsin

thequeryrectangle.S-UN generatesoneunicastmessagefor eachsuchsubscription.Overall, for

anupdatewith k reformulatedmessagesin S-CN affectinga total of A outof M subscriptions,the

server-sideprocessingcostsincurredby S-UN is O(k logB N + k
�

M/B + A/B ), comparedwith

O(k logB N ) for S-CN.

5.4 Other Subscription Types

In this section,we brie”y discusshow to handleothersubscriptionswith S-CN, usingour general

message/subscriptionreformulation mechanism. Range-max subscriptionscanbe handledby the

same techniquesas range-min. Range-count/sum/averagesubscriptionsareeasierto handle: We

simply reformulate them into rangesubscriptionswithout aggregation; publish messagesdo not

needto be reformulated(thoughobviously irrelevant updatescanbe ignored,e.g., thoseupdating

neitherrangenor aggregationattributes).Unlike range-min/max, relaxingtheserange-aggregation

subscriptionswould not result in excessive traf“ c, becauserelevant updatesthat fall within a sub-

scriptionrangegenerallydo affect thesubscription.
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A range-DISTINCT subscriptiontracksthe setof distinct valuesof an attribute Y for tuples

whoserangeattribute X fall within some range. Simply relaxing this subscriptioninto a range

subscriptionmay generatea lot of unnecessarytraf“ c if therearemany duplicates. In this case,

we canextend the conceptof Mar asfollows: Mar of an insertion(or deletion)is the maximum

X rangethatcontainsthe insertion(or deletion)point andno other tupleswith thesame Y value,

asshown in left part of of Figure 5.5. An insertion(or deletion)is reformulatedinto a message

containingX andY valuesandthe Mar, if it is not empty. A range-DISTINCT subscriptionis

reformulatedinto a statelessselectionsubscriptionthat checksif the subscriptionrangecontains

theX value and is alsocontainedby theMar.

Select-join subscriptionsare also stateful. Given a publish messagethat applies an update

� R to tableR, its effect on subscriptionσp(σpR R �� σpS S) is σp(σpR { � R} �� σpS S), which

requiresaccessingstate(contentof tableS) not in theoriginal updatemessage.Following themes-

sage/subscriptionreformulation approach,a server maintainingthedatabasestatecanreformulate

each� R into aseriesof noti“ cationmessages,eachcontainingaresulttuplein { � R} �� S. Mean-

while, theselect-joinsubscriptionσp(σpR R �� σpS S) is reformulatedinto a statelesssubscription

thatchecksconditionp � pR � pS over reformulatedmessages.

Last but not least, we have extendedour techniquesfor 1-d rangeaggregation/DISTINCT

subscriptionsto the2-d case,whereeachsubscriptioncanspecifyorthogonalrangeconditionsfor

two attributes. The shadedareain right part of Figure5.5 is anexample of MAR2d for a tuple r.

Thecontourof shadedareais determinedby asetof tuplesin 2d rangeselectionspaceX1,X2 such

that for eachof themr′, r′.y � r < y andtheredoesnot exist a tupler′′ in theshadedareasuch

thatr′′.y � r.y. It isnothardto prove thatasubscriptionwill beaffectedby updateof r if andonly

if it is stabbedby r andits orthogonalrangeselectioncondition is fully containedwithin MAR2d.

We leave for thefuturework thedatastructureand algorithms computing MAR2d andhull in two

dimensionwhich bothcanbecomputedsimilarly to onedimension.
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Figure 5.5: Generalized MAR.

5.5 Evaluation

5.5.1 Experimental Setup

On the server side, we implemented the algorithms computing Mar and Hull, and the processing

techniques introduced in Section 5.3. The server module supports well-defined network interfaces

to a regular unicast network (for S-UN) and a content-based network (for S-CN). On the network

side, we use a network simulator for a large-scale publish/subscribe system; for details about the

simulator and our implementation of the content-based network, see [CXY06].

We perform detailed link-level simulation of a 20, 000-node INET [CGJ+02] topology. Of

these, 1000nodes are chosen as the end nodes participating in an overlay network of brokers re-

sponsible for directly handling user subscriptions. Events are generated by publishers assumed to

be randomly scattered throughout the network.

We assume that publishers are distributed throughout the network. We do not model the mes-

sage hop from the publisher to the server/event point, because this cost would be incurred in all

systems. Similarly, subscriptions could be distributed throughout the network, but each subscrip-

tion chooses a broker in the overlay network as its gateway to the system. Details on how to choose

a gateway in our experiments can be found in [CXY06]. We assume that subscriptions reside at the

gateway and do not model the propagation of messages from the gateway to the end subscriber.
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5.5.2 Evaluation Metrics and Workloads

Weusebothserver- andnetwork-sidemetricsfor evaluation.On theserver-side,we trackprocess-

ing time,which ismeasuredas theperiodbetweenthetimeat whichanupdatearrives at theserver

andthetime at which theserver completesgenerationof all outgoingmessagesfor dissemination.

On thenetwork-side,we track two metricsfor eachevent. 1) Network traf“ c: We de“nenetwork

traf“ c as the total number of bytesthat needto be transferredbetweenoverlay nodesduring dis-

semination. 2) Maximum nodestress: We de“ne nodestressasthe number of overlay messages

originating from a node. The maximum nodestressfor a given event is the highestnodestress

amongall nodeswhile processingthatevent.

We evaluatethe techniquesusing both real and synthetic updateworkloads,in combination

with syntheticsubscriptionworkloads. The useof synthetic workloadshelps us to evaluatethe

approachesundercontrolledconditions,by varyingvariousparametersof interest.

Wemodela large number(100, 000 to 1 million) of subscriptionsin all our experiments.Each

subscriptionrequeststheminimum of oneattribute (PER) over all tuplesfalling in a given interval

of anotherattribute (RISK). To model a hot rangewhich interestsmore subscribers,the position

of the subscriptioninterval is normally distributedaroundcenterof domain of local selectionat-

tribute. The interval lengthalso follows a normal distribution. This subscriptionworkloadis used

in associationwith bothsyntheticandrealupdateworkloads.

Our synthetic updateworkload consistsinitially of a databasethat containsbetween10, 000

and100, 000 tuplesuniformly distributedin thedomain. We generate200, 000 events,eachbeing

anupdateto theoriginal database,andcollect themeasurementsof eachupdate.Our experiments

show that the simulation traceis long enoughto reachstablemeasurements. Parameters of our

syntheticworkloadsare summarized in Table 5.1. We vary one or more of theseparameters to

performexperimentswith varying databasesize,numberof subscriptions,percentageof ignorable

updates,andaveragenumberof subscriptionsaffectedby anupdate.

Besidesinsertionand deletion,updateof anexisting tuple follows a randomwalk model, i.e.,

weupdatea tupleby moving upward(increasing)or downward(decreasing)on its outputattribute

suchasPER. Thestepdependsmerely on its currentvalue and updateof eachtuple is independent
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parameter value

numberof overlay nodes 1000

numberof physicalnodes 20, 000

domain of rangeselectattribute [0, 10, 000]

domainof aggregateattribute [0, 10, 000]

numberof subscriptions 100k − 1M

midpointof selectionrange N (5000, 1500)

lengthof selectionrange N (1000, 1000)

numberof tuplesin initial DB 10k − 100k

numberof simulationevents 200, 000

percentageof spikedevents 0.5%

Table5.1: Summaryof all parametersusedin experiments.

of any othertuples.Underthismodel,theupdatestatisticssuchasprobability of beingan ignorable

update,numberof subscriptionsaffectedby anupdate,etc., canbeproved to converge to stationary

distributions independentof updatetime. This is becauseeachrandomvariable (tuple) in this

modelactually is an irreducible,“ nite, and aperiodicMarkov chain,thusthereexists a stationary

distribution for thevalueof eachtuple. Sinceall tuplesareindependent,theupdatestatisticswill

alsoreachstationarydistributionsindependentof time. In otherwords,it cannothappenthatsome

subscriptionbecomes moreand moredif“ cult to getaffectedwhile othersareeasierto getaffected

over time. Our simulationsequenceis longenoughto ensuresuchconvergence.Detailedproof of

convergenceof our updatemodel is omitted for brevity. To make theworkloadmore realistic,we

also introducea small percentageof spikes to the updates.A spike is an updatewhere the PER

dropsdown suddenly(affecting a large numberof subscriptions)and thenbouncesbackto its old

value. This doesnot affect convergenceas theeffect is only temporary.

We also usea real updateworkload to validate our techniques. The real updateworkload

useseventsbasedon stockdataminedfrom Yahoo!Finance[Fin]. Subscriptionsaresynthetically

159



��

���

����

����

����

����

����

����

����

����

��� ��� ��� ��� ��� �	� �
� ��� ��� ����


��
���

���
���

���
���

���
�

µ
��

��������!"�"#"����$������

�&'*
�&+*

Figure 5.6: Avg. processing time; increasing database size.

generated. More details on the real workload are provided in Section 5.5.3.

5.5.3 Experimentsand Results

This section includes only a subset of experiments from [CXY06]. This subset is intended to

illustrate the efficiency and scalability of server-side support for message and subscription refor-

mulation, which is the main contribution of this chapter. We also present some results showing the

effectiveness of our general approach in reducing the network work cost of notification dissemina-

tion.

Sever-Side Processing Costs for Synthetic Workloads

In the first set of experiments, we compare the techniques in terms of their ability to scale to large

numbers of tuples and subscriptions. On the server side, we compare the average processing time

per update for S-UN and S-CN (recall that CN does not have a central server). All updates are
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non-ignorableandthepercentageof spikesis 0.5%. We“ rst vary thedatabasesizefrom 10, 000to

100, 000 tuples,while keepingthenumberof subscriptionsconstantat 500, 000. Figures5.6 com-

paresprocessingtime per event in microsecondfor S-UN andS-CN on theserver side. Between

the two approaches,S-CN achieves the lowestprocessingtime for all sizesof database,and its

processingtime increasesonly by 20%whenthedatabasesizeincreasesby a factorof 10. Recall

asexplainedin 5.3 thatS-CN cancomputetheoutgoingmessagesin logarithmic time of database

size.The experimentsveri“ esthatS-CN scaleswell over tablesize.S-UN performs worsedueto

the high cost of assembling and disseminating outgoingmessagesfor eachaffectedsubscription.

Its processingcostis around3.5 higherthanthatof S-CN whentablecontains10, 000 tuples,and

its cost is about2.5 higher thanS-CN for a databasewith 100, 000 tuples. The decreasinggap

comesfrom thefactthattheprocessingtimeof S-UN alsobene“ts from alargerdatabasesinceless

subscriptionswill beactuallyaffectedfor largerdatabase.

Besidestheprocessingtime at theserver side, anotherimportantmetric is thenumber of out-

going messagesserver needto inject into the network. We compareaveragenumber of outgoing

messagefor S-CN andS-UN over increasingdatabasesizein Table 5.2. We do not show CN in

this tablebecausethatapproachis serverless,andeacheventpublishedis directly injectedinto the

network. In this table,we canseethatS-CN injectsmuchlessmessagesthanS-UN. On average,

S-CN generates2.1 messagesfor a databasewith 10, 000 tuples. This number slightly increase

to 2.22 when databasesizeincreasesby a factorof 10. On the otherhand,S-UN producesmore

than700messagesfor a databasewith 10, 000 tuples,translatingto a factorof more than300over

S-CN. Whenwe increasedatabasesizeto 100, 000 tuples,althoughS-UN canbene“t from larger

databasesincelesssubscriptionsareactuallyaffected,thenumberof messagesis still much higher

thanthat of S-CN, e.g., 654 messagesin contrastto 2.22 messagesfor a databasewith 100, 000

tuples.

Next, we keepthe databasesizeat 10, 000 tuplesandvary the number of subscriptionsfrom

100, 000to 1 million. Figure5.7 comparestheprocessingtimeof S-CN andS-UN over increasing

number of subscriptions. Processingtime of S-CN is constantand completely independentof

the number of subscriptions,making it scalableover large number of subscriptions. S-CN also
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db size 20K 40K 60K 80K 100K

S-CN 2.10 2.15 2.18 2.20 2.22

Unicast 726 671 678 655 654

Table 5.2: Number of outgoing messages from server, varying database size
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Figure 5.7: Avg. processing time; increasing number of subscriptions.
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# subs. 200K 400K 600K 800K 1M

S-CN 2.08 2.08 2.08 2.08 2.08

Unicast 303 616 909 1218 1441

Table5.3: Numberof outgoingmessagesfrom server, varying num.of subscriptions

achieves a substantiallylower processingcost. S-UN is much worsebecauseit needsto assemble

anoutgoingmessagefor eachaffectedsubscriptions,which makes its processingcostlinearly over

thenumberof subscriptions.Therefore,S-UN is completelyunscalableandhardto deploy for large

systems.

Table 5.3 shows theaveragenumberof outgoingmessagesfor S-CN andS-UN. As expected,

the number of outgoingmessagefor S-CN is constantsinceit is independentof number of sub-

scriptions.Themessagesgeneratedby S-CN is only 2.08 on averagewhich is much lessthanthat

of unicasteventhereare only 200, 000subscriptions.S-UN, however, producesmessageslinearly

increasingover subscriptions,translatedto muchheavier networktraf“ c.

Network Costsfor Synthetic Work loads

Besidestheexperimentson theserver side,wehave alsoconductedextensive experimentsto com-

parethenetworktraf“ c generatedby differentapproachesdiscussedin Section5.2. Weonly sample

two of themhere,in orderillustratethepower of our generalapproachandtheimportanceof con-

sideringserver-sideprocessingin conjunctionof network dissemination. Pleaserefer to [CXY06]

for moreexperimentalresults.

Figure 5.5.3 compares S-UN, CN, and S-CN in terms of theaveragenetworktraf“ c (in bytes)

per event incurred. We demonstratethe effect of increasingthe percentageof ignorableupdates

I . To better control the parameter, we usea subscriptiondistribution wherethe midpoint of the

selectionrangeis taken from a normal distribution N (5000, 10000)andthe lengthis taken from a

normal distribution N (50, 10). Thereareno spikes introduced.As expected,CN is independent

of I sinceit is completely unawareif the updatecanbe an ignorableupdate.As I increases,the
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Figure 5.8: Avg. network traffic, varying the percentage of ignorable updates.

performance of all the approaches except CN improves and, for high values of I , CN becomes the

worst approach. S-UN generally performs poorly, but when there are large number of ignorable

updates, it is able to reduce the number of unicasts needed, eventually beating CN. S-CN performs

the best as the messages encode the affected subscriptions very compactly and, like S-UN, messages

are sent only to subscriptions that actually are affected by the event.

In the next set of experiments, we increase the average number of subscriptions affected by a

non-ignorable update by controlling the percentage of spikes which affect a large number of sub-

scriptions. All updates are non-ignorable. The number of subscriptions is 500, 000and the database

size is 50, 000tuples. Figure 5.9 shows the performance of each of the approaches in terms of aver-

age network traffic (in bytes). From the figure, we see that S-UN worsens in performance linearly

with increase in average number of affected subscriptions. CN is independent of this parameter

and hence shows a flat line. The network traffic generated by S-CN increases very slightly across

the workloads as seen from the figure. This is due to larger average Mar as a result of increasing

percentage of spikes. Nevertheless, S-CN performs close to an order of magnitude better than CN.
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Figure 5.9: Avg. network traffic, varying the number of affected subs.

Experiments on Real Workload

In order to evaluate our techniques on a real trace, we obtained information for 3053 stocks from

Yahoo! Finance [Fin]. We gathered data for earnings per stock (EPS) for each of the stocks. In

addition, computed the average recommendation over the past month (RECO) for each stock. RECO

varies from 1.0 (strong buy) to 5.0 (strong sell). We collected open and close price data over the

course of 60 days, and used EPS to compute PERfor each price. We thus obtained a trace of

events, each being an update of PER with RECO constant. The trace had 338, 415 events. 11.7%

of the events were non-ignorable events. Note that although this trace has only two events per

day, real-time stock prices over the course of the day would follow a similar update trend, with

several thousand updates generated every few seconds. This would need efficient database/network

coordination to scale to large subscription sets.

We generated 500, 000 subscriptions; each subscription requests the minimum PER over a spec-

ified RECO range. This is a meaningful query because stocks with lower PER are intuitively better.
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Figure5.10: Result of realworkload.

Moreover, peoplemaydesirestocksratedat differentrangesof RECO.

Figure5.10 shows theaveragenetworktraf“ c pereventaswe increasethenumberof subscrip-

tions. We seethat S-CN generatesordersof magnitudelesstraf“ c than CN and S-UN. S-UN

doesnot scalewell; its performancedegradelinearly with increasein numberof subscriptions.CN

shows constantbut bad performance.S-CN performs very well and is independentof number of

subscriptions.It generateslessthan100 bytesof network traf“ c per event on the average,with

maximum nodestressnever rising above10.

5.6 Related Work

Recentresearchefforts have beenfocusedon content-basedpublishsubscribesystems which pro-

vide “ ne granularity and ” exibility. A large number of such systems have beenbuilt in recent

years, e.g., SIFT [YGM99] (for text documents), ONYX [DRF04] (for “ ltering and transformation

of XML messages),and the wide-areaevent noti“ cationservice[CRW01]. In all thesesystems,

166



subscriptions are stateless filters defined over individual messages, so they cannot express queries

of interest across different messages or over the event history. Profiles are not powerful enough

to accommodate stateful SQL-style subscription requirements. ONYX supports on-the-fly trans-

formation of an XML message according to a subset of XQuery; but filtering and transformations

are still limited to individual messages. A few continuous query systems also support rich query

languages. Unfortunately, these do not address the problem of efficiently delivering updates over a

network. ONYX has begun addressing this problem; however, the focus of ONYX on supporting

transformation of XML messages is different from our goal of supporting more general stateful

SQL subscriptions that cannot be processed on individual messages.

The idea of group processing has been identified and used in trigger processing and continuous

query processing systems [HCH+ 99a, CDTW00a]. Work on scalable database trigger process-

ing [HCH+ 99a] focuses on exploiting common patterns in triggering conditions (like our notifi-

cation conditions). Work on scalable continuous query processing (e.g., [CDTW00a, MSHR02a])

focuses on exploiting common patterns in continuous queries (like our subscription queries). In par-

ticular, predicate and query indexing techniques have been developed in [HCH+ 99a, CDTW00a,

FJL+ 01] to speed up group processing. The upper hull computed for dissemination is similar to

computing dynamic skyline in [PTFS05]. Their algorithm is based on regular R-tree, which cannot

offer the same guaranteed performance as our A2B-tree.

A server needs to deliver notifications to affected subscribers over a network. The problem of

efficient message delivery has long been tackled in networking and distributed systems research.

The traditional delivery mechanism is based on client polling. The next generation of delivery

mechanism uses real push techniques based on group-based multicast protocols, e.g., IP multicast.

Multicast provides a perfect interface for channel-based subscription services. IP multicast has

also been exploited in building publish/subscribe systems that support more general filter-style

subscriptions [OAA+ 00]. Because of slow adoption of IP multicast, there have been proposals for

supporting application-level multicast using an overlay network (e.g., [CDKR02b]). Oftentimes,

they use an overlay network called distributed hash tables, which provide a convenient hash table

abstraction over the participating overlay nodes. The problems with using multicast in our setting
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arediscussedin detail in [CXY06]. Brie” y, in order to supportarbitrarysubscriptions,we needa

large numberof groups(onefor eachpossiblesubsetof subscribers)but multicastdoesnot scaleto

suchanenormousnumberof groups.

An alternativedisseminationinterfaceis content-basednetworking[CW01a, ASS+ 99, CF03a].

A content-basednetwork can be usedto implement a publish/subscribesystemsupporting“ lter

subscriptions.A numberof suchsystems have beendeveloped(e.g., [GSAA04]). SemCast[PC05]

proposesanumberof techniquesfor ef“ cientdisseminationincludingtheuseof dynamic statistics.

However, subscriptionsin all thesesystems are limited to stateless“ lters. Nevertheless,they can

still beusedby our systemasthemessaginglayerfor delivering noti“ cationsoncethey are com-

puted.Weusemessageandsubscriptionreformulation to enabletraditionalcontent-basednetworks

to handlestatefulqueries.

5.7 Summary

This chapterfocusesonef“ cientserver-sidedatastructuresandalgorithmsnecessaryfor supporting

a new approachto constructinglarge-scalewide-areapublish/subscribesystems. The key idea

behindthis approachis to interfacethe databaseandthe networkcarefully in orderto exploit the

power of networkdisseminationmechanisms suchascontent-basednetworksfor ef“ cientdelivery

of result updatesto continuousqueries. This is accomplished by reformulating eachincoming

messageintoconcisesemanticinformationof affectedsubscriptions.Thisapproachcallsfor server-

sideprocessingalgorithms thatsigni“cantdiffer from traditionalones,which needto enumerateall

affectedsubscriptions.With the datastructuresandalgorithms proposedin this chapter, we not

only improve theserver processingef“ ciency, but also achieve orders-of-magnitudelower network

disseminationcoststhantraditionalapproaches.
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Chapter 6

Conclusionand Futur e Work

TheDigital Agehasbroughttheexplosively increasinginformationover internetand it is appealing

to provide userswith powerful tool to continuouslyandasynchronouslyqueryup-to-date,accu-

rate,and relevant dataout of oceanof information. This dissertationaddressesseveral challenging

problems in building ef“ cient,scalable,continuousqueryprocessingsystems supportingcomplex

queries.

To recap,Chapters2 and3 considerthecontinuousqueryprocessingproblemundertime and

spaceconstraints.Chapter2 investigatestheproblemof how to ef“ ciently andincrementally main-

tain continuousquery resultsover continuousupdatesundera responsetime constraint. It turns

out thatwe cansigni“cantly reducemaintenancecostby takingadvantageof batching.Chapter3

proposesaprincipledapproachto theproblemof joining streamswith limitedcachememory, given

known or observed statisticalpropertiesof inputstreams. Chapters4 and 5 addressthescalability

problemof processinga largenumberof continuousqueries.Chapter4 presentsnovel techniques

for handlinga largenumberof continuousjoinsby trackingthehotspotsin userinterests.Chapter5

proposesdatastructuresandalgorithms for computing semantic descriptionsof queriesaffected

by incoming events,so that we canleverageef“ cient communicationmechanisms to pushresult

updatesto usersover awide-areanetwork.

In developing techniquesfor ef“ cientandscalablecontinuousqueryprocessing,wehavenoted

therecurrenceof two interestingthemes throughoutthis dissertation:

€ Input-sensitive processing.While many problems that arrive in continuousqueryprocess-

ing are dif“ cult in generaland seeminsurmountablein theworstcase,we canstill develop

ef“ cient solutionsin practiceby exploiting thecharacteristicsof inputs.Chapter2 takes ad-

vantageof theasymmetry in componentprocessingcoststo enablebatchincrementalmain-

tenanceof query results. Chapter3 usesstatisticalpropertiesexhibited by input streams
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to cachetuplesfor computing continuousjoins. Chapter4 exploits clusterednessin user

interestsin scalablyprocessinga largenumberof continuousjoins,andit adaptsits process-

ing strategy basedon eachincoming event. Thesetechniquesare crucial in combatingthe

inherentcomplexity of theproblems they address.

• Groupprocessing.Aswehave demonstratedin this dissertation,theonly way to scaleup to

a large number of continuouslyqueriesis to develop ef“ cient groupprocessingtechniques

thatgobeyondsharingidenticalsubqueries.Chapter4 showshow to partitioningcontinuous

queriesfor ef“ cient groupprocessing.Chapter5 shows how to pushthe ideaof grouppro-

cessingin disseminatingqueryresultsover awide-areanetwork,usingserver-sideprocessing

algorithms thatgeneratesemanticdescriptionsof affectedqueries.

Thereis a substantialamount future work alongthe lines of input-sensitive andcollaborative

processingtowardsbuilding ascalablecontinuousqueryprocessingengine.Wehavediscussedpos-

sible futureresearchproblems at theendof eachchapters;here,we outline two generaldirections

of futureresearchthatneededto fully realizethebene“ts of our contributions:

• Compositeinput-sensitive processing.Althoughwehave developedinput-sensitive process-

ing techniquesfor differenttypesof queries,it leavesopenthe questionof how to process

querieswith complicatednestingof operatorsin aninput-sensitive manner. Forexample, for

queriesinvolving aggregationover multi-way select-joins,it becomes lessclearhow to how

to exploit clusterednessin userinterests.Our techniquesprovide necessarybuilding blocks

for more advancedinput-sensitive processingstrategies,but it remainsto be seenhow our

techniquescanbecomposedeffectively for nestedqueries.

• Ef“ cient learningof runtime statistics.The generalspirit of input-sensitive processingis to

pick themostpromisingprocessingstrategy or queryplanat runtime basedon input charac-

teristics.Doing so requiresef“ cientand accurateidenti“cationof runtime statistics.A large

body of previous work in databaseresearchhasbeendevoted to ef“ cient statisticsestima-

tion, andin Chapter4 we show thateven simple techniquessuchas histograms are ableto

help eliminatebad queryplansand yield substantialperformanceimprovement. However,
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it is not enough to apply previous statistics estimation techniques directly in many settings,

because we may need to track statistics for fast, infinite streams, and sometimes for queries

in addition to data. Much work is still needed in order to support efficient learning of runtime

statistics in these non-traditional situations.
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Appendix A

Appendix

A.1 Basic Notations

We model each stream as a sequence of tuples generated over time. At every time step, one tuple is

produced by the stream, and the value of its join attribute follows a certain probability distribution.

The table below summarizes the basic notations used in appendix.

notation meaning

R,S, streams

VS(t) random variable of join attribute value of S tuple at time t

fS(x, t) PDF of the random variable VS(t)

PS(x, t) Pr { VS(t) = x}

MS(t) mean of VS(t)

t0 current time

A.2 Proof of Theorem 7

To prove theorem 7, we first introduce the notation of reasonable replacement policy and then we

prove that under any reasonable policy, the join count in the reduced joining problem is always

equal to number of hits in original caching problem.

Definition 9. For any cache state at any time t, if there exists a tuple in cache which will never be

referenced in future, then replacement policy P is reasonable if and only if P either does not evict

any tuple, or evicts a tuple which will never be referenced in future.

Based on above definition, we prove the theorem 7.
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Proof. Suppose at time t , the cache state in caching case for stream is Cc
t and cache state of reduced

joining case is C j
t . It is easy to see that if C j

t = Cc
t for 	 t , then the number of cache hit is equal to

the number of joining counts.

Assume at time 0, both cases share the same initial cache state, that is, Cc
t = C j

t = C0. And

assume at time t , Cc
t = C j

t = Ct . Then at time t + 1 , let the reference tuple from stream R is

r t+1
(v,k(v)). Two cases can take place,

1. If r t+1
(v,k(v)) /� Cc

t , then there does not exist a matching tuple in C j
t either. Thus both suffer

from a miss, leading to no cache hit and join count produced. For the caching case, a corre-

sponding tuple is fetched from the next level of memory, and from transition procedure the

fetched tuple is the same as the arriving S tuple s(v,k(v)+1) in the reduced joining case. Since

both cache share the same replacement policy, obviously,

Cc
t+1 = C j

t+1

2. If r t+1
(v,k(v)) � Ct , then both cases benefit from a cache hit and a join result tuple respectively.

It is easy to see for the caching case, Cc
t+1 = Cc

t = Ct . From the transition procedure,

in joining case, the new arrived S tuple is s(v,k(v)+1). Since for the joining case every S

tuple is referenced once at most, cached tuple s(v,k(v)) will never be used after time t . From

definition 9 it is not hard to see that under any reasonable replacement policy P , s(v,k(v)) is

the only tuple that will be never referenced in future because at any time, at most one S tuple

in cache is expired due to the join hit. Then P must replace cached tuple s(v,k(v)) with the

s(v,k(v)+1) and thus the new cache state is,

C j
t+1 = C j

t Š { s(v,k(v))} + { s(v,k(v)+1)}

Recall that from section 3.2 tuple s(v,k(v)) and s(v,k(v)+1) are identical tuples except the

different labels, thus,

C j
t+1 = C j

t Š { s(v,k(v))} + { s(v,k(v)+1)} = C j
t = Ct = Cc

t = Cc
t+1

Thus, given Cc
t = C j

t at time t , the caching and reduced joining share the same cache state

at time t + 1 ,

Cc
t+1 = C j

t+1
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Therefore, by induction Cc
t = Cj

t , 	 t � Z+ and the number of cache hits and then number of join

results are equivalent.

H(C0, R, P ) = J(C0, R, S, P )

A.3 Proof of Theorem 8

In A.3.1, we prove some lemmas and then in A.3.2 we prove theorem 8 based on the lemmas in

A.3.1.

A.3.1 Lemmas

Lemma 15. Supposec(i, j) is thecostof thehorizontalarc e(i, j) in the”ow graphG, and ti, tj

are time stamps with nodei and j, and supposethe bene“t at time tj by following arc e(i, j) is

B(tj), then E(B(tj)) = Šc(i, j).

Proof. Without generality we assume tuple(s) associated with node i is(are) from stream R. Since

e(i, j) is a horizontal arc, tj = ti + 1. Thus, if i is a determined node associated tuple value x

E(B(tj)) = E(B(ti + 1)) = Pr { VS(ti+1 ) = x} = PS(x, ti + 1) = PS(x, tj) = Šc(i, j)

Otherwise, if i is a non-determined node represented by random variable X, then E(B(tj)) =

E(B(ti + 1)) = EX(Pr { VS(ti + 1) = X} ). Assume tk is the arrival time of X, it is easy to see

that Pr { X = x} = Pr { VR(tk) = x} , therefore,

E(B(tj)) = EX (Pr { VS(ti + 1) = X} )

=
�

Pr { X = x} × Pr { VS(ti + 1) = x}

=
�

Pr { VR(tk) = x} × Pr { VR(ti + 1) = x}

=
�

PR(x, tk) × PS(x, ti + 1)

=
�

PR(x, tk) × PS(x, tj)

= Šc(i, j)

186



Lemma 16. If thek ”ow paths{ p1, p2, . . . , pk} are thesolutionof themin-costmax ”ow problem

over graphG, theneach pathpi containsnopartial ”ow.

Proof. If we add an extra arc e(sink, sour ce) with capacity k and cost 0, min-cost max flow

problem over graph G becomes a min-cost circulation. Simply assign each arc with demand 0,

from the Corollary 12.2a in page 181of [Sch03], each path pi is integral.

Lemma 17. If thek ”ow paths{ p1, p2, . . . , pk} are thesolutionof themin-costmax ”ow problem

over graphG, thenanytwo pathspi andpjof solutiondo not share anyarc with each other.

Proof. Each arc in flow graph G has capacity 1 and by Lemma 16, each path pi is integral thus one

arc is dedicated one path at most. Thus no two paths can share one arc.

A.3.2 Theorem 8

Proof. Assume { p1, p2, . . . , pk} is k integral flow paths from source to sink in flow graph G. And

path pi is { se, ai1, ai2, . . . , ain, sk} where aij is the j th node along path pi except the source seand

sink sk. Let p�
i = { hi(t0, t0 +1), hi(t0 +1 , t0 +2), . . . , hi(t0 + l Š 1, t0 + l)} a set of all horizontal

arcs in path pi in which hi(j, j + 1 ) is the horizontal arc between time j and j + 1 which represents

keeping the corresponding tuple from time j to j +1 . It is easy to see that hi(t0, t0+1) = { ai1, ai2}

and hi(t0 + l Š 1, t0 + l) = { ai(nŠ 1), ain} . Let ci(j, j + 1 ) the cost associated with arc hi(j, j + 1 ).

Since all non-horizontal arc of pi has associated cost 0, thus the cost C(i )along path pi is simply the

summarized cost along all its horizontal arcs, C(i ) =
� t0+lŠ 1

j=t0
ci(j, j +1 ). That is, the summarized

cost along the k paths is

k�

i=1

C(i ) =
k�

i=1

t0+lŠ 1�

j=t0

ci(j, j + 1 )

Assume B (t) the benefit obtained at time t by caching k tuples. Obviously the expected total benefit

by keeping k tuples from time t0 to t0+ l is the summary of the expected benefits during that period,

that is,

E(
t0+l�

t=t0+1

B (t)) =
t0+l�

t=t0+1

E(B (t))
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Since we keep k tuplesin cacheall the time, the bene“t B(t) =
∑k

i =1 Bi (t) where Bi (t) is the

bene“t by keepingtuplei from t Š 1 to t. Therefore,thetotal expectedbene“t is

E(

t0+ l
∑

t= t0+1

B(t)) =

t0+ l
∑

t= t0 +1

E(B(t))

=

t0+ l
∑

t= t0+1

E(
k

∑

i =1

Bi (t)) =

t0+ l
∑

t= t0 +1

k
∑

i =1

E(Bi (t))

By Lemma15,weknow E(Bi (t)) = Šci (t Š 1, t), thus

E(

t0 + l
∑

t= t0+1

B(t)) =

t0+ l
∑

t= t0+1

k
∑

i =1

E(Bi (t))

=

t0 + l
∑

t= t0+1

k
∑

i =1

Šci (t Š 1, t) = Š
k

∑

i =1

t0+ l
∑

t= t0+1

ci (t Š 1, t)

= Š
k

∑

i =1

t0+ l−1
∑

j = t0

ci (j, j + 1) = Š
k

∑

i =1

C(i)

Therefore,thenegatedexpectedtotal bene“t by keepingk tuplesfrom time t0 to t0 + l is thecost

along all of the k pathsin ” ow graphG, which is the cost of a feasibleintegral ” ow of sizek

throughG.

By Lemma 16, 17 we know each” ow pathpi in thesolution is integral and disjointed,which

doesnot shareany arc. And from Theorem8, the solution of min-cost ” ow problemyields the

maximizedexpectedtotal bene“t, which leadsto following Corollary.

Corollary 7. Supposethe k paths{ p1, p2, . . . , pk} are the optimal solution of the min-costmax

”ow problemovergraph”ow graphG, andpathpi = { se, ai 1, ai 2, . . . , ain , sk} for i = 1, 2, . . . , k.

thenkeepingthe tuple set{ ai 1} , i = 1, 2, . . . , k yields the maximizedexpectedtotal bene“t from

time t0 to t0 + l.

We make the correctnessproof of model in the scenarioof one binary join query over two

probabilisticstreams. However, we canextendtheproof to thegeneralscenarioin which multiple

binary join queriesover multiple probabilistic streams. The only differencein the proof lies in

computationof expectedbene“t of thehorizontalarc. In singlebinary join case,this bene“t only

dependson its partnerstreamwhile in thecaseof multiple binary joins, this expectedbene“t is a
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summary of eachexpectedbene“t of thebinary join with oneparterstream. Weomit theproof due

to spacelimitation.

A.4 Complexity of FLOWEXPECT

At time t0, therek + 2 nodes,andat eachtimepoint afterwards,thetwo incoming tuplesfrom two

streams will addtwo nodesfor replacement tuplesandoneconnectingnode.All nodesin the last

timepoint t0 Š 1 arekeptto t0. Thusthetotalnumberof nodesin graphincludingsource andsink

is

2 +
l�

i=0

(k + 2 + 3 i)

= 2 + l(k + 2) +
3
2
l(l + 1)

=
3
2
l2 + l(k +

7
2

) + 2

= O((k + l)l)

At time ti = t0 + i, i = 1 , 2, . . . , l, all nodeswith time stamp ti have k + 2 + 2 (i Š 1) incoming

arcs,andtherearek + 2 + 2 i + 2 non-horizontalarcswithin thesenodesat time ti , and thereare

k + 2 outgoingarcof source andk + 2 + 2 l incoming arcsof sink, thusthetotal numberof arcsis

l�

i=1

[k + 2 + 2 (i Š 1) + (k + 2 + 2(i Š 1) + 2 )] + ( k + 2) + ( k + 2 + 2 l)

= 2 l2 + 2(2k + 4)l + 2k + 4

= O(l2 + kl + k)

= O((k + l)l)

Thereforethethecomplexity boundof algorithmin Goldberg[Gol97] is translatedinto

O(n2m logn) = O((k + l)3l3 log((k + l)l))
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A.5 Proof of Lemma 9

Proof. Assume tuplex is from streamS andlet bx (t) bethenumberof resulttuplesgeneratedby

joining x with tuplesfrom its partnerstreamR at time t > t0. At any time t, if x matchesthe

incoming S tuple,thenonejoin resultresultis generated,otherwiseno resulttuple is generatedby

joining x with theincoming tuple.Thus,

Bx (� t) =
t0+∆t
∑

t=t0+1

E(bx (t))

=
t0+∆t
∑

t=t0+1

{

1 × Pr{ X R
t = vx |x̄ t0 } + 0 × (1 Š Pr{ X R

t = vx |x̄ t0 } )
}

=
t0+∆t
∑

t=t0+1

Pr{ X R
t = vx |x̄ t0}

A.6 Proof of Corollary 1

Proof. Similarly asabove, letbx (t) bethenumberof resulttuplesgeneratedby joiningx with tuples

from its partnerstreamR at time t > t 0. And tuplex is from transformed stream S. From section

3.2 eachtransformed stream S tuplecanonly join with onereferencestreamR tuple,equivalently

speaking,if tuple x joins with R tuple at t, x is unableto join with any R tuple from t0 up to t

which indicatesthereis no referenceR tuplearrived at t0 throught Š 1. Thus,

E(bx (t)) = Pr{ x is referencedat t}

=







Pr{ X R
t = x|x̄ t0} , t = t0 + 1 ;

Pr{{
⋂t−1

t=t0+1 X R
t 
= vx } � X R

t = x|x̄ t0 } , t > t0 + 1 .
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Therefore,

Bx (� t) =
t0 +� t
∑

t= t0+1

E(bx (t))

= Pr{XR
t0 +1 = x|x̄t0} +

t0+� t
∑

t= t0 +2

{

Pr{{
t−1
⋂

t= t0 +1

XR
t 
= vx} ∩XR

t = x|x̄t0}

}

= Pr{x is referenced during [t0 + 1 , t + � t] }

= 1 −Pr{x is not referenced during [t0 + 1 , t + � t] }

= 1 −Pr{
t0+� t
⋂

t= t0+1

XR
t 
= vx | x̄t0}

Obviously any tuple y in reference stream will never be used in future, thus,

By(� t) = 0

A.7 Proof of Theorem 9

A.7.1 Proof of (1)

Proof. Assume there does not exist any optimal algorithm that keeps x or discards y at the current

time t0, that is, all optimal algorithms discard x and keep y at t0. Suppose A is an optimal algorithm,

then at t0, A discards x and keeps y up to time t′ > t0, when y is replaced by A. Suppose a non-

optimal algorithm A′ which merely differs from A by replacing y instead of x at t0 and keeping x

up to time t′, when x is replaced by A′ as A does. Otherwise, A′ makes the exactly same decision

as A. Obviously, the expected expected benefit produced by A′ will never be less than A since Bx

dominates By for all the time. Thus A′ is also optimal since A is optimal. This is contradicted with

the assumption A′ is non-optimal. Therefore, there exists an an optimal algorithm that keeps x or

discards y.
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A.7.2 Proof of (2)

Proof. Supposean algorithm A that discardsx at t0 but keepsy from t0 to some t ′ > t 0. We

constructanotheralgorithm A ′ that discardsy at t0 and keepsx from t0 to t ′; other than this

difference,A ′ makes the exact same cachereplacement decisionsasA. It is easyto seethat the

expectedbene“ts generatedby A andA ′ differ by exactly By(t ′ Š t0) Š Bx(t ′ Š t0). Since Bx

strongly dominatesBy, the expectedbene“t of A ′ is greaterthan A. So A cannotbe optimal.

Therefore,all optimal algorithms must keepx or discardy at time t0

A.8 Proof of Corollary 2

Proof. Assumetheredoesnotexist an optimal algorithmthatdiscardsC ′. SupposeA is anoptimal

algorithm, and thus � x � C ′ and � y /� C ′ suchthat A keepsx up to t ′ while discardingy at

currenttime t0. Constructanotheralgorithm A ′ which merelydiffers from A by keepingy up to t ′

anddiscardingx at t0, and A ′ behaves exactly thesame as A otherwise. SinceBy dominatesBx,

expectedbene“t generatedby A ′ will never be lessthanA. In consequence,A ′ is alsooptimal since

A is optimal. And A ′ discardsC ′, which is contradictedwith theassumption of theeis no optimal

algorithmthatdiscardsC ′. Therefore,thereexistsanoptimal algorithmthatdiscardsC ′.

A.9 Proof of Property 3 in ChoosingL x

Proof. It is easyto seethatPr { X R
t0+∆t = vx | x̄t0 } � 1, thus

Hx =
∞
∑

∆t=1

(Pr { X R
t0+∆t = vx | x̄t0 } · Lx(� t)) �

∞
∑

∆t=1

Lx(� t)

Sincetheseries
∑∞

∆t=1 Lx(� t) converges,Hx �
∑∞

∆t=1 Lx(� t) alsoconverges.
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A.10 Proof of Theorem 10

Proof. Since Hx = lim∆t	� Gx(∆t) where,

Gx(∆t) = Bx(1)Lx(1) +

∆t�

t=2

((Bx(t) Š Bx(t Š 1))Lx(t))

=
∆tŠ 1�

t=1

Bx(t)(Lx(t) Š Lx(t + 1)) + Bx(∆t)Lx(∆t)

From property1 and 2, Lx(t) � 0 andLx(t) Š Lx(t + 1) � 0, and sinceBx dominatesBy,

Gx(∆t) =
∆tŠ 1�

t=1

Bx(t)(Lx(t) Š Lx(t + 1)) + Bx(∆t)Lx(∆t)

�
∆tŠ 1�

t=1

By(t)(Lx(t) Š Lx(t + 1)) + By(∆t)Lx(∆t)

= By(1)Lx(1) +

∆t�

t=2

((By(t) Š By(t Š 1))Lx(t))

From property4, Lx(∆t) � L y(∆t), thus,

Gx(∆t) = By(1)Lx(1) +

∆t�

t=2

((By(t) Š By(t Š 1))Lx(t))

� By(1)L y(1) +
∆t�

t=2

((By(t) Š By(t Š 1))L y(t))

= Gy(∆t)

From property3 and proof A.9, Hx andHy converge. Therefore,

Hx = lim
∆t	�

Gx(∆t) � lim
∆t	�

Gy(∆t) = Hy

It is easyto seethatif Bx stronglydominatesBy, strict inequalityholds,

Hx > H y

.

193



A.11 Proof of Corollary 3

Proof. Since L x = L exp(� t) = eŠ ∆t/� , � > 0, and the streams are governed by independent

stochasticprocesses,thenfor joining problem,

H exp
x,t 0

=
�
∑

∆t=1

(Pr { X R
t0+∆t = vx } · L x (� t)) =

�
∑

∆t=1

(Pr { X R
t0+∆t = vx } · eŠ ∆t/� )

Similarly,

H exp
x,t 0Š 1 =

�
∑

∆t=1

(Pr { X R
t0Š 1+∆t = vx } · L x (� t)) =

�
∑

∆t=1

(Pr { X R
t0Š 1+∆t = vx } · eŠ ∆t/� )

= eŠ 1/�
�
∑

∆t=1

(Pr { X R
t0+∆tŠ 1 = vx } · eŠ (∆tŠ 1)/� )

= eŠ 1/�
{ �

∑

∆t=2

(Pr { X R
t0+∆tŠ 1 = vx } · eŠ (∆tŠ 1)/� ) + Pr { X R

t0 = vx }
}

Let � t � = � t Š 1, then

H exp
x,t 0Š 1 = eŠ 1/�

{ �
∑

∆t � =1

(Pr { X R
t0+∆t � = vx } · eŠ ∆t � /� ) + Pr { X R

t0 = vx }
}

= eŠ 1/�
{

H exp
x,t 0

+ Pr { X R
t0 = vx }

}

Therefore,

H exp
x,t 0

= e1/� H exp
x,t 0Š 1 Š Pr { X R

t0 = vx } .

A.12 Proof of Corollary 4

Proof. Since L x = L exp(� t) = eŠ ∆t/� , � > 0, and the streams are governed by independent

stochasticprocesses,thenfor cachingproblem,

H exp
x,t 0

=
�

∑

∆t=1

(Pr { (X R
t0+∆t = vx ) � (

⋂

t0<t <t 0+∆t

X R
t 
= vx ) | x̄ t0} · L x (� t))

=
�

∑

∆t=1

{

Pr { X R
t0+∆t = vx }

∆tŠ 1
∏

t � =1

(1 Š Pr { X R
t0+t � = vx } ) · eŠ ∆t/�

}
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Similarly,

H exp
x,t 0Š 1 =

�
∑

∆t=1

{

Pr { X R
t0Š 1+∆t = vx }

∆tŠ 1
∏

t � =1

(1 Š Pr { X R
t0Š 1+t � = vx } ) · eŠ ∆t/�

}

= eŠ 1/�
�
∑

∆t=1

{

Pr { X R
t0 Š 1+∆t = vx }

∆tŠ 1
∏

t � =1

(1 Š Pr { X R
t0 Š 1+t � = vx } ) · eŠ (∆tŠ 1)/�

}

= eŠ 1/�

{

Pr { X R
t0

= vx } +
�
∑

∆t=2

{

Pr { X R
t0 Š 1+∆t = vx }

∆tŠ 1
∏

t � =1

(1 Š Pr { X R
t0 Š 1+t � = vx } )

·eŠ (∆tŠ 1)/�
}

}

Let ∆t � = ∆t Š 1, then

H exp
x,t 0Š 1 = eŠ 1/�

{

Pr { X R
t0

= vx } +
�
∑

∆t � =1

{

Pr { (X R
t0+∆t � = vx )}

∆t �
∏

t � =1

(1 Š Pr { (X R
t0 Š 1+t � = vx )) · eŠ (∆t � )/� )

}

}

= eŠ 1/�

{

Pr { X R
t0

= vx } +
�
∑

∆t � =1

{

Pr { X R
t0+∆t � = vx }

∆t � Š 1
∏

t �� =0

(1 Š Pr { X R
t0+t �� = vx } ) · eŠ ∆t � /�

}

}

�

e1/� H exp
x,t 0Š 1 Š Pr { X R

t0
= vx } =

�
∑

∆t � =1

{

Pr { X R
t0+∆t � = vx }

∆t � Š 1
∏

t �� =0

(1 Š Pr { X R
t0+t �� = vx } ) · eŠ ∆t � /�

}

= (1 Š Pr { X R
t0

= vx } )

�
∑

∆t � =1

{

Pr { X R
t0+∆t � = vx }

∆t � Š 1
∏

t �� =1

(1 Š Pr { X R
t0+t �� = vx } ) · eŠ ∆t � /�

}

= (1 Š Pr { X R
t0

= vx } )H exp
x,t 0

Therefore,

H exp
x,t 0

=
e1/� H exp

x,t 0Š 1 Š Pr { X R
t0

= vx }

1 Š Pr { X R
t0

= vx }
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A.13 Proof of Corollary 5

Proof. Since X R
t = at + b+ Y R

t andY R
t •sareiid andhave zeromean,

Pr{X R
t = v} = Pr{Y R

t = v − (at + b)} = Pr{Y R
t = v + (t � − t)a− (at � + b)}

= Pr{Y R
t� = v + (t � − t)a− (at � + b)}

= Pr{X R
t� = v + (t � − t)a}

= Pr{X R
t+( t� Š t) = v + (t � − t)a}

where v� = v + (t � − t)a. Thusfor joining problem,

Bv,t(∆t) =

t+� t�

k= t+1

Pr{X R
k = v}

=
t+� t�

k= t+1

Pr{X R
k+( t� Š t) = v + a(t � − t)}

=

t� +� t�

q= t� +1

Pr{X R
q = v + a(t � − t)}

= Bv+ a(t� Š t),t� (∆t)

Similarly, for cachingproblem,

Bv,t(∆t) = 1−
t+� tŠ 1�

q= t+1

(1−Pr{X R
q = v})

= 1−
t+� tŠ 1�

q= t+1

(1−Pr{X R
q+( t� Š t) = v + a(t � − t)})

= 1−
t� +� tŠ 1�

r= t� +1

(1−Pr{X R
r = v + a(t � − t)})

= Bv+ a(t� Š t),t� (∆t)
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A.14 Proof of Theorem 11

A.14.1 Proof of (1)

Proof.

X R
t0+∆t

= � 0 + � 1X R
t0+∆t−1 + Y R

t0+∆t

= · · ·

= x t0 � ∆t
1 + � 0

∆t−1�

i=0

� i
1 +

∆t�

i=1

� ∆t−i
1 Y R

t0+i .

Therefore,

Pr { X R
t0+∆t = vx | x̄ t0 }

= Pr {
∆t�

i=1

� ∆t−i
1 Y R

t0+i = vx Š x t0 � ∆t
1 Š � 0

∆t−1�

i=0

� i
1 | x̄ t0 }

= Pr {
∆t�

i=1

� ∆t−i
1 Y R

i = vx Š x t0 � ∆t
1 Š � 0

∆t−1�

i=0

� i
1} .

The laststepis due to the fact that Y R
t •s are i.i.d. Clearly, the above probability is independent

of t0 andpasthistory, andthuscanbeexpressedby a functiony(∆t, vx , x t0 ). If L x (∆t) is alsoa

time-independentfunctionL (∆t, vx , x t0 ), then:

H x =

∞�

∆t=1

(Pr { X R
t0+∆t = vx | x̄ t0 } · L x (∆t))

=
∞�

∆t=1

(y(∆t, vx , x t0 ) · L (∆t, vx , x t0 )).

The resultis simply a functionof vx andx t0 because∆t disappearsafter thesummation.
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A.14.2 Proof of (2)

Proof. If � 1 = 1, startingwith thederivationof Pr{X R
t0 +� t = vx | x̄t0} above, wehave:

Pr{X R
t0 +� t = vx | x̄t0}

= Pr{
� t�

i=1

� � tŠ i
1 Y R

i = vx − xt0 � � t
1 − � 0

� tŠ 1�

i=0

� i
1}

= Pr{
� t�

i=1

Y R
i = vx − xt0 −∆t� 0}

Clearly, theabove probability canbeexpressedby a functiony(∆t, vx − xt0 ). If Lx(∆t) is alsoa

time-independentfunctionL (∆t, vx − xt0 ), then:

Hx =

��

� t=1

(y(∆t, vx − xt0 ) · L (∆t, vx − xt0 )),

which issimply a functionof vx − xt0 .

A.15 ECB of Joining Tuples in 3.5.3

• Category R1: x is from R andvx ∈ (−∞, t0 − wS ].

Bx(∆t) = 0

.

• Category R2: x is from R andvx ∈ (t0 − wS , t0 + wR].

Bx(∆t) =

�
�

�

� t
2wS +1 , when ∆t ∈ [1, vx − (t0 −wS)];

vx Š (t0 Š wS )
2wS +1 , afterwards.

• Category S1: x is from S andvx ∈ (−∞, t0 − wR].

Bx(∆t) = 0

.
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€ Category S2: x is from S andvx � (t0 Š wR, t0 + wR + 1].

Bx(∆t) =

�
�

�

∆t
2wR +1 , when ∆t � [1, vx Š (t0 Š wR)];

vx Š (t0Š wR )
2wR +1 , afterwards.

€ Category S3: x is from S andvx � (t0 + wR + 1, t0 + wS ]. Thus,

Bx(∆t) =

�
�����

�����

0 if ∆t � [1, vx Š (t0 + wR));

1 if ∆t � (vx Š (t0 Š wR), � );

∆tŠ (vx Š (t0+wR ))+1
2wR +1 otherwise.

A.16 DetailedAnalysisof Tuple Dominancein 3.5.4

Theprocedureto deriveEC B for tuplesandconductthedominancetestamongtuplesis similar to

theabove case.Here we constructoneexample of tupledominanceandtheotherof incomparable

tuplesfor joining problem. Cachingproblemis similar.

€ In Figure3.1, for any two tuplesx andy from R, Bx stronglydominatesBy if vy lies to the

left of f S(t) andis fartheraway from f S(t) thanvx.

Proof. TheECB for tuplex is

Bx(∆t) =

t0+∆t�

t=t0+1

Pr { X S
t = vx | x̄t0}

Since f S(t) is monotonicallyincreasing(moving rightwardin the“ gure)andvy < v x, if at

time t0 + 1, Pr { X S
t0+1 = vy | x̄t0} < Pr { X S

t0+1 = vx | x̄t0} , thusat any time t � t0 + 1

Pr { X S
t = vy | x̄t0} < Pr { X S

t = vx | x̄t0}

Therefore,

By(∆t) =

t0+∆t�

t=t0+1

Pr { X S
t = vy | x̄t0 } < B x(∆t) =

t0+∆t�

t=t0+1

Pr { X S
t = vx | x̄t0 }
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• For tuple x and z, it is easy to see that in ”recent future”, Pr {X S
t = vz | x̄ t0} > Pr {X S

t =

vx | x̄ t0} since x is closer to f S(t) when they are both on the right side of f S(t). However,

when f S(t) > z , that is, both are on the left side of f S(t), Pr {X S
t = vz | x̄ t0} < Pr {X S

t =

vx | x̄ t0}. Thus there does not exist a consistent dominance relation between x and z for all

t > t 0, in other words, x and z are not comparable.

A.17 Detailed Analysis of Tuple Dominance in 3.5.5

• Non-zero constant drift

Without generality, we assume drift � 0 > 0. It is easy to see that

X R
t = x t0 + � 0(t − t0) +

t�

t � =t0+1

Y R
t �

Assume i.i.d. Y R
t � ∼ N (0, � 2) then

X R
t = x t0 + � 0(t − t0) +

t�

t � =t0+1

Y R
t � ∼ N (x t0 + � 0(t − t0), (t − t0)� 2)

For two S tuples s1 and s2, such that, at time t1, x t0 + � 0(t1 − t0) < s 1 < s 2 however at

time t2 > t 1, s1 < s 2 < x t0 + � 0(t2 − t0), it is easy to see that s1 is closer to the mean at t1

and s2 is closer to the mean at t2, thus at t1

Pr {X R
t1 = vs2

| x̄ t0} < Pr {X R
t1 = vs1

| x̄ t0}

and t2

Pr {X R
t1 = vs2

| x̄ t0} > Pr {X R
t1 = vs1

| x̄ t0}

Therefore, Bs1
(t) dominates Bs2

(t) if t0 < t ≤ t1 but the dominance may break when

t > t 1.

• Zero-drift

From above, if drift � 0 = 0 , then,

X R
t = x t0 +

t�

t � =t0+1

Y R
t � ∼ N (x t0 , (t − t0)� 2)
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Meanof X R
t is x t0 anddoesnot changeover time. Thus,for two tupless1 ands2 suchthat

|s1 − x t0 | ≤ |s2 − x t0 |,

Pr{X R
t = vs1 | x̄ t0} > Pr{X R

t = vs2 | x̄ t0},∀t > t 0

which leadsto Bs1 (t) dominatesBs2 (t) for all t > t 0. Therefore,all candidatetuplescanbe

rankedby their distancefrom thecurrentpositionof therandomwalk.

Note thatabove derivation canbeextendeddirectly to cachingcaseandweomit it for brevity.
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