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Abstract

This paper considers the problem of scalably processingga leumber of continuous queries. We
propose a flexible framework with novel data structures dgardhms for group-processing and index-
ing continuous queries by exploiting potential overlapguery predicates. Our approach partitions the
collection of continuous queries into groups based on tigeting patterns of the query ranges, and then
applies specialized processing strategies to those redustered groups (drotspot$. To maintain the
partition dynamically, we present efficient algorithmsttheintain a nearly optimal partition in nearly
amortized logarithmic time. We show how to use the hotspms$salably process large numbers of con-
tinuous select-join and band-join queries, which are muohenchallenging than simple range selection
queries. Experiments demonstrate that this approach garoua the processing throughput by orders
of magnitude. As another application of hotspots, we show twuse them to build a high-quality
histogram for intervals in linear time.

1 Introduction

Continuous query processing has attracted much interéseidatabase community recently because of a
wide range of traditional and emerging applications, @rggger and production rule processing [23, 12],
data monitoring [4], stream processing [21], and publighgsribe systems [17, 6, 20, 9]. In contrast to
traditional query systems, where each query runs once sigasnapshot of the database, continuous query
systems support standing queries that continuously geneesv results (or changes to results) as new data
continues to arrive in a stream. In this paper we propose alrieghnique for indexing and processing
continuous queries, with the goal of addressing the inargashallenge of scalability in continuous query
processing systems.

Challenge of scalability. Formally, acontinuous querglefined by a relational expressighissued over

a database statd initially returns Q(Dy); then, for each subsequent database update that changes the
database state frof,_; to D;, the query needs to return the changes betwigén;) andQ(D;_,), if any.

How can a continuous query processing system handle thgsisaeven millions of such continuous queries

in a scalable way? For each incoming data tuple, the systedsnt® identify the subset of continuous
gueries whose results are affected by the tuple, and congbateges to these results. If there are many
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continuous queries, a brute-force approach that processdsof 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 oootis query processing is the inter-
changeable roles of queries and data. Continuous querielsecaeated as data, while each data tuple can
be treated as a query requesting the subset of continuouiegjadfected by the tuple. Thus, it is natu-
ral to apply indexing and processing techniques traditipriatended for data to continuous queries. For
example, many index structures have been applied to canithqueries to support efficient identification
of affected queries without scanning through the whole sg}.([12] and others). In particular, consider
range-selection queries of the fo, <4<y, R, Where A is an attribute of relatiom? anda;, b; are query
parameters. These queries can be indexed as a set of iatfvab;|} using, for example, interval tree [7]
or interval skip list [11]. Given an insertion into R, the set of affected queries are exactly those whose
intervals arestabbedby r. A (i.e., containr. A). With an appropriate index, tabbing querywhich returns
the subset of all intervals stabbed by a given point, can bevared in logarithmic time.

However, for complex continuous queries such as continj@as, the problem of scalable processing
becomes a real challenge, because these queries act over tmare data streams instead of a single data
stream. As far as we know, most existing work on indexingti@tal continuous queries has only focused
on simple selection conditions or conjunction of selectonditions, and there has been little work on how
to scalably index complex continuous queries such as jath&h are not only important in their own right
but also essential in building more complex queries.

Opportunity for optimization.  We propose a novel technique for indexing and processingntmus
queries applicable to joins. The main idea is to exploittelusg patterns in the set of continuous queries.
For example, consider continuous queries issued by stadkrts for monitoring the market. Suppose these
gueries include selections that restrict the stocks ofésteto those with price/earning ratio within given
ranges. We expect many of these price/earning ratio rangagetlap significantly (though not necessarily
to be identical), perhaps with a high-density cluster at pmige/earning ratios because traders tend to be
interested in stocks with good value.

Such clustering patterns often arise in the continuousycgedting. Following this observation, suppose
that we cluster the set of continuous queries based on thiastynof their query ranges. Then, like in the
above stock trader example, we may be able to identify a nuoflerge clusters (dnotspot$ containing the
majority of all continuous queries. Let us call the queriehese clustersotspot queriesand the remaining
queriesscattered queriesOur idea is then to index hotspot queries and scatteredegusaparately. The key
is that, because hotspot queries in each cluster sharestgnih their query ranges, they can be indexed in
special ways that support much faster processing. Foresedtgjueries, on the other hand, we may use a
traditional processing method that is less efficient. Thaehis that scatter queries will be the minority, so
overall we gain a significant speedup in processing all cootis queries.

Note that our approach naturally leads to faster procedsingnore clustered query ranges. In the
unlikely worst case, i.e., when most query ranges are seditét gracefully degrades into a traditional
processing method, which is the best we can do because shepeopportunity for clustered processing.

Contributions. To materialize the idea above, we need to address two mdinitat issues: (1) how to
identify hotspot queries and their corresponding clustemsl keep track of these clusters when continuous
gueries are inserted into or deleted from the system; (2) $iovlarity of queries inside a hotspot can be
exploited to index and process them in an efficient mannee firht issue is discussed in Section 2. The
second issue depends on specific applications and isdtadtby three representative examples in Section 3.



In particular, the main contributions of this paper are digvs:

e In Section 2, we introduce the notions sthbbing partitionand stabbing set indexSSI for short)
as a tool to discover and exploit the clustering patternsoafinuous queries. We further introduce
the notion ofhotspotsto identify large clusters from the partition, and preseffitient algorithms
to maintain the hotspots when continuous queries are aahsiaserted into and deleted from the
system.

e In Section 3, we show how similarity in the query ranges witbach hotspot can be exploited for
more efficient processing. We give three representativenphes:

(1) indexing continuous band joins [8] whose join condifiaieck whether the difference between
two join attribute values falls within some range;

(2) indexing continuous equality joins with different Iécange selections; and
(3) building a high-quality histogram for a set of intervaidinear time for selectivity estimation.

e In Section 4, we demonstrate through experiments that onralgorithms and processing frame-
work are very effective and deliver significantly betterfpemance than traditional approaches for
processing a large number of continuous queries.

2 The Hotspot-Tracking Scheme

Consider a sef of continuous queries whose query ranges are defined ovenarial attributeA. Intu-
itively, if many query ranges of contain some value € A, thenz is likely to be a “hotspot” for this set
of continuous queriel.In general there could be several hotspotslatepending on the distribution of the
query ranges.

As continuous queries are inserted or deleted, the hotspaysalso evolve over time. For example,
people tend to pay more attention to high temperatures imsnnbut more to low temperatures when
winter comes. Therefore we need an efficient mechanism fotkaek of the evolution of the hotspots. The
main body of this section is dedicated to this task.

2.1 Stabbing Partition and Stabbing Set Index

We begin by introducing some tools for discovering and eitipig the clustering patterns of a set of inter-
vals.

Definition 1 Let I be a set of intervals. Atabbing partitionof I is a partition of the intervals of into
disjoint groupsly, I», . .., I; such that within each grouf;, a common poinp; stabs all intervals in this
group (in other words, the common intersection of all indéésvin this group is nonempty). We catl
the stabbing numbe(or sizg of this stabbing partition, angd; the stabbing pointof group 7;. The set
P ={p1,--- ,p;}Iis called astabbing sebf I.

An example of the stabbing partition is shown in Figure 1sihot hard to see that an optimal stabbing
partition of a set of intervals that results in the fewest bemof groups (i.e.7 is minimized) can be
computed in a greedy manner, as follows. We scan the inteivahcreasing order of their left endpoints,

This is the one-dimensional case. For multi-dimensionaryuanges, one can project them to each dimension and taik ab
hotspots in each dimension.
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Figure 1: A stabbing partition of 10 intervalg, and/, are0.4-hotspots.

while maintaining a list of intervals we have seen. As soomwasencounter an interval that does not
overlap with the common intersection of the intervals in bsi; we output all intervals in our list as a
group, and choose any point in their common intersectiolmeastabbing point for this group. The process
then continues with the list containing only the newly entteved interval. The cost of this procedure is
dominated by sorting the intervals by their left endpoirif8e refer to the resulting stabbing partition of
I as itscanonical stabbing partition Note that the canonical stabbing partition has the snighessible
stabbing number, which we shall denote7ty). We state the above fact as a lemma for future use.

Lemma 1 Given a set/ of n intervals, the canonical stabbing partition &f whose size is(/), can be
computed by the greedy algorithmdah(n log n) time.

We next briefly introduce the general frameworkstdbbing set indexSSI for short), which is able to
exploit the clustering patterns of continuous queries forarefficient processing. It will later be instantiated
for specific uses in Section 3. Given a set of continuous gag®SI| works by first deriving a sétof
intervals from these queries, one interval for each quergl, @mputing a stabbing partitidhof /. SSI
stores the stabbing points, ..., p, in sorted order in a search tree. Furthermore, for each gfpupJ,

SSI maintains a separate data structure on the set of con8rqueries corresponding to the intervald of
which can be as simple as a sorted list, or as complex as aeeRThus SSI is completely agnostic about
the underlying data structure used, which enables us ty &l to different types of continuous queries.
Intuitively, the fact that intervals within the same group atabbed by a common point enables us to process
the set of queries corresponding to these intervals moesftly by “sharing” work among them.

Note that, as mentioned in the introduction, we actuallyy @agply SSI to the subset of large clusters
(i.e., hotspots) in the stabbing partition instead of thererset of clusters. The reason is that scattered
gueries do not benefit from the specialized techniques degitp exploit clustering; in fact, they incur extra
overhead. Therefore, we process scattered queries uattigdnal algorithms.

2.2 Tracking Hotspots

Clusters in the SSI may be unbalanced, as illustrated byolleing simple example. Suppose that user
interests follow a Zipfian distribution, widely recognizexdmodel popularity rankings such as website pop-
ularity or city populations. In particular, if we regard éastabbing group as a group of users interested in a
common hotspot, Zipf's law states that the number of querigsin a stabbing group is roughly inversely
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Figure 2: Hotspot coverage in Zipf distribution.

proportional to its rank in popularity. That is, the numhbegrof queries in the:-th largest group is propor-
tional tok~?, wherej3 is a positive constant close to 1. Suppose there are a tatabenof5000 groups in
a stabbing partition. Figure 2 shows the percentage of gsienvered by the top4argest stabbing groups
out of all 5000 stabbing groups if the group sizes are governed by a Zipfigiilalition with parameter
B € [1.0,1.2]. From this figure we can see that t6f0 largest stabbing groups(% of all groups) cover
about70% of all queries wherp = 1, and the coverage increases with a larger

Motivated by the above example, we next introduce the naifamnhotspots

Definition 2 Let « > 0 be a fixed parameter. Suppdse= {I;,---,I,} is a stabbing partition of. A
group/; € Jis called am-hotspotif |I;| > «|I|. An interval of I is called ahotspot intervalwith respect
to J) if it falls into an a-hotspot, and is called scattered intervabtherwise (see Figure 1).

In other words, if we think of the intervals ihas query ranges of the continuous queries, thea-an
hotspot/; contains at least fraction of all continuous queries. Note that the numben-gfotspots is at
most1/«a by definition.

It is quite easy to identify all the hotspots once a stabbiadifion J of [ is given. We next turn our
attention to the problem of tracking hotspots as intervalsare being inserted or deleted over time. When
designing such a hotspot-tracking scheme, one needs tatedépllowing two issues in mind:

(1) Note that the definition ofi-hotspots depends on the specified stabbing partitioh/. In order to
extract meaningful hotspots frof it is important to require that the size dfs as small as possible,
because intuitively small stabbing partitions provide enaccurate pictures on how the intervaldin
are clustered. Thus, to keep trackeehotspots as intervals are inserted into or deleted ffpmne
needs to maintain a stabbing partitionfodf size close ta-(I).

(2) LetS C I denote the set of all scattered intervals, anddet= I \ S denote the set of all hotspot
intervals. As the hotspots dfevolve over time, intervals may move into(from H) or out of S (into
H) accordingly. Since we will be using different indexing safes forS and H, it is desirable for
efficiency reasons to minimize the number of intervals thavenn or out ofS at each update.



We next describe an algorithm for tracking hotspots thagtdatare of both issues. Specifically,det > 0
be fixed parameters; the algorithm will maintain a stabbiagition J of 7 and a partition ofl into two sets
Iy andJs = J \ Iy that satisfy the following three invariants all the time:

(11) I contains allv-hotspots ofl, and possibly a fewi«/2)-hotspots, but nothing more. Hendgy | <
2/

(12) The size of is at most(1 + &)7(I) + 2/«;

(I13) Let .S denote the set of intervals in the groupslef Then the amortized number of intervals moving
into or out of S per update i$)(1) (in fact, at most 5).

We need the following lemma, which says that one can maistaitabbing partition of of size close
to 7(I) in amortized logarithmic time per update. Katz et al. [15tfporoved this result by presenting an
algorithm with the claimed performance bound. In Secti@we will describe a slightly better algorithm
that is more suitable for real-time applications, as weBiagple and practical variants of the algorithm.

Lemma?2 Lete > 0 be a fixed parameter. We can maintain a stabbing partitiond of size at most
(14 ¢)7(I) at all times. The amortized cost per insertion and deletso@ (e ! log |1]).

The hotspot-tracking algorithm works as follows. At anydimve implicitly maintain a stabbing parti-
tion J of I by maintaining a partition of into two setsJ; andJs = J\ Jz. We useS to denote the set of
intervals falling into the groups dfs, and H = I \ S to denote the set of intervals falling into the groups
of J. HenceJg is a stabbing partition o, andJy is a stabbing partition off. Initially whenI = (), we
havel = ), 7y = Jg = 0, andS = H = ). A schematic view of the algorithm is depicted in Figure 3.

r——
/\: becomes a-hotspot
% ﬁ ‘ % ‘
T | p— ST 1 ) : \ Js
‘ 1 ‘ —
Hotspot Intervals H Scattered Intervals S
$

————— no longer (a/2)-hotspot

Figure 3: Schematic view of the hotspot-tracking algorithm

Insertion. When an intervaly is inserted intal, we first check ify can be added to any group € Iy,
such that the common intersection of the intervals in thatigremains nonempty after adding This can
be done brute-forcely i®(1/«) time by maintaining the common intersection of each groupginor in
O(log(1/«)) time by using a more complicated data structure (e.g., ardigpriority search tree [19]); we
omit the details.
If there indeed exists such a grolipe Jg, we simply addy into I; and are done. If there is no such

group, we addy into the setS, and then use the algorithm of Lemma 2 to update the stablrtgign of
S, i.e.,Jg. As a consequence, the sizes of some grougs imay become> «|I|. We “promote” all such



groups oflg into J (because they becomehotspots). Consequently, intervals in these groups ghoeail
moved out ofS. We maintain the stabbing partitidy of S by deleting these intervals froii one by one
and using Lemma 2 to update. (But in practice, it might be unnecessary to use Lemma 2 tlatg3 5, as
the intervals are moved out 6fin groups.)

Note that after an insertion, the sizelois increased by one. Therefore, the sizes of some groups in
may become< (a/2)|I|. We "demote” all such groups dfy into Js (because they are no longet/2)-
hotspots). Consequently, intervals in these groups aredimtoS. We again use Lemma 2 to upddte
by inserting these intervals int® one by one. Note that when these insertions are finished, goooes in
Js might again become new-hotspots, in which case we “promote” these groups intaas done in the
previous paragraph.

Deletion. When an intervaly is deleted from/, the situation is somewhat symmetric to the case of
insertion. We first check whetheris contained in some group of;. This can be done in constant time by
maintaining appropriate pointers from intervals to groups

If there indeed exists such a grodipe Iz, we removey from this group. The removal might make
I; no longer an(«/2)-hotspot (note, however, the other groupd inremain(«/2)-hotspots because their
sizes do not change but the sizeloflecreases by one.) In this case, we “demdiahto Jg by inserting
the intervals ofl; into S one by one and updatirily using Lemma 2. Otherwise, we know that S. We
removey from S and updatéd s accordingly using Lemma 2.

After that, some groups ifx could becomer-hotspots. We “promote” these groups ififp and remove
their intervals fromS as before.

Theorem 1 The above algorithm maintains the three invariants (113)>-@t all times. Furthermore, the
amortized cost for each update@e~! log |1]).

Proof:

(11) Obvious from the algorithm. Initially; = (). The algorithm guarantees that: (i) whenever a group in
Js becomes am-hotspot, it is promoted t; and (ii) when a group iz is no longer ar{«/2)-hotspot,
it is demoted tdg.

(12) Since we used Lemma 2 to maintdig, we havelds| < (1 +¢)7(S) < (1 +¢)7(I). By (I1), we also
have|Jy| < 2/a. Hence,
1= Pul+[s] < (L +e)7(I) + 2/e.

(I3) We prove this invariant by an accounting argument. Spedifjcae show how to deposit credits into
the intervals of S and thegroupsof Jy, for each insertion and deletion ih so that the following two
invariants hold:

(i) atany time, each interval if has one credit;

(i) when a group off 7 is demoted tdg, it has at leastv|/| credits.

If these two invariants hold, then we can pay the cost of ngumtervals into or out ofS by the credits
associated with the relevant intervals, as follows. Wheintenval moves out of (because of a promotion),
we simply pay this move-out by the one credit deposited inititarval. When intervals are moved intb
because of a demotion of a grolipe Iz, note that the number of intervals in this grolif), is at most
(a/2)|1]. Sincel; has accumulated at least/| credits, we uséa/2)|I| credits to pay for each of the;|



move-ins, and deposit the remainifg/2)|I| credits to the intervals af; so that each interval has one credit
(because they now belong fand thus have to have one credit each by the first invariantgrall, since
each move-in or move-out can be paid by one credit, the totaber of intervals moving into and out §f
over the entire history is bounded by the total number of diégpd credits.

How is the credit deposited for each updatd thFor each insertion, we always deposi« credits to
each group i . Furthermore, ify does not fall into any group dfy (recall that in this case our algorithm
insertsy into .S), we deposit another one creditfoSince|Jx| < 2/« by (11), an insertion deposits at most
2a- (2/a) + 1 = 5 credits. For each deletiop if v belongs to a group; in Iz, we deposit two credits to
the groupl;; otherwise we deposit nothing. Clearly, if there are a totethber ofr. insertions and deletions,
the total number of credits depositeddgn). By the discussion of the previous paragraph, we then know
that the amortized number of intervals moving into or oufa$ O(1) for each update.

It remains to show that (i) and (ii) hold for the above creatiposit scheme. By the above discussion,
we know that (i) is an easy consequence of (ii). So we only tawshow (ii).

Let I; € Jy be a group to be demoted. We know tliatvas promoted td g at an earlier time. Letg
be the size of; andn be the size of at the time of its promotion. Also let; be the size of; andn; be
the size ofl at the time of its demotion. Itis clear thag > ang andz; < (a/2)n;. Suppose: insertions
and/ deletions occur il between the times of promotion and demotion. Thenr= ng + k — £.

Because the size df changes fromxy to z;. At leastzo—z; deletions happened to the grolidxo—x1
might be a negative number, but it does not hurt our argum@rtgrefore, at least(xy — z1) credits are
deposited intd; by those deletions. Meanwhilé, also receiveQak credits from thek insertions. In total,
I; must have accumulated at le@$t:o — x1) + 2ak credits for the time period from its promotion to its
demotion. Observe that

2(zo — x1) + 2k

v

2(ang — any /2) + 2ak
2ang — a(ng + k — 0) + 2ak
ang + ak + ol

> afng+k—1{)=an;.

In other words,[; has accumulated at least credits before its demotion, as desired.

Finally, the bound on the amortized cost is a corollary oj @8d Lemma 2. Note that the cost for each
update is dominated by the cost for updatingusing Lemma 2. Since the amortized number of intervals
moving into and out of5 is O(1) per update, by Lemma 2, we know that the amortized cost foatimmgl
the stabbing partitiofis of S is O(¢~* log|I|). O

2.3 Dynamic Stabbing Partitions

This section is devoted to an efficient implementation of hearR. Because it is not a prerequisite for the
subsequent discussions of this paper, this section canifyeeskat the reader’s discretion.

We first observe that if one were to maintain the smalleststgpbpartition of/ (such as the canonical
stabbing partition) as intervals are inserted or deletkdn tthe stabbing partition of may completely
change after a small constant number of insertions or deketi(A simple example is omitted for brevity.)
Thus, we resort to a stabbing partitionagfproximatelysmallest size. More precisely, we want to maintain
a partition of size at mositl + ¢)7(/) for some parameter > 0, where recall that (/) is the size of the
smallest stabbing partition df. Although the quality of the stabbing partition is comprsed, the benefit



of resorting to an approximation is that the cost requirgdniaintaining such a relaxed partition is much
lower than for maintaining the smallest one.

Typically we choose: to be a small constant. The value ©fan be used as a tunable parameter to
achieve flexible tradeoffs between the quality of the stadplpartition and the maintenance cost: a smaller
e results in a better stabbing partition, but also increasesnaintenance cost. Next we describe in detail
how to maintain the stabbing partitions.

A simple strategy. We sketch a lazy maintenance strategy that guarantees #ligyqef the stabbing
partition. Itis very easy to implement and works reasona@y in practice, but may perform poorly in the
worst case.

Let I be a set of: intervals, and > 0 be a fixed positive parameter. The lazy strategy works as/sl
We begin with the canonical stabbing partitibof I of sizery, = 7(I) as well as a corresponding stabbing
setP. When a new interval is inserted inta/, we simply pick a poinp, € v and letP = P U {p,};
we also create a singleton groip} and add it tdJ. When an intervaly is deleted from/, suppose that
belongs to some grouf) € J. We then remove from [;, and if I; becomes empty after the removalyf
we also removd; from J and the stabbing point df from P. After e7y/(¢ + 2) number of insertions and
deletions, we trigger seconstruction stagewve use Lemma 1 to reconstruct the canonical stabbing ipartit
(whose size is (1)) for the current/, which takesO(n log n) time.

Lemma 3 The above procedure maintains a stabbing partition of stzaa@st(1 + )7 (1) at all times.
Proof: Please see Appendix A for details. O

The above strategy can be refined in several ways to imprewveffitiency at runtime. For example,
for a newly inserted intervay, if there already exists a poipt in the current stabbing set that staphsand
suppose; is the stabbing point for the group, then we can simply add into 7;, instead of creating a new
singleton group{~} in the stabbing partition. A more careful implementatioriasnaintain the common
intersection of each group, instead of just a single stappimint. For each new insertion, we check
whether there exists a group whose common intersectiorapgwith~, and if so, addy to that group.

The condition for triggering a reconstruction stage (idnen the total number of insertions and deletions
reaches /(s + 2)) can also be relaxed. Létdenote the set of intervals after the last reconstructiah an
0 = 7(I). Suppose that intervals have been deleted fromso far since the last reconstruction (the
total number of deletions so far could be larger because soi@evals may be inserted and subsequently
deleted), then we invoke a reconstruction stage onl?if> (1 + ¢)(mp — m), where|P| is the size of the
maintained stabbing set at that time. Note that it is wedian the old trigger condition, and hence leads to
less frequent invocations of reconstruction stages.

A refined algorithm.  The amortized cost per insertion and deletion in the abowglsi strategy is
O(nlogn/(e1p)). In Appendix B, we describe a refined algorithm for maintainthe stabbing partition
in O(¢~'logn) amortized time per update, by a careful implementation efrétonstruction stage in the
above simple strategy. Moreover, each insertion or delaftects onlyone group in the stabbing parti-
tion. In the general SSI scheme, changes in the stabbingigaxften need to be propagated to the data
structures associated with the groups of the stabbingtipartiOur algorithm therefore requires infrequent
propagations and is suitable for real-time applicatiorisage refer Appendix B for detailed algorithms and
pseudocode.



Theorem 2 Lete > 0 be a fixed parameter. The above algorithm maintains a stajbantition of / of size
at most(1 + ¢)7(I) at all times. The amortized cost per insertion and delet@f (=~ log |I|). Before the
reconstruction stage, each insertion or deletion affettimiast one group in the stabbing partition.

3 Applications

In this section we give three representative applicatidrmipstabbing set index (SSI) and hotspot-tracking
schemes: scalable processing of continuous band joinginoons equality joins with local selections,
and building histograms for selectivity estimation. Eadhthmse applications has a somewhat different
flavor, and achieves notable performance improvement oaditibnal processing techniques. This list of
applications is not meant to be exhaustive, but should Hakiriate the main idea of our techniques.

In particular, we consider the following two types of comtius queries over relations(A, B) and
S(B,C):

e Equality join with local selections. o scrange AR X¥R.B=5.B 0CerangecS

e Band jOIn R MS.B—R.BET&”QGB S

In equality join with local selections, the query paramgtenge A andrangeC' in the local selection con-
ditions are ranges over numeric domainsfbid and S.C', respectively. In band joingange B in the join
condition is a range over the numeric domain/of3 and.S.B. These two types of queries are important
in their own right, and also essential as building blocks ofenrcomplex queries. We give two examples of
these queries below.

Example 1. Consider a listing database for merchants with the follgwtimo relations:
Supply(suppld, prodId,quantity,...),

and
Demand(custId, prodId, quantity,...)

. Merchants are interested in tracking supply and demargréatucts. Each merchant, depending on its size
and business model, may be interested in different rangsgpgly and demand quantities. For example,
wholesalers may be interested in supply and demand witle lauantities, while small retailers may be
interested in supply and demand with small quantities. Teéash merchant defines a continuous query

UquantityErangeSisupply > Oquantityerange D; Demand,
which is an equality join (with equality imposed prodId) with local range selections.

Example 2. For an example of band joins, consider a monitoring systentdastal defense with rela-

tions Unit(id, model, pos,...) and Target(id, type, pos,...), wherepos specifies points on the one-

dimensional coast line. We want to get alerted when a tapgmars within the effective range of a unit. For
each class of units, e.g., gun batteries, a continuous qaerype defined for this purpose: e.g.,

Omodel=" BB UN1t Dynits pos—Targets.pos€range Otype=' surface’ larget.

whereBB is a fictitious model of gun batterieggnge is the firing range of this model, and the selection con-
dition onTarget captures the fact that this model is only effective againgise targets. This continuous
qguery is a band join with local selections. Note that foreafiint classes of units, the band join conditions
are different because of different firing ranges.



3.1 Band Joins
We first consider the problem of processing a group of contistband joins, each of the form

R >s.B—R.BerangeB; S.

When a newRR-tupler arrives, we need to identify the subset of continuous gsevi@ose query results are
affected byr and compute changes to these results. The case in which &-teple arrives is symmetric.

Previous approaches. We first note that existing techniques based on sharingi@gnpoin operations [6]
do not apply to band joins because eachge B; can be different. The state-of-art approach to handle con-
tinuous queries with different join conditions is propossdPSoup [5], where multiple “hybrid structures”
(i.e., data-carrying, partially processed join querias) @pplied to a database relation together as a group,
by treating these structures as a relation to be joined Wwéldatabase relation.

Following the PSoup approach, we can process eachiiaypler as follows. First, we “instantiate” the
band join conditions by the actual valueroB, resulting in a set of selection conditiofiS.B € rangeB; +
r.B} local to S. Then, this set of selections can be treated as a relationtefvals {range B; + r.B}
and joined withS; eachS-tuple s such thats. B stabs the intervatange B; + r.B corresponds to a new
result tuplers for the i-th band join. Depending on which join algorithms to use, \aeehseveral possible
strategies.

e BJ-QOuter(band join processing with queries as the outer relafiprocesses each intervainge B;+
r.Binturn, and uses an ordered index${B) (e.g., B-tree) to search fai-tuples within the interval.

e BJ-DOuter(band join processing with data as the outer relajiatilizes an index on rang€gsange B; }
(e.g., priority search tree or external interval tree). €achS-tuple s, BJ-DOuter probes the index
for ranges containing.B — r.B.

e BJ-MJ (band join processing with merge joimses the merge join algorithm to join the intervals
{range B; + r.B} with S. This strategies requires that we maintain the interjaiage B; } in sorted
order of their left endpoints (note that additionoB3 does not alter this order), and that we also
maintain S in sortedS.B order (which can be done by an ordered index, e.g., B-tree§(d)).
Otherwise, BJ-MJ requires additional sorting.

Clearly, all three strategies have processing times at le&syr in the size ofS or in the number of band
joins (the detailed bounds are provided in Theorem 3 belas)ch may be unable to meet the response-
time requirement of critical applications. The difficultproes in part from the fact that each continuous
band join has its own join condition, and at first glance ita$ clear at all how to share the processing cost
across different band joins. Our SSl-based approach ovesgsohis difficulty.

The SSI approach. We now present an algorithnBJ-SSI(band join processing with Sglbased on an
SSi for the continuous queries constructed on the band dmiges{ range B; }. The index structure is rather
simple. Each group; in the SSl is stored in two sequencﬁsand[;: Ijl- stores all ranges ify; in increasing
order of their left endpoints, whilé’ stores all ranges if; in decreasing order of their right endpoints. The
total space of these sorted sequences is clearly lineae inttmber of queries. We also build a B-tree index
onS(B).

When a newR-tuple r(a, b) is inserted, the problem is to identify all band joins that affected and
compute results for them. In terms of the ranges that we imdéxe SSI, we are looking for the set of all
rangesrange B; that are stabbed by some poin3 — b wheres € S.
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Figure 4: The SSI algorithm for band join processing. Arrémdicate the order in which the intervals are
visited.

BJ-SSI processes the néWtupler(a, b) in two steps: in the first step it finds all queries that arecadfe
by r, and in the second step it returns the new results for eaebtad query.

(STEP 1) BJ-SSI proceeds for each grodipin the SSI as follows. Using the B-tree index S(B), we
look up the search key; + b, wherep; is the stabbing point fof;. This lookup locates the two adjacent
entries in the B-tree whose B valuess; ands; surround the poing; + b (or equivalently,s; —b andss — b
surroundp;, as illustrated in Figure 4). If eithen or s, coincides withp; + b, then it is obvious that all
queries in/; are affected by the incoming update (at the very leasttigple with B = p; + b joins with

r for all these queries). Otherwise, the exact subset of gsiéni/; affected by the incoming tuple can be
identified as follows (see the left part of Figure 4): (1) Warstjl- in order up to the first query range with
left endpoint greater thasy — b; all queries encountered before this one are affected.if@je8ly, we scan
I7 in order up to the first query range with right endpoint lesnth, — b; again, all queries encountered
before this one are affected.

To see that the above procedure correctly returns the sitadfiected continuous band joins i, recall
that all query ranges ifi; are stabbed by the poipt. Any query range whose left endpoint is less than or
equal tos; — b must contains; — b (because it contains;); similarly, any query range whose right endpoint
is greater than or equal ¥ — b must contairss — b. On the other hand, query ranges whose left and right
endpoints fall in the gap between — b andss — b produce no new join result tuples, becays@ands, are
adjacent in the B-tree ofi(B) and hence there is n®-tuple s such thats. B € (sq, s2).

(STep2) Once we have found the set of all affected queries jnve can compute changes to the results
of these queries as follows (see right part of Figure 4). @lesthat the query interval of each affected
continuous query in the group; covers a consecutive sequenceSsfuples, including eitheg; or s».
Therefore, to compute the new result tuples for each affegteery, we can simply traverse the leaves of
the B-tree index orb(5), in both directions starting from the poipt + b (which we have already found
earlier), to produce result tuples for this query. We stogam as we encounter$B value outside the
query range.

In summary, BJ-SSI has the following nice properties:

(1) BJ-SSI never considers a tupleSnunless it contributes to some join result or happens to beesto
to some stabbing point offset by(there are at most two such tuples per group);

(2) BJ-SSI never considers a band join query unless it wilbgate some new result tuple or it terminates
the scanning of som@ or I7 (again, there are at most two such queries per group).



In contrast, BJ-QOuter, BJ-DOuter, and BJ-MJ must scaeeit queries or all tuples i, many of which
may not actually contribute any result. We conclude withféiewing theorem.

Theorem 3 Letn denote the number of continuous band joinglenote the stabbing numbet, denote the
size ofS, andk denote the output size. The worst-case running times t@pgogn incomingz-tuple are as
follows:

e BJ-QOuter:O(nlogm + k);
e BJ-DOuter:O(mlogn + k);
e BJ-MJ:O(m +n+ k).

e BJ-SSI:O(7logm + k);

SSI + hotspot-tracking. Applying BJ-SSI to the sélty of Theorem 1 (i.e., the collection of hotspots), we
immediately obtain an efficient algorithm for processing $hibset of hotspot queries. Note tjiat| < 2/a,
hence by Theorem 3 (with < 2/a), we can then process all hotspot querie®i ! log m + k) time,
which is a huge speedup in comparison to the other processiaiggies.

3.2 Equality Joins with Local Selections

We now turn our attention to the problem of processing cowtirs equality joins with local selections, each
of the form
O'AemngeAiR ™XR.B=S.B O'CETangeC,L-S-

Each such query can be represented by a rectangle spannea bgingesrangeC; and range A; in the
two-dimensional product spaceC' x R.A, as illustrated in Figure 5. Suppose that a neuple r(a, b)

has been inserted. In the product sp&c€ x R.A, each tuples resulted from joining- with .S can be
viewed as a point on the linB.A = a because these tuples have the sd&né value (fromr) but different
S.C values (from differentS-tuple that join withr). We call these point®in result points To identify the
subset of affected queries and compute changes to thesreétitiese queries, our task reduces to reporting
which query rectangles cover which join result points.

Previous approaches. When a newR-tupler arrives, there are two basic strategies depending on tlee ord
in which we process joins and selections.

e SJ-JoinFirst(select-join processing with join filsproceeds as follows: (1) it first joinswith S; (2)
for each join result tuple, it checks the local selectionditions to see which continuous queries are
affected. In more detail, the join betweerand .S can be done efficiently by probing an index on
S(B) (e.g., a B-tree) using.B. For each join result tuples with ».B = s.B, we then probe a two-
dimensional index (e.g., an R-tree) constructed on thefsgiery rectangle§rangeC; x range A;}
with the point(s.C,r.A). The subset of continuous queries that need to retuas a new result tuple
are exactly those whose query rectangles contain the poititr. A).

e SJ-SelectFirsfselect-join processing with selection f)rptoceeds as follows: (1) it first identifies the
subset of continuous queries whose local selectiong are satisfied by the incoming tupte(2) for
each such query, it computes new result tuples by joinimgth S and applying the local selection
on S. In more detail, to identify the subset of continuous gueridose local selections ok are



satisfied byr, we can use-. A to probe an index on query rangésinge A;} (e.g., a priority search
tree [7] or external interval tree [2]). To compute the neautetuples for each identified query with
query rangerangeC; on S, we can use an ordered index fSrwith composite search ke§(B, C)
(e.g., a B-tree). We search the index f6tuples satisfyings.B = r.B A S.C € rangeC;.

Both SJ-JoinFirst and SJ-SelectFirst are prone to the @moldf large intermediate results generated at
step (1) of each algorithm. Consider the supply/demand plaagain. Suppose that our merchants are
not interested in matching low-quantity supply with higlagtity demand (though many are interested
in matching supply and demand that are both low in quantiB)rther suppose that a particular product
is in popular demand and mostly with high quantities. Wheovadjuantity supply source for this product
appears, it will generate lots of joins (in the SJ-JoinFieste) and satisfy local selections of many continuous
queries (in the SJ-SelectFirst case), but very few contiaugueries will actually be affected in the end.
Therefore in this case, neither SJ-JoinFirst nor SJ-Selsttis efficient because of the large intermediate
results generated at step (1).

The SSI approach. We now present our algorithngJ-SSl(select-join processing with SSwhich cir-
cumvents the aforementioned problems of SJ-JoinFirst areeectFirst by using an SSI for the continuous
queries constructed on the local selection rangesgeC;}, i.e., projections of the query rectangles onto
the S.C axis. (Here we focus on processing incomiRguples; to process incoming-tuples, we would
need a corresponding SSI constructed{eamngeA;}.) Each group in the SSI is stored as an R-tree that
indexes the member queries by their query rectangles. Takdpace of these data structures is linear in
the number of queries since each query is stored only oncaie group.

R.A

rangeC,

rangeA;

/—:>‘

qr |-

f & S.C

Figure 5: The SSI algorithm for processing equality jointmidcal selections.

To process an insertioninto R, for each groupl; with stabbing poinp;, we look for the search key
(r.B,p;) in a B-tree index of table&S on S(B, C'). This lookup locates the two joining-tuples whose”
valuesg; andg, are closest (or identical) to; from left and from right, respectively. Looking at Figure 5,
they correspond to the two join result poirits, a) and(g2, a) closest tap;, a) in the product spacs.C' x
R.A. We use these two join result points to probe the R-tree fougi;. In the event that eithey; or ¢-
coincides withp;, only one probe is needed.



We claim that the query rectangles returned by the R-trdeulpconstitute precisely the set of continu-
ous queries i that are affected by. To see this, recall that by our construction, all querietheagroup
I; intersects the lin&s.C' = p;. Any query in; that contains neithefg;, a) nor (g2, a) cannot possibly
contain any join result point at all — such queries either dbintersect the ling?. A = a or happen to fall
in the gap between; andge. On the other hand, any query that contains eithera) or (g2, a) is clearly
affected and produces at least one of the two join resulttgoin

Finally, observe that the query rectangle of each affectedtimuous query in the group; covers a
consecutive sequence of join result points on the lind = a, including eitherg; or ¢» (see Figure 5).
Therefore, to compute the new result tuples for each afflegteery, we can proceed as follows. For each
query rectangle returned, we traverse the leaves of the@enS (B, C), in both directions starting from
the entries forg; and ¢s, to produce all result tuples for this query. We stop as s@wea encounter a
different S. B value or aS.C' value outside the query range. This is similar to what we fimree for band
joins in the previous section.

SJ-SSI avoids the problems of SJ-JoinFirst and SJ-Setsthecause of the following nice properties:

(1) SJ-SSI never considers a join result point unless itver@ by some query rectangle or is closest to
some stabbing point;

(2) SJ-SSI never considers a query rectangle unless it€soeene join result point.

To summarize, we give the complexity of SJ-JoinFirst, Sl&@&Eirst, and SJ-SSI in the following theorem.

Theorem 4 Letn denote the number of continuous equality joinslenote the stabbing numbet, denote
the size ofS, and k denote the output size. Furthermore, i) denote the complexity of answering
a stabbing query on an index af two-dimensional ranges. The worst-case running times ¢cgss an
incoming R-tuple are as follows:

e SJ-JoinFirst: O(logm + m/g(n) + k), wherem’ < m is the number of-tuples that join with the
incoming tuple;

e SJ-SelectFirstO(log n+n'log m+k), wheren’ < n is the number of queries whose local selections
on R are satisfied by the incoming tuple;

e SJ-SSIO(7(logm + g(n)) + k).

SSI + hotspot-tracking. Applying SJ-SSI to the sét; of Theorem 1 (i.e., the collection of hotspots), we
immediately obtain an efficient algorithm for processing slubset of hotspot queries. Singg| < 2/a,

by Theorem 3 (with- < 2/«), we can then process all hotspot querie®ia ! (logm + g(n)) + k) time,
which is in sharp contrast to the other two algorithms, whosming times are at the mercy of the size of
the intermediate results’ or n’.

3.3 Histograms for Intervals in Linear Time

In this section we consider the following problem, which d¢enused for estimating the number of con-
tinuous join queries whose local selection conditions atesfsed by an incoming tuple. Ldtbe a set of
intervals. Given an: € R, we want to estimate how many intervals loére stabbed by. We denote by
f1(x) be the number of intervals stabbed:byn 7. The basic idea is clearly to build a histografx) (i.e.,



a step function) that approximates the functiiiz). Assuming that the distribution of the incoming tuple
x is governed by a probability density functigiiz), then the mean-squared relative error betwier and

e ) — fr(o)P
2 = R PAS X xZ.

Our goal is to find a histograrh(z) with few break points that minimizes the above error. We maesthat
¢(x) is given; it can be acquired by standard statistical metlabdsntime.

Previous approaches. Most known algorithms for the above problem or similar pesb$ use dynamic
programming, whose running time is polynomial but rathegdg14, 16]. In contrast, our new algorithm
below is simple, runs in nearly linear time, and often pregié high-quality histogram. To be fair though,
the dynamic-programming approaches usually guaranteedaafi optimal solution (i.e., minimizing the
error), while the histogram returned by our algorithm doets Nonetheless, since histograms are primarily
for estimation purposes, an optimal histogram is not reaiyessary in practice.

Our approach. Our new approach radically differs from those dynamic-paogming approaches, by
taking advantage of the following main observation: Cormguain optimal histogram for each group of a
stabbing partition of can be reduced to a simple geometric clustering problem alguithm is simple to
implement, modulo a standard one-dimensidaateans clustering subroutine.

In more detail, we first compute the canonical stabbing tpamt] = {7;,--- , I} for I asin Lemma 1,
and then build a histogram for each groupJof The final histogram is obtained by summing up these
histograms. Lep; be the stabbing point of an-hotspotl; € J, and Ietf}i (resp. f7,) be the part of the
function f, to the left (resp. right) op;. To compute the histograd (x) for a hotspot/;, we compute two
functionsh! andh; to approximatef; and f] respectively, and then lét(x) = hl(x) + A (z).

We now focus on how to compute a histogra{z) with at mostk buckets to minimize the error
E%(h, f}i), wherek is a given fixed parameter; the case for compufifigs symmetric. Clearlyf}i is a
monotonically increasing step function (see Figure 6)zlet - - , z,, be the break points of} Assume
without loss of generality thédt < m.

Lemma 4 There is an optimal histogram with at madstbuckets such that each bucket boundary passes
through one of the break points, - - - , z,,.

Proof: Take any optimal histogram whose bucket boundaries do emagsarily pass through those break
points. Observe that no bucket completely lies between aoycbnsecutive break points; andz;1;
otherwise one can expand the bucket to the entire intéryak; ] and decrease the error. As such, there
is at most one bucket boundary betwegnandx;;. This boundary can be moved to eitheror x;;
without increasing the error. Repeat this process for ahduwoundaries and we obtain a desired optimal
histogram. O

By the above lemma, it is sufficient to consider those histogr whose bucket boundaries pass through
the break points, - - - , x,,. For such a histogranmﬁ, suppose its bucket boundaries divide the break points
into £ groups:

{$z0+1>“‘ 7$21}; {xZH—l?"' 71’22}; s {xzkfl‘i'l"” 71:21@}7
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Figure 6: Reducing to a one-dimensional weightemheans clustering problem.

wherezy = 0 andz, = m. Furthermore, let the value dﬂi within the j-th bucket be a constant;, for
0 < j < k. Thenthe errofZ(hl, f} ) can be written as

k—1 Zj+1 . 2 Toqp1

Yo — €y
-y 3 |2‘/ o) dz, (1)
J=0 b=z, +1 e g

wherey, = f] ().

To find a histograrmﬁ(a:) that minimizes (1), we solve the following weightédmeans clustering
problem in one dimension: Given a setwf pointsy; = f} (1), ,ym = [} (zm), and a weight
wy = f;f“ ¢(x) dz/|ye|? for each pointy,, find k centerscy, - - - , ¢, and an assignment of eaghto one
of the centers so that the weightedneans clustering cost is minimized (see the left part ofifdd). We
have the following lemma to establish the correctness obtgorithm.

Lemma 5 Minimizing (1) is equivalent to solving the above weighteheans clustering problem.

Since typically the total amount of buckets allocated tovthele histogram is fixed, the remaining issue
is how to assign available buckets to each grou®ne way to completely get around this problem is to map
all points in each; into a one-dimensional space such that the points withih gemup are sufficiently far
away from the points in other groups, as shown in the right @faFigure 6. Then we can run thlemeans
algorithm of [13] on the whole point set to compute &approximate optimal histogram in nearly linear
time O(n) + poly(k, 1/¢,log n), which automatically assigns an appropriate number of étsclo eacH;.

In practice, one may wish to use the simpler iterafiveneans clustering algorithm [10] instead. Since the
iterative k-means algorithm is sensitive to the initial assignmentudters, we can heuristically assign each
group a number of buckets proportional to the cardinalityhefgroup. We then run the iteratitemeans
algorithm on each group separately.

4 Experiments

To compare our techniques against traditional processittgniques in terms of their scalability with a large
number of continuous queries, we have implemented varitg@ihms discussed in previous sections
in Java SDK 1.5.0. Unless otherwise noted, all experimemigewonducted on a Sun Blade 150 with a
650MHz UltraSPARC-III processor anill2 MB of memory. We measured the processing throughput, i.e.,
the number of data update events that each approach is girlecess per second. We excluded the output
time from measurement since it is application-dependetittammon to all approaches. We also measured
the cost of maintaining associated data structures in phogehes.
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Workload generation. We generated two synthetic tabl&§ A, B) and S(B, C), where B is the join
attribute andA, C' are the local selection attributes, all integer-valuedchBable containg00, 000 tuples
indexed by standard B-treeR.is updated by an incoming stream of insertion events, whioged B values
are drawn uniformly at random from the respective domaims.téples inS, their C' values are uniformly
distributed, while theirB values follow a discretized normal distribution, in ordermhodel varying join
selectivity.

We created two sets of continuous queries, each With000 queries initially. The first set consists
of equality joins with local selections discussed in Setto2, and the second set consists of band joins
discussed in Section 3.1. The midpointsrahge A; follow a normal distribution, and the midpoints of



range B; and rangeC; are uniformly distributed. The lengths of all ranges arenmadly distributed. At
runtime, users may insert new continuous queries, andedetaipdate existing ones. Table 1 summarizes
the data and workload parameters, whers ando;’s are used to adjust various input characteristics that
affect performance, such as selectivities of incoming ®/against continuous queries as well as the degree
of overlap among continuous queries.

Parameter Value
Size of each base table 100, 000
Initial number of continuous queries 100, 000
Join attributeR. B Uni(0, 10000)
Local selection attribut®. A, S.C Uni(0, 10000)
Join attributeS.B Normal(5000, 1000)
Domain ofS.B [0, 10000]
Midpoint of range A; Normal(uy,0%)
Length ofrange A;,rangeC; Normal(uz, 03)
Midpoint of range B;, rangeC; Uni(0, 10000)
Length ofrange B; Normal(ps,03)

Table 1: Experimental parameters.

Equality joins with local selections. In addition to the algorithms SJ-SSI, SJ-J(oinFirst), aiwb&electFirst)
discussed in Section 3.2, we have also implemented an tdgodalled NAIVE, which first joins the nei
tuple with S to generate a list of intermediate result tuples ordered.}, and then evaluates the local se-
lections of each continuous query over this intermediagalteNAIVE serves as a baseline for comparison;
its cost isO(log m + nlog |S’| + k), whereS” is the subset of that joins with the newr tuple.

To focus our attention on the effectiveness of SJ-SSI jteedffirst present a series of results obtained
by applying SJ-SSI tall stabbing groups (regardless of whether they are hotspdsihen present results
for combining SSI and hotspots afterwards.

Figure 7() compares the throughput of various approaches as the mushlm®ntinuous queries in-
creases from0 to 100, 000. In this set of experiments, the stabbing number{famgeC;} is roughly 30;
each incomingR tuple on average joins with000 S tuples. In this figure, we see that NAIVE'’s perfor-
mance degrades linearly with the number of continuous gsed therefore is completely unscalable. The
average selectivity of an event on the local selection refgenge A;} is 0.1; that is, an incoming event
satisfies ther. A selection forl0% of all continuous queries. Consequently, SJ-S, which wbykiserating
through queries whosR. A selection is satisfied, performs well only when the numbegusries is small.
Similar to NAIVE, it degrades linearly with the number of gigs and thus is not scalable either. The per-
formance decrease of SJ-J can be attributed to higher ctwgbidimensional point stabbing queries; in our
experiments we used R-trees to support these queries. Wlththe performance of SJ-J does not drop as
drastically as SJ-S and NAIVE, its throughput is less th#nof SJ-SSI in the case abhok queries.

Compared with the other approaches, SJ-SSI demonstratefieex scalability. Its throughput only
drops by less thaB0% when the number of queries increases fropd to 100,000. The reason is that
SJ-SSI depends primarily on the number of stabbing groupperahan the number of queries. As long
as the number of groups is stable (rougBlyfor these experiments), SJ-SSI's performance is relgtivel
stable. The slight performance drop comes from the inangasist of the point stabbing query within each
stabbing group, because each group on average containgjoesres.



Figure 7{i) compares the performance of various approaches over & minglusteredness among
rangeC;'s. The number of continuous queries stayd @i, 000, but we increase the number of stabbing
groups by decreasing mean and variance of interval lengikscan be seen, NAIVE and SJ-S are com-
pletely indifferent about the clusteredness of queriesles®J-SSI benefits from smaller numbers of stab-
bing groups. SJ-S outperforms SJ-SSI when there are mar@fihatabbing groups, as the event selectivity
on R.A selections is roughlg50 in these experiments. In the worse case, when all query saargedisjoint,
SJ-SSI degenerates to NAIVE. As a side node, it is intergghiat SJ-J performs better on less clustered
queries. The reason is that the cost of querying an R-trets tenbe lower if the indexed objects overlap
less.

Figure 8(ii) shows the throughput of SJ-S and SJ-SSI when we decreasedlage event selectivity
on local R.A selections (SJ-J and NAIVE are unaffected by this parametdfe control this selectivity
by fine-tuning the distribution ofange A;’s. From this figure, we see that SJ-S is very sensitive to this
selectivity, over which its throughput deteriorates limgdsince this selectivity directly controls how large
n’ is in Theorem 4). On the other hand, SJ-SSI is unaffectedibys#iectivity.

Figure 8(v) studies the impact of event selectivity on joining tablei.e., how manysS tuples join
with the incoming event, controlled by fine-tuning the disition of S.B. Except for SJ-J, all other ap-
proaches are immune to increase in this selectivity. Sper®rmance degrades linearly as the number of
intermediate join result tuples increases.

SSI + hotspot-tracking. In all previous experiments we applied SJ-SSI to every grauge stabbing
partition, ignoring the hotspot optimization. Now, we caot experiments to demonstrate the effect of
hotspot-tracking in group processing equality joins withdl selections. For each experiment in this set,
we generate a workload 600, 000 queries, with varying degrees of clusteredness across theskloads.
We choose a fairly smatk value (on the order of.1%) for each workload, such that no more th&io
groups are chosen ashotspots. In Figure 9, the horizontal axis shows the terklwads in increasing
degree of clusteredness, labeled by the percentage ofaitdn hotspots.100% means that queries are
highly clustered since top00 stabbing groups cover a0, 000 intervals, while10% means the queries
are relatively scattered and consequently 30 stabbing groups can only coved% of all intervals.

The vertical axis of Figure 9 plots the average processing per event, measured ovér, 000 events
for each experiment. We compare two approaches here: TRIEINAL simply use SJ-S(electFirst);
HOTSPOT-BASED uses SJ-SSI on the hotspots, and SJ-S onrtteeniag, scattered intervals. The tra-
ditional approach, unable to exploit the clusterednesisa\es identically across workloads. On the other
hand, the performance of the hotspot-based approach impidmearly with the increasing coverage by
hotspots, as it benefits from the ability of SSI in exploiticdlgsteredness for efficient group processing.
Moreover, this hotspot-based approach offers an additexhaantage over the “purist” approach of apply-
ing SJ-SSI to every stabbing group. By restricting SJ-SS3latspots, the hotspot-based approach is able
to focus on large stabbing groups where SJ-SSI really shinigige avoiding the overhead of going over a
large number of small groups for which SJ-SSI may be outpadd by more traditional approaches.

Band joins. In this set of experiments, we study the performance of our@Sed algorithm for band-
join queries. We compare BJ-SSI with BJ-D(Outer), BJ-Qé&Dutand BJ-MJ, discussed in Section 3.1.
Again, to focus our attention on the effectiveness of BJ{i&8If, we show results of applying BJ-SSI to all
stabbing groups without the hotspot optimization.

Figure 10{) shows the throughput of various approaches over an inogeasimber of continuous
queries from50 to 500,000. As the number of queries increases, the number of stabbimgpg also
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Figure 9: SSI with hotspot-tracking.

increases from abodit0 to 60 accordingly. In BJ-D, for each tuple in base taldle an offset is added
and used to probe the index of all band join windows. AlthoBghkD is not very sensitive to the number
of queries, it is inefficient because a large base table asilg destroy the throughput. BJ-Q, similar to
NAIVE, completely breaks down on a large number of queritsthroughput drops below00 when there
are more thari000 queries. The processing time of BJ-MJ is linear both in tze sf the base table and
in the number of queries. As shown in the figure, BJ-MJ enjogable throughput when the number of
queries is small, because the cost of traversing the sodsel table dominates the total query time. How-
ever, once the number of queries reach@s00, the throughput of BJ-MJ starts to decrease quickly. In
sharp contrast, BJ-SSI always outperforms the other appesaby orders of magnitudes, and is very stable
over an increasing number of queries. Its performance dompsighly1/3 when the number of queries has
increased by a factor af?.

Figure 10(i) shows the throughput over an increasing number of staldoimgps, while the total number
of continuous queries is kept constant@®, 000. We have omitted BJ-Q in this figure due to its extremely
poor performance on a large number of queries. BJ-MJ and Brkhsensitive to the number of the stab-
bing groups, while the performance of BJ-SSI deterioratesatly as this number increases. Nevertheless,
BJ-SSI outperforms the other two approaches even when éinergs many as000 groups in the patrtition,
which is a fairly large number in practice.

Dynamic maintenance. Inthe previous experiments, we have demonstrated that®ldb&ed approaches
offer excellent scalability over a large number of continsigueries. We now compare the dynamic main-
tenance cost of SSl-based approaches with other altezsativor this purpose, starting from the initial set
of 100, 000 queries, we generat@0, 000 updates to this set at run time. The update is either an iosent
a new query or a deletion of an existing query, each with goiiba 0.5.

Figure 11 shows the amortized maintenance cost for eacheddltforithms BJ-D, BJ-Q, BJ-MJ, and
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Figure 10: Throughput of band-joing Ever the number of continuous queries aiifigver the number of
stabbing groups.

BJ-SSI. Since BJ-Q does not maintain any index structurdewteries, its maintenance cost is constantly
0. For BJ-D, the maintenance involves updating the dynamdaripyr search tree that indexes all band join
windows. For BJ-MJ, the maintenance involves updating teddist of band join windows. The dynamic
maintenance algorithm for BJ-SSl is described in Secti@nfdr which have chosen= 3. Consequently,
the query time of BJ-SSI is increased by a factorlof ¢ = 4 compared to that of BJ-SSI based on
an optimal stabbing partition. This approximation facteracceptable as BJ-SSI outperforms the other
approaches by orders of magnitudes in the previous expetémblote that the reconstruction stage occurs
fairly infrequently because all subscriptions are from #aene distribution and naturally clustered, and
therefore with high probability a new subscription will eserted into an existent stabbing group without
increasing the number of of the stabbing groups. As showiigiaré 11, the amortized maintenance cost of
BJ-SSl is only20% more than that of BJ-MJ, which is well justified by a subs@ntnprovement in event
processing scalability.

SSl-based histogram construction. We compare SSI-HIST, the histogram constructed by our &Sédb
algorithm in Section 3.3, with EQW-HIST, the standard equilth histogram, and with OPTIMAL, the
optimal histogram constructed using dynamic programmilige create100,000 intervals in the range
[0,10000]. Their midpoints and lengths are governedNxyrmal(5000,1500) and Normal(1000,2000),
and they happen to forrg8 stabbing groups. Given a fixed number of buckets, we buildFEESIT using
the k-mean algorithm and the heuristics to assign the numberakdis to each stabbing group based on its
cardinality, as described in Section 3.3. Construction®IFSIST completes within one minute. However,
construction of OPTIMAL using dynamic programming fow0, 000 intervals proved to be unacceptably
slow on our computing platform. Instead, we built OPTIMAL joist a sample of0, 000 intervals and ran
experiments multiple times until a stable estimation ixheal. Even with one-tenth of the original data,
OPTIMAL took roughly6.5 hours on a computer withfGHz processor an2lGB memory, in sharp contrast
to the ease of constructing SSI-HIST.

Figure 12 compares the performance of SSI-HIST, EQW-HIST,@PTIMAL, as we increase the size
of the histogram fron20 to 70 buckets. Each data point is obtained by runmfg0 uniformly distributed
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stabbing queries; we compute the relative error betweendnd estimated result sizes, and then report
the average of these errors. As expected, OPTIMAL conslgterins; however, this advantage is greatly
offset by its impracticality in terms of construction coSm the other hand, SSI outperforms EQW-HIST all
the time and dramatically reduces the gap between EQW-HETOP TIMAL. Specifically, given onl20
buckets, SSI-HIST achieves an error rate as smalit&s, while that of EQW-HIST is more thar0%. In
fact, EQW-HIST would requiré0 buckets to reach the same error rate as that of SSI-HIST2@ittuckets.

5 Related Work

As mentioned in Section 1, scalable continuous query psing$lays a pivotal role in many applications
(e.g., [23, 12, 4, 21]). For example, publish/subscribdesys [17, 6, 20, 9] by definition need to handle a
huge number of subscriptions (continuous queries) effiilgie@ur earlier work [1] considered the problem
of indexing continuous band-join queries, and presenteid@exing structure with subquadratic space and
sublinear query time. However, the structure is mainly ebtietical interest. On the practical side, several
continuous query and stream processing systems (e.g.8][@&, 21]) have been proposed recently. Nia-
garaCQ [6] is able to group-process selections and shacegsimg of identical join operations. However, it
cannot group process joins with different join conditiossdh as band joins). Moreover, NiagaraCQ groups
selections and joins separately, resulting in strategmesas to SJ-JoinFirst and SJ-SelectFirst, whose limi-
tations were already discussed in Section 3.2. Our workles talovercome these limitations. CACQ [18]
is a continuous query engine that leverages Eddies [3] te toples adaptively to different operators on the
fly. It is able to group-process filters, and supports dynamacdering of joins and filters. However, like
NiagaraCQ, it still does not support group processing afgavith different join conditions, and processes
selections and joins separately. PSoup [5] treats data@erieg analogously, thereby making it possible to
exploit set-oriented processing on group of joins with @&y join conditions. However, PSoup is not spe-
cific on what efficient techniques to use for different typégn conditions. Its approach of instantiating
partially completed join queries implies time complexilyelar in the number of queries. In contrast, our
new approach can exploit clustering of queries to achielirsar complexity.



6 Conclusion and Future Work

In this paper we presented a novel technique for handlingge laumber of continuous queries by tracking
the hotspots in user interests. Our technique has a numbgpbéations including scalable continuous join
processing and histogram construction for interval data. vrk opens the door for many interesting prob-
lems. First, it would be interesting to extend the idea o$teting by stabbing partition to multidimensional
spaces, so that we can handle multi-attribute selectioditons. More generally, we plan to investigate
group processing for more complex queries, e.g., those icoamgbboth band-join and local selection con-
ditions, as well as possible aggregation. Although we hakert the first step with this paper, it remains
a challenging problem to develop methods for composing@pocessing techniques for more complex
gueries. Finally, we are developing a general cost-baséthigation framework for identifying the best
processing strategy. A good starting point is the previoagkven group optimization in NiagaraCQ [6].
However, our space of alternatives is considerably riclreaddition, we are making our system adaptive
at much finer granularity—every incoming data update evantpotentially be processed using a different
strategy.



APPENDICES

A Proof of Lemma 3

Proof: Suppose this procedure maintains a stabbing partitieith size P. ThenP < (1 + )7 at all
times, because each insertion increases the sizbyhat most one, and each deletion does not increase the
size ofJ. On the other hand, note that inserting an interval ihttbes not decreasg /), and deleting an
interval fromI may decrease(I) by at most one. Therefore(l) > (1 =5 )7 at any time before the

T et2
reconstruction stage. Hence,

£ £
P <(1 = (1 1— < (1 I
S+ =g =0+~ =) < L +e)r(])
This implies that the procedure always maintains a stabpémtition of size at mostl + )7 (I). O

B A Refined Algorithm

The amortized cost per insertion and deletion in the simpktegyy (Section 2.3) i®)(nlogn/(e7)).
Katz et al. [15] presented a faster algorithm for maintajnihe stabbing partition wittD((1/<) logn)
worst-case amortized cost per insertion and deletion. Téaelwhck of their algorithm is that each insertion
and deletion requires to upd&®1/=) groups in the stabbing partition. We present a similar atigor with

the same amortized cost, but each insertion and deletignrequires to update one group in the stabbing
partition. Recall that changes in the stabbing partitideroheed to be propagated to other data structures
associated with SSI at runtime. Our implementation theesffequires much less frequent propagations and
is more suitable for real-time applications.

Next we describe the algorithm in detail. LBt= {p, ..., p, } be the stabbing set dfreturned by the
greedy algorithm (Lemma 1), and tet= {I; | 1 < ¢ < 7} be the stabbing partition df corresponding to
P. For eachl; € J, we construct a height-balanced binary tfeehat supports each oNEERT, DELETE,
SPLIT, and DIN operations irO(log n) time [22]. The leaves df; store the intervals of; from left to right
in increasing order of the left endpoints of intervaldjnEach internal node of T; with w andz as its two
children stores an interval, = v,, N .. Note that") I;, the common intersection of all the intervalslin
is stored at the root df;.

We handle each newly inserted interwaby picking a pointp, € ~ and lettingP? = P U {p,}, and
adding a singleton group, = {~} into 7.2 Let J be the set of intervals inserted since the last reconsbructi
of the stabbing partition. Note that these intervals appesasingleton sets ifi. When an intervaly is
deleted, we first check whethere J. If v € J, we simply remove,, from P, v from J, and{~} from
J. Otherwise we find; such thaty € I;, and deletey from I, and the tre€J;; we discardl; andT; if I;
becomes empty. Thus each insertion or deletion ték@gsg n) time, and affects at most one group in the
stabbing partition.

After we have performedr, /(s + 2) updates, we recompute the optimal stabbing sdt, af well as
a corresponding partition of and the tree structure for each group in the partition, gcanstruction
stagethat emulates the greedy algorithm for computing an optstetdbing partition (Lemma 1). It outputs

2pgain, this can be refined as in the basic strategyy i§ already stabbed by some pojate P, and suppose that is the
leftmost such point irP, we can simply add to the group whose stabbing pointris The choice of such is for maintaining the
invariant ) to be stated shortly. For simplicity, we refrain from inviolg this refinement in our subsequent discussions.



exactly the same stabbing set and partitior/ @s the greedy algorithm. However, instead of examining
each interval ofl explicitly, which would requireD(n) time after sorting, it examines each of tb&r)
groups inJ, in O(log n) time per group, thereby reducing the running timétay log n).

Algorithm RECONSTRUCTIONSTAGE

Input: {I; | i > 1} U{L, | v € A} (sorted),T; for eachl;.
Output: smallest stabbing sét, a corresponding stabbing partitiorof I, the tree structurg ; for each
Jel.

1. PJ—0; UV, Ty «— 0;
{The collection of all intervals in the sets &for V' is denoted by/ }
2: while 3 unprocessed nonempty grous
3: K < nextunprocessed nonempty group;
4:  Mark K processed;
5. if I(K) <r(N)J)then
6 if K = I, for somey € A then
7 V—Vu{y}
8 else{K = I; forsomel <i < 7y}
9 I, I; «— SPLIT(L;, (N J));

10: T, T — SPLT(T;, (N J));

11: U«—UU{Il}, Ty < JOIN(Ty, Th);
12: Re-markl; unprocessed if; # 0;
13:  else{l(K) >r(NJ)}

14: if K = I, for somey € Athen

15: I; — next unprocessed nonempty group(if) | 1 < j < 1p};
16: Il I; — Sput(L;,r(NJ));

17: T, T« SPLIT(T3, (N J));

18: U—UU{Il}, Ty < JoIN(Ty, TD);
19: Ty —Tu,

20: for everyy € V do

21: INSERT(T7,7);

22: J—Ju{JL, P—PuU{r(NI)};

23: if K = I, for somey € Athen

24: UTy 0,V —{~};

25: else{K = I, forsomel <i <7y}

26: U—A{L},Ty <7,V <10

Figure 13: Pseudo-code for the reconstruction stage.

Throughout the reconstruction, we have the following irar.
(») Forany~y € I; and¢ € I; with7 < 7, the left endpoint of lies to the right of the left endpoint of

This invariant holds at the start of the reconstruction estdigcause it clearly holds for the initial partition



of I computed by the greedy algorithm, and during subsequerdtepdintervals are only removed from
but never added into eadh During the reconstruction stage, the invariant will remailid because of the
same reason.

Let Ly, Lo,... bethesetsid = {I; | 1 < i < 79} U{L, | v € J} inincreasing order of the
left endpoints of their respective common intersectionbe Teconstruction procedure processes the sets
L1, Lo, ... One by one, and outputs a new stabbing set and the corresgoneiv group ofl as well as
the binary tree structure for each group in the partitionrimguthe process, it maintains a sétof active
intervals, whose common intersection = () 4 is nonempty. Intuitively, the active sekt consists of a set
of intervals on the frontier of this process, but has not getned a complete group because more intervals
might be added into it later. Note that for a reason that weltdime clear shortly, we do not maintain
explicitly, but representl as a family of subsets of setsininitially we setA = L, and start processings.
Suppose we have processkd . .., L,, and returnedy, ..., g, as stabbing points and the corresponding
groups@y, . .., Q.. We now proces$., 1. Letvy,11 = () L.+1, Which is stored at the root of the binary
tree forL, . 1. There are two cases to consider.

Case Liya Nyur1 # 0, i.e., all intervals inL, ., intersectr . We addL,, .1 t0 A, setys = y4 N Yui1,
and procesg.,.o; see Figure 14.

L 1 | |
| | | Lu—|—1 — | L
A | i : | A | | |
| ’YA YA

Figure 14: Case 1y4 N~,+1 # 0. Intervals inA are solid, and intervals ih, | are dashed. We add,
to A.

Case 2:y4 Nyuq1 = 0. If Ly € {I, | v € J}, we letL be the leftmost unprocessed group in
{I; | 1 < i < 79} (Figure 15 (a)); otherwise we sé&t = L, (Figure 15 (b)). LetL’ be the subset of
intervals inL whose left endpoints lie to the left of the right endpointyaf We split L into two setsL’ and
(new) L = L\ L’; we also split the binary tree structufg for L into 7, and (new)J;, accordingly. Note
that the left endpoint of) L remains the same. We addto A and sety4 = v4 N~’. Note that by £), no
other interval fromJ,~,,,; L; can be added intd such thaf) A remains nonempty. We then output a new
stabbing point,; to be the right endpoint ef4 and output a new grou@,.; = A.

We need to construct the trég), ,, for Q,4+1. Let A%4 = A\ J and A™¥ = AN J. Supposed°
is represented &b, ..., L, where eacll; is a subset of a group; € J, and they are sorted in increasing
order of the indices of corresponding groupd.irBy (x), the left endpoints of intervals if/ lie to the left
of those inL;  ;, so we can merge the trees&f, ..., L;. to constructT 4. Next, we insert the intervals
of A"* into this tree. We thus hav,, ,,. Finally, we setd = L, and start processing, ;2.

In summary, at mostry/3 INSERTIONS (1 +¢/3)79 SPLITS and(1 + ¢/3)7y JOINS are invoked in the
reconstruction stage. Therefore the total running tim@(ig log n). Since the procedure is invoked only
aftere7y /(e + 2) update operations, the amortized time for each update $Qh{d + 1/¢) log n). One can
verify that the procedure emulates the behavior of the gredgbrithm (Lemma 1) (although in a batched
manner), and thus returns the same optimal stabbing partis the greedy algorithm does.
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Figure 15: Case 254 N y,+1 = 0. Intervals inA are solid, and intervals i, ; are dashed.r(v,)
denotes the right endpoint of;. (a) L is set to be the leftmost unprocessed grouplin| 1 < i < 7p}; (b)
L - Lu+1.
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