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ABSTRACT

We consider the problem of optimizing and executing multiple con-
tinuous queries, where each query is a conjunction of filters and
each filter may occur in multiple queries. When filters are expen-
sive, significant performance gains are achieved by sharing filter

evaluations across queries. A shared execution strategy in our sce-

nario can either béxed in which filters are evaluated in the same
predetermined order for all input, @daptive in which the next

filter to be evaluated is chosen at runtime based on the results of "9

the filters evaluated so far. We show that as filter costs increase, th
best adaptive strategy is superior to any fixed strategy, despite th
overhead of adaptivity. We show that it is NP-hard to find the opti-
mal adaptive strategy, even if we are willing to approximate within
any factor smaller than logarithmic in the number of queries. We

present a greedy adaptive execution strategy and show that it ap-

proximates the best adaptive strategy to within a factor polyloga-
rithmic in the number of queries and filters. We also show how the

execution overhead of adaptive strategies can be reduced by appro-

priate precomputation. Finally, we present a thorough experimental
evaluation demonstrating the effectiveness of our techniques.

1. INTRODUCTION

We consider the problem of optimizing a collectionamtinu-
ous querieg3], where each query is a conjunction of filters on the
incoming data stream. We focus on scenarios that exslitaiting
meaning the same filter may occur in multiple queries. The goal of
our optimization is to minimize the overall cost of evaluating the fil-
ters by sharing filter evaluations across multiple queries. Note that
our problem is different from that addressedpublish-subscribe
systems [21, 23], which generally focus on special techniques for
indexing a large number of queries (or subscriptions) to quickly
identify which subscriptions match the incoming data. The differ-
ences are discussed in more detail in Section 1.1.

As an example of our scenario, suppose several information an-
alysts are all monitoring an incoming stres8rof images. Each
analyst identifies the images of interest to him by specifying a col-
lection of filtersFi, . . ., Fy, that the image must satisfy. Thus, each
analyst poses a continuous query of the form:

SELECT * FROMSWHEREFy A ... A F},

In this scenario, filters will most likely be shared, as more than one
analyst may be looking for certain characteristics. For example,
one analyst might be interested in outdoor images (ffitgrwith

at least five people in it (filter:), while another analyst might
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be interested in outdoor images (filtBY again) with at least one
person clad in black (filteF).

Filters that detect patterns within an image are often expensive
to evaluate, thereby motivating the need to share filter processing
across queries to increase throughput. (For example, the filter in the
OpenCYV library [19] to detect number of faces, when running on a
1.8 GHz machine, takes an average of 0.5 seconds 860ar 600
image.) Numerous other applications such as network monitor-
video surveillance, monitoring of voice calls, and intrusion
etection, also exhibit shared expensive predicates and have high
throughput requirements (e.g., a video feed needs to be processed

d

in real time).

A naive execution strategy for such scenarios is to evaluate each
query independently on the incoming stream. However, since fil-
ters are shared, this approach can perform a significant amount of
redundant work. A better alternative is to choosshared execu-
tion strategyfor a given collection of queries. In a shared strategy,
filters are evaluated on each data item in some order dictated by the
strategy, until all of the queries are resolved. (Since each query is
a conjunction of filters, a query is resolved as soon as one of the
query filters evaluates to false, or when all of the query filters eval-
uate to true.) In this way, filter evaluations are shared across all
queries. In this paper, we address the problem of finding the op-
timal shared execution strategy for any given collection of queries
that share expensive filters.

Finding the optimal shared execution strategy poses the follow-
ing major challenges:

1. Filter placement. The decision whether a filter should be
evaluated earlier or later in a shared strategy should be made
by taking all of the following factors into account:

e Cost: Filters with low cost should preferably be eval-
uated early, since they might resolve queries at lower
cost.

Selectivity: The average fraction of incoming data items
that satisfy a filter is referred to as thelectivityof that
filter. Filters with lower selectivity should preferably
be evaluated early, since they are more likely to resolve
queries by evaluating to false.

Participation: The number of queries that contain a
given filter is referred to as thgarticipationof that fil-

ter. Filters with higher participation should preferably
be evaluated early, since they can decide the results of
a larger number of queries.

For a given filter, these three factors may give contradictory
suggestions for its placement, so we must devise a placement
method that takes all the factors into account.



2. Execution Overhead Executing a shared strategy incurs their focus is not on deciding the order of filter evaluation, since
some amount of overhead, e.g., keeping track of which filters filters are considered cheap. Another important distinction is that
have been evaluated, and which queries have been resolvedpublish-subscribe systems often exploit the internal structure of fil-
This overhead is in addition to the cost of the filters evaluated ters to achieve sharing [13]. Such techniques to exploit sharing do
by the strategy. Thus the overall choice of the optimal strat- not extend to the “black-box” user-defined filters we consider, or to
egy must take into account the expected total cost of filters other general filters such as those implemented by a table lookup
evaluated by a strategy as well as its execution overhead.  or a semijoin. In the continuous query context, exploiting sharing

To address the above challenges, we first consider the space o{or continuous sliding-window aggregates, but not for expensive
. i ges, X P ilters, is considered in [1]. Expensive filters are considered in [4],

possible shared execution strategies and outline two broad cate-but only for a single query.
gorie; of s_trategiesfixedandadgptive In afix_e d strategy, the order In conventional relation.al DBMSs, shared query execution has
in which filters are evaluated is predetermined and is the same forbeen considered undenulti-query opti'mizatiorﬁB] This work fo-
each date} item on the stream.. In an adaptive strategy, at any Stag%usses mostly on exploiting common join subexpressions in queries,
the next filter to be evaluated is chosen based on the results of theanol does not consider expensive filters. The technigues developed
fllter§ gvaluated so far. Adaptl\{e strategies .(somet|mes aIsp Calledin this paper can also be applied in the classical relational setting for
conditional plang10]) have a higher execution overhead since at

each step they incur the cost of choosing the next filter to evaluate.omlml.Zlng multlple_querles W.'th expensive filters. Optlmlzat_lon
. ) of a single query with expensive filters has been considered in [6,
However, in terms of the expected total cost of filters evaluated

the best adaptive strateqv is often superior to any fixed strate ' 15]. In the context of active databases, the Ariel system [14] has
P ay P y 9Y-heen designed for efficiently evaluating a collection of rules or trig-

Specifically, we show problem instances where any fixed strategy AT ks H ; . blish
has a cosf2(u) times the cost of the best adaptive strategy, where gers uslngjlscrlmlnanon networks However, just as in publish-
' subscribe systems, sharing is achieved by exploiting the internal

w1 is the maximum number of queries in which a filter is present ; o AP
(measuring thextent of sharingf filters across queries). Thus, as structure of the trigger condmo.ns.. Furthermore., optimization in
' ' Ariel is mainly through randomization and hill-climbing with no

the extent of sharlr_lg and fllte_r costs increase, the higher execuponé)rovable guarantees of optimality.

overhead of adaptive strategies is compensated for by the saving h ; f daoti . .

obtained in filter evaluation cost, thus motivating the need to design Note that our notion of an adapiive execution strategy Is not re-
! lated to adaptive plans iBddies[2], or even Eddies with content-

and analyze adaptive strategies, based routing [5]. In Eddies, different plans may be chosen for

co\é\t/ea:jhaer;i\(/:gr;?rlgteer theWohp;terazrlaetlggsﬁ)rgfb;e;\:rgtfglndilgghtgee)l(eaeitt-e djifferent tuples in order to adapt to changes in operator costs and
p 9, 9y p Selectivities over time. In our case, we assume that operator costs

total cost of filters evaluated by it. A key idea behind our results is and selectivities do not change over time. Rather, different plans

to model this optimization problem as a probablllstl_c version ofthe may be chosen for different tuples since the next operator (filter) to
well-known set covermproblem [12]. Based on the similarity to set . )
cover. we first show a lower bound: it is NP-hard to find an ada be evaluated is based on the results of the filters evaluated so far.
. ! s : 'aD" There has been work on sharing in the Eddies context [16], but this
tive strategy whose cost approximates the optimal cost to within .

work does not provide provable performance guarantees.

any factor smaller thain m, wherem is the number of queries. T - )
We then give a greedy adaptive strategy, and we show that its cost We note that our problem is similar in spirit to [11], where adap

. ; o 2 tive querying of information sources is considered, each of which
approximates the optimal cost to within a fac@(log m logn), . : e
; . . answers a subset of queries with some probability, time delay and
wherem is the number of queries as before, anid the number of

' . T cost. The significant difference with our work is that they assume
filters. Our experiments indicate that the greedy strategy performs . . ) . o

; . each information source (predicate in our case) satisfies each query
very well in practice.

Einally we consider the problem of reducing the execution over- with some probability which is independent of its satisfying another
Y, . €p cing query; in our setting, the filter satisfies all queries it belongs to with
head for adaptive strategies. One method is to precompute and stortfh bability i fectl lated fashi Thi k
which filter is to be evaluated next for each possible combination e same probability In a perfectly correlated fashion. This makes
- . our problem harder to approximate and we need different solution
of outcomes of the filters evaluated so far. (Essentially, we would

be materializing the “decision tree” corresponding to the adaptive strategies and analysis techniques.
. i . As far as we are aware, we are the first to consider the shared
strategy.) However, in general, this approach requires space expo- ueries broblem presented in this paper
nential in the number of filters. We give an algorithm that takes into q P P paper.
account the amount of space available to store the decision tree and| 2 Summary of Contributions
decides which parts of the decision tree should be precomputed so

that the execution overhead of the strategy is minimized. e We formally define the problem of optimizing a collection of

1.1 Related Work

There has been work pertaining to shared query execution in both
the data streams context [3] as well as the classical DBMS context.
For data streams, most of the work on shared query execution is for
publish-subscribesystems, e.g., [7, 21, 23]. In publish-subscribe
systems, the problem setting is essentially the same as ours: Each
user specifies (or subscribes to) the data of interest by specifying
conditions on the incoming data stream, and the goal is to dispatch
each incoming data item to all matching subscriptions. Publish-
subscribe systems generally focus on scenarios where the number
of subscriptions is very large (of the order of millions), and they
use special disk-based indexing mechanisms to efficiently locate
the matching subscriptions for a given data item. Unlike our work,

queries with conjunctions of shared filters (Section 2).

We explore the space of shared execution strategies and show
that when filters are expensive, the optimal strategy is adap-
tive (Section 3).

We show the hardness of finding (even approximating) the
optimal adaptive strategy, and we give a greedy adaptive strat-
egy that approximates the optimal strategy to within a factor
O(log® mlogn), wherem is the number of queries andis

the number of filters (Section 4).

We show how the execution overhead of an adaptive strategy
can be reduced by appropriate precomputation (Section 5).



initialize the status of every query i@ to unresolved (Lines 2-3).
At any stage, the next filtdf to be evaluated is chosen according to
strategyP, andF is evaluated on itera (Lines 5-6). IfF' evaluates

to false, then all queries that contaihare resolved to false (Line
2 8). Otherwise, ifF’ evaluates to truef" is removed from all the

3 queries it is part of. Any querg) that now becomes empty (i.€,

4 was the only remaining filter i), is resolved to true (Lines 10-
5 11). This process is continued until all queriesnare resolved.
6. evaluate” on s We assume the set of queri@sis indexed on filters, so that for any
;- if (F" evaluates to false) filter F, the queries that contaif can be determined efficiently
9.

10.

11.

Algorithm ExecuteStrategy(P)
‘P: Shared execution strategy for the set of que@es
1. for each data itera on streamS
for each query) € Q Flnitialization*
statu$®) < unresolved, numFiltersLei)) — |Q)|
while (status®) = unresolved for som@)
choose next filteF’ to be evaluated according 1

for eachQ whereF" € @ statugQ) « false (so that Lines 8 and 11 can be executed efficiently).

else Next we describe our cost model for shared execution strategies
for each) where " € @ numFiltersLef(Q)- - (Section 2.1), then formally define the problem of optimization of
if (numFiltersLeftQ?) = 0) then statug)) — true queries with shared expensive filters (Section 2.2).

2.1 Cost Model

In order to compare different shared execution strategies and to
choose the best one among them, we need to associate a cost ex-
pression with every strategy. The execution cost of a shared strat-
egy consists of two major components:

Figure 1: Execution Algorithm for a Shared Execution Strategy

e \We give a thorough experimental evaluation showing that our
techniques lead to a significant improvement in performance 1 cost of filters evaluated This is the total cost incurred in
over more néve techniques (Section 6). Line 6 of Algorithm ExecuteStrategiy Figure 1.

2. PRELIMINARIES 2. Execution overhead This is the cost incurred in the rest
of the algorithm in Figure 1, i.e., excluding Line 6. Execu-
tion overhead consists of two parts—bookkeeping cost (such
as keeping track of the number of filters remaining in each
query), and the cost of adaptivity, i.e., the cost incurred by

Consider an incoming streafof data items. Let there be a set
of m queriesQ = {Q1, ..., Qm} posed on strear. Each query
Qi is a conjunction of filters on the items 6f

Qi : SELECT*FROMS WHEREF} A...AFF (1)

For the rest of the paper, we denote the qugras the set of filters
{F},..., FF}, omitting the implicit conjunction. ThusF’ € Q
denotes that filtelr” occurs in queryQ. Filters may be shared

‘P in deciding the next filter to be evaluated (Line 5). The
cost of adaptivity depends on the specific pfan but the
bookkeeping cost is independent®fand (for any tuple) is
at mostO(1) per filter present in a query, making@(\)
overall.

among queries. For exampléy = Ff denotes that theth fil-

ter in queryQ@; is the same as thigh filter in query@;. Let there We are focussing on applications with expensive filters (e.g., de-
be n distinct filters over all the queries i@, denoted by the set  tecting patterns in images, and others mentioned in the introduc-
F = {F,...,F,}. For agiven collection of queries and filters, tion), and thus the first component of execution cost typically dom-
we also define the following variables: inates the second. In this paper, we primarily focus on filter evalua-
tion cost and we address the problem of designing execution strate-
gies that minimize the expected total cost of filters evaluated. In
practice, it is also important to keep the execution overhead low,
and we give techniques for doing so in Section 5.

To arrive at an expression for the expected total cost of filters
evaluated by a strategy, as in much of previous work [4, 6, 15], we
assume that for each filtér; € F, the following two quantities are
Note thaty measures the extent of sharing of filters between known:

queries. Also note that < min(mk, nu).

A shared execution strate@for the queries ir@ gives an order
in which the filters inF should be evaluated on the items of stream
S. Formally, a shared execution strategy in its most general form is
defined as follows:

© | maximum number of queries a filter is present in
K maximum number of filters present in a query
A | number of(F;, Q);) pairs whereF; is present irnQ;

Table 1: Variables in a Given Problem Instance

e Cost The average per-item processing time (or intuitively,
the cost) of filterF; is denoted by:;.

e Selectivity: The average fraction of data items that satisfy
filter F; is referred to as theelectivityof filter F;, and is
denoted bys;. The selectivitys; can also be interpreted as
the probabilityPr[F; = trud, where the probability is taken
over the distribution of input data items.

DEFINITION 2.1. (SHARED EXECUTION STRATEGY). A sha-
red execution strateg for the set of querie® is a function that
takes as input the set of filters evaluated so far and their results,

and decides the next filter to be evaluated.] o ) ) )
For simplicity of presentation and analysis, we assunaepen-

StrategyP in its general form is said to bedaptive In the spe- dent filtersin the remaining discussion, i.e., the selectivity of a fil-
cial case whefP always evaluates filters in the same order for each ter does not depend on the filters already evaluated. Note that our
data item, regardless of the results of the filters evaluated sBfar, algorithms are more general, and work evendorrelated filters
is said to befixed This classification is elaborated upon in Sec- (as demonstrated by our experiments in Section 6.2.5); we mention
tion 3. the simple modifications needed wherever appropriate.

The execution algorithm for a shared stratggyis as follows Consider a shared execution strat@ylete; be the probability
(see Figure 1). For each incoming itesron streamsS, we first that P will evaluate filter F; on an incoming iters. In general,



e; may be less than because all the queries might get resolved

there is no simple closed form for the probability However,e;

before F; is evaluated. Then the expected cost of filters evaluated is simple to calculate as follows. Consider each possible result

by strategyP is given by:

cos(P) = e -c (2

=1
The exact expression fer depends on the specific type of strategy
‘P and is given in Section 3; can be written in terms of selectivi-
ties of filters as shown by the following example.

EXAMPLE 2.2. Let there be two querieQ: = {Fi, F>} and
Q2 = {F», F3}. LetP be a fixed execution strategy that always
evaluates the filters in the orddt;, F5, F». According to strategy
P, filters F} and F3 will always need to be evaluated. Thes=
es = 1. However, filterF: will need to be evaluated only if at least
one of F; or F5 evaluates to true. Since filters are independent,
the probability thatF> will need to be evaluated (i.eRr[Fi =
true Vv Fj true] is es = s1 + s3 — s1s3. Thus the cost of
strategyP according to(2) is:

Cos{(P) = c1+c3+ (s1+s3—s153)c2 O

2.2 Problem Statement

The problem of optimizing queries with shared expensive filters
can be defined as follows:

DEFINITION 2.3. (OPTIMIZATION OF QUERIES WITHSHARED
EXPENSIVE FILTERS). Given a set of querie® of the form(1),
find a shared execution strategy(Definition 2.1) such that co&P)
given by(2) is minimized. ]

The problem of finding the best adaptive strategy is NP-hard
(Theorem 4.2). We therefore focus on designing approximation
algorithms. We give the standard definition of approximation ratio
that is used to measure the quality of an approximation algorithm.

DEFINITION 2.4 (APPROXIMATION RATIO). An algorithmA
has an approximation rati& (or is a k-approximation) if for all
possible instances of the problem,is guaranteed to result in a
solution whose cost is at mastimes the cost of the optimal solu-
tion. [

3. SHARED EXECUTION STRATEGIES

Recall Definition 2.1 of a shared execution strategy. In general,
a strategyP decides the next filter to be evaluated based on the

results of the filters evaluated so far. Such a strategy is referred to

as anadaptivestrategy. However, a simple special case is when

of the evaluation ofF, ..., F;_; (there are2°~! possible values
for v). Calculate the probability(v) of v by using independence
of filters and thatPr[F}, = trug = si for any k. Let b(v) be
the indicator variable denoting whether any query contairfing
remains unresolved if the result of evaluatify, ..., F;_1 is v.
Thene; is given by

ei =3 p(v) - b(w) ©)

ExAMPLE 3.2. We redo Example 2.2 usiifg). Recall the fixed
strategyP = Fi, F3, F>. SinceF; is the first filter inP, e; = 1.
Next, sinceFs; needs to be evaluated regardless of the result of
evaluatingF', we havee; = 1. To calculateesz, we consider all
possible results of evaluating, , Fs.

v p(v) b(v)
Fy =false,F3 =false| (1 —s1)(1—s3)| O
I, =false,F53 = true (1—s1)ss3 1
Fy =true, F3 = false s1(1 — s3) 1
Fy = true, F3 = true 5183 1

The last 3 rows in the table above hai@) = 1 since at least one
of @1 and Q- (both of which contairF,) remain unresolved. Thus
ey = (1 — 81)83 —+ 81(1 — 83) + 8183 = 81 + 83 — 8183 AS in
Example 2.2. [

Fixed strategies are of interest because it is known from previ-
ous work that for the special case of a single query (e~ 1),
the optimal strategy is a fixed one, and is given by the following
theoren.

THEOREM 3.3. [15] For a single query that is a conjunction of
filters F1, ..., F,, itis optimal to evaluate the filters in increasing
order of rank, where ranl¢;) = ¢; /(1 — s;). [

Now consider the stratedyixedGreedythat is a néve extension
of the above theorem to multiple queridSixedGreedyprocesses
the queries sequentially in arbitrary order. For each query, the fil-
ters are evaluated in the order given by the single-query greedy
algorithm (Theorem 3.3). We now show a performance bound for
FixedGreedy

THEOREM 3.4. FixedGreedys a pu-approximation (recall def-
inition of i from Table 1).

PROOF. Suppose the optimal strategy interleaves evaluation of

P evaluates filters in a fixed order, independent of the results of filters from different queries. However, for any single query, the

the filters evaluated so far. In this cagejs referred to as éixed
strategy. We study these two types of strategies in the following
subsections.

3.1 Fixed Strategies

DEFINITION 3.1. (FXED STRATEGY). A fixed strategy is a
shared execution strategy that evaluates the filtet8 on any data
item in a fixed order (say1, ..., F;, without loss of generality).
No redundant work is done: if the evaluation®f, . .., F;_; re-
solves all queries that contaifi;, the evaluation of’; is skipped. [

We first show how to calculate the cost of a fixed stratBgyor
this, we need to find the probability thatP evaluatesF; (recall
(2)). F; will be evaluated only if the evaluation @i, ..., F;—: is
not sufficient to resolve all queries th&f is part of. Unfortunately,

expected cost of the filters evaluated by the optimal strategy for re-
solving that query is at least the cost spentHyedGreedy(since
FixedGreedys optimal for any single query). Since each filter ap-
pears in at most queries, the cost dfixedGreedycan be at most

u times that of the optimal strategy[]

In Theorem 3.7, we will show that this approximation ratio of
O(u) is the best possible fanyfixed strategy. Theorem 3.4 shows
that the performance dfixedGreedydeteriorates as the extent of
sharing, i increases. IntuitivelyFixedGreedyperforms badly in
the case of multiple queries because the placement of filters in the
strategy does not take into account tfagticipation of each filter,

i.e., the number of queries in which the filter participates. In fact,

The problem is NP-hard when filter selectivities are correlated,;
however, the same greedy ordering modified to use conditional se-
lectivities yields an approximation ratio of 4.



can be calculated for each nodé For Example 3.5Pr[N] for
each nodeV is annotated in Figure 2.
As in the case of fixed strategies, to calculate the cost of an adap-
tive strategyP, we must calculate the probability thatP evalu-
ates filterF; (recall (2)). If filter F; occurs at node®V}, ..., NF
of the decision tree, thes is given by

Pr[N4] = 8182 Pr[Ne] = (1 - S1)S3

k
e; =y  Pr[N/] )
j=1

Figure 2: Decision Tree for Example 3.5 . . .
9 P ExAamMPLE 3.6. We continue with our running example (Exam-

ple 2.2) and the adaptive strated shown in Figure 2. Since
our main adaptive strategy presented in Section 4 can be viewed asfi occurs at the roote; = 1. F> occurs at nodesV, and Ns.
an extension of Theorem 3.3 to take participation into account. ~ From(5), ez = Pr[N2] + Pr[Ns] = s1 + (1 — s1)s3. Similarly,
Fixed strategies have a low execution overhead: they only incur es = 1 — s1 + s152. From(2):
the usual bookkeeping cost 6 \) for each data item (recall Sec- _ B ) _ )
tion 2.1). To avoid redundant work, when a filtéris chosen to coS(P) = c1+ (s1+ (1 =s1)s3) -2+ (1= s1+s152) -es [
be evaluated, we iterate through all the queries in wiiigbartici- We now motivate the need for designing adaptive strategies by

pates. If all these queries are resolved, evaluatiof &f skipped. showing that they are vastly superior in performance to any fixed
The cost of these iterations is also of the same order as the b°°k'strategy when the sharing parametes large.

keeping cost (at mogP(\) for each data item). Apart from this,
the decision step in Line 5 of Figure 1 is very cheap, since filters ~ Theorem 3.7. There exist problem instances where the cost
are evaluated in a fixed order. However, in terms of the expected of any fixed strategy i9(1) times the cost of the optimal adaptive
total filter evaluation cost (given by (2)), fixed strategies are often strategy. [
inferior to the more general adaptive strategies, as shown next.

The proof of the above theorem appears in Appendix A. The bound

3.2 Adaptive Strategies given by the above theorem is tight since we have already seen (in
Recall Definition 2.1 that defines general adaptive strategies. An Theorem 3.4) that the fixed stratelgixedGreedys ap-approximation.
adaptive strategy can be represented convenientlglasision tree Adaptive strategies have higher execution overhead than fixed
in which each node corresponds to a filter and has two children strategies since they incur the cost of deciding the next filter to
referred to as th&es child and theNo child respectively. be evaluated at each step. One way to avoid this cost is to store

To build the decision tree for a given adaptive strat@gynote the entire decision tree corresponding to the strategy in memory.
that the first filter to be evaluated By must be a fixed filtet” However, storing the entire decision tree is infeasible in general
(since there are no previous filters on whiElrtan depend). Make  since its size can be exponential in the number of filters.

F the root of the decision tree. Add as ties child of F' the In the next section, we focus on filter evaluation cost and con-

filter thatP evaluates next i" evaluates to true. If the evaluation sider the problem of finding the adaptive strategy that minimizes

of F'to true resolves all queries and there are no more filters to be the expected total cost of filters evaluated for a given set of queries.
evaluated, th&es child of F' is a special leaf node marked The Thenin Section 5, we show how the execution overhead of an adap-
No child of F' is constructed similarly based on what happens if tive strategy can be reduced by appropriate precomputation.

F evaluates to false. The subtrees of ¥es andNo children are

then built recursively. Note that multiple nodes of the decisiontree 4 FINDING THE OPTIMAL STRATEGY
may correspond to the same filter. . . . . .
In this section, we consider the problem of finding the optimal
EXAMPLE 3.5. We continue with our running example (Exam- strategy for a given set of queries (Definition 2.3). We first show

ple 2.2). Recall the querie®; = {F1, F>} andQ2 = {F, F5}. the similarity of our problem to the well-known set cover problem
Consider the adaptive stratedy that first evaluatesr. If Fy (Section 4.1). Based on this similarity, we show the hardness of
evaluates to trueP evaluatesFs,, otherwise it evaluategs. The finding (or even approximating) the optimal strategy in the general

third remaining filter is then evaluated if needed. The decision case. We then identify special cases where this hardness does not
tree corresponding t@ is shown in Figure 2, with nodes named hold (Section 4.2). We then give a lower bound on the cost of
Ni,...,N7. the optimal strategy (Section 4.3), followed by our general greedy

) ) ) ] adaptive strategy in Section 4.4.
The execution of? for each data item can be viewed as starting

at the root of the corresponding decision tree and traversing to one4.1  Hardness and Set Cover
of the leaves based on filter results. We assume that no two nodes
on the path from the root to a leaf can correspond to the same filter DEFINITION 4.1 (ST CovER PROBLEM [12]). Givenacol-
(since that would constitute redundant filter evaluation).JbgtV] lection S of k setsSi, ..., Sk, choose a minimum collectiah of
denote the probability that a nodé is visited during execution of sets fromS that covers the universal set, i.EJ,SiGC S = Ule S;.
P. Let Ny.s and N,,, denote the children alV. If the filter at v
is F;, we have (by usin@r[F; = trugl = s; and independence of For our problem, let the universal set be the set of all quadies
filters): and let each filteF’; be a setS; = {Q € Q|F; € Q}. Thus, afilter
Pr[Nyes] = Pr[N]-s: covers all the queries that it can potentially resolve, and the aim
yes ! (4) is to pick the least-cost collection of filters that resolve (or cover)
Pr[Nno] = Pr[N]-(1—s;) oo J
all the queries; hence the similarity to set cover. However, our
Thus, given thaPr[roof|=1 (since the root is always visited)y[ V] problem departs from classical set cover in that the notion of a filter



resolving (or covering) a query is probabilistic. Thus, when a filter Consider the following linear program with variables . . ., e,.
F; is picked, it resolves the set of queri§sonly with probability "
1 —s;, i.e,, when it evaluates to false. Otherwise, with probability Minimize Z ¢ e subject to: @)
si, 1.e., when it evaluates to true, it resolves only those queriSs in
in which it was the solitary filter. Thus our problem can be viewed
as a new probabilistic version of set cover that, to the best of our . e >
knowledge, has not been considered before. Vgluerles@ €eQ 25 Fj eq,(1—s)e; 2 7
We now show the hardness of finding the optimal adaptive strat- viilters F; € F e € [0,1]
egy, and then |dent|f_y certain special cases where thls_ hardness does Tueorem 4.4. The cost of the optimal strategy is lower bounded
not hold. The fqllowmg hardnegs result for our optlmlzatlon.prob- by the optimum value of the linear program(i#).
lem follows easily from a reduction from set cover (recall thais . .
the number of queries), and the proof is omitted. PROOF Consider any adaptive strate@: Let e; denote the
probability thatP evaluates filte;. By the union bound in prob-
THEOREM 4.2. No polynomial-time algorithm for finding an  ability theory,Pr[Q; resolves to false=r; < 3 | p ¢, PrlF;

Jj=1

adaptive strategy can have an approximation rat{n m), unless is evaluated\ F; = falsd. SinceF; evaluating to false is inde-
P=NP. pendent ofF; being evaluated, we have:
4.2 Limited Phase Adaptivity i< Y (=)

Before considering full-blown adaptive strategies, we show in I F5€Q:

this section that wher (the maximum number offiltersina query) - From (2), the cost oP is 32" L ¢; - e;. Thus, the optimum value

is small, there exist strategies that make only a small number of of the jinear program in (7S:is a lower bound on the cost of any
adaptive decisions, and yet have a good approximation ratio. Suchagaptive strategy. []

strategies that make a small number of adaptive decisions are in-
teresting since they are closer to fixed strategies in having a low The above linear program essentia”y approximates the probab”-
execution overhead. ity of filter evaluations for any decision tree by using linear con-
An adaptive strategy that makésadaptive decisions evaluates straints that are derived by applying union bounds. This makes
its filters ink + 1 phases, where the filters in each phase are fixed the lower bound efficiently computable. However, we have not en-
according to the results of filter evaluations in the previous phases. coded the constraint that the valuesegfmust be obtainable from
The next theorem (whose proof will be presented in an extended some decision tree by (5), which seems hard to do through a linear
version of the paper) follows by observing the similarity of the program. Thus, the above lower bound may be loose. However, for
problem toVertex Coverfor x = 2 and tox-Hypergraph Vertex  our problem, it turns out to be good enough for designing approx-
Coverfor general. imation schemes. (In our experiments, we found that this lower
bound was only about a factor of 2 lower than the actual optimal
THEOREM 4.3. 1. Whens = 2, there exists a polynomial-  COSt).
time algorithm to find a strategy that is &approximation, This general technique of lower bounding the value of an adap-
and that makes no adaptive decisions, i.e., is fixed. tive strategy using linear constraints is also used in the context of
stochastic scheduling [9, 20] to develop non-adaptive strategies that
are constant factor approximations to the best adaptive strategy. For
our problem however, we use the linear program to design approx-
imate adaptive strategies.

4.4 Greedy Adaptive Strategy
~ The above theorem adequately demonstrates the power of adap- | this section, we describe our general greedy adaptive execu-
tivity for our problem: Forx = 3, using Theorem 3.7, any fixed  tjon strategy and provide theoretical guarantees regarding its cost.
strategy is arf2(u)-approximation. However, by Theorem 4.3, for  Recall the similarity of our problem to set cover (Section 4.1). The
x = 3, we can find an adaptive strategy that is a 9-approximation fo|lowing greedy algorithm is the best known polynomial-time al-
and makes only one adaptive decision. Thus, allowing for adaptive gorithm for set cover: Start by picking the set that covers the max-
strategies with just one intermediate decision can yield a dramatic j;um number of elements. Then at each stage pick the set that

performance benefit & (1) for such instances. covers the maximum number of uncovered elements, and continue
We now build towards designing a general adaptive strategy. We ntil all elements are covered.

start by presenting an efficiently computable lower bound on the | et us try using this algorithm to find an adaptive strategy for our

2. For generalk, there exists a polynomial-time algorithm to
find a strategy that is a® (x?)-approximation, and that makes
k — 2 adaptive decisions.

cost of the optimal adaptive strategy. problem, which is a probabilistic version of set cover. Our aim is to
resolve all queries. Thus, at any stage, we should pick the filter that
4.3 Lower Bound on Cost is expected to resolve the maximum number of unresolved queries

In this section, we prove a lower bound on the cost of the optimal per unit cost. This algorithnGreedy is shown in Figure 3 (writ-
strategy. This lower bound is used to bound the approximation ratio ten assuming it will be invoked repeatedly by Line 5 of algorithm
of our algorithm. It is also used in our experiments (Section 6) as a ExecuteStrategy Figure 1).

benchmark to compare our algorithm against. If there exists an unresolved quegythat has only a single un-
For every queng; € Q, letr; denote the probability tha®; evaluated filterF”, then evaluation of” is necessary to resohvg.
resolves to false. Then, Hence we first evaluate any such filter(Lines 1-2 of Figure 3).
Suppose filter”; occurs inp; unresolved queries. Then with prob-
ri=1-— H S; (6) ability 1 — s;, F; resolvesp; queries (when it evaluates to false),

JlF;eQ; otherwise with probability; it does not resolve any queries (when



If filter selectivities are correlated, each time a filter is evaluated,

Algorithm Greedy the pRanks of all other filters needs to be updated since their con-
1. if (3 unresolved querg) with exactly1 unevaluated filter) ditional selectivity changes. The number of such updatéxis’).

2. pick the single filter irQ to be evaluated next The total amount of work is no@((\ + n*t) logn). We assume

3. else that computing the new selectivity takégime; in practice, for

4. p; « number of unresolved querids is part of simple types of correlation, this computation can be implemented
5. pRankF;) < -~ in O(1) time using table lookup. [

6. pick unevaluated filter with min pRank to be evaluated next

Note that the execution overhead @feedyis only O(logn)
times worse than the fixed bookkeeping overhead. This however
can be significant, especially for cheap filters. We now show how
the execution overhead Gfreedy(or any adaptive strategy in gen-
eral) can be reduced by precomputation.
it evaluates to true, since there are no queries with a single filter
remaining). Thus the expected number of queries resolves; by 5. REDUCING EXECUTION OVERHEAD
is p;(1 — s;). Analogous to Theorem 3.3, we define the pRank of ™~ ) .

F; as the ratio of; to p;(1 — s;), and then pick the filter with the One way to reduce the execution overhea}d of an adaptive strat-
minimum pRank (Lines 4-6 of Figure 3). ThuSreedycan also egy P, given arbitrary amounts of memory, is to precompute and

be seen as an extension of the technique in Theorem 3.3 to takeStore the entire decision tree correspondin@tdeciding the next -
participation of a filter into account, i.e., the number of queries in filter to be evaluated is then a simple lookup into the stored decision

which a filter occurs. tree. However, in general the size of the decision tree may be ex-
If the filter selectivities areorrelated we need a simple mod- ~ Ponential in the number of filters, making it infeasible to store the
ification to the definition of pRank. Let; denote the conditional ~ €ntire decision tree unless the total number of filtg7sis small. In

selectivity of F; given the results of all filters evaluated so far. Then Practice, we may have sufficient memory to precompute and store
pRank F;) — —fi—, wherep; denotes the number of unre- only someM nodes of the decision tree, with the rest of the filter
pi(1—s;)’ ¢

solved queries; participates in selections occurring dynamically. Our goal is to decide whi¢h

The algorithmGreedyturns out to be hard to analyze since the nodes from the decision tree to precompute and store, such that the

number of adaptive decisions made is large. Instead, we have ana_expecte_d execution ovc_arhead |ncurre_d IS m'n'm'ZE(.j'
Consider the execution overhead incurred wheis executed

lyzed a natural variant dbreedy(calledGreedyVariantthat makes
Y A y X with M stored nodes. Recall from Section 3.2 that the execution

use of the bound in Section 4.3 more directly and hence is easier to . . . .
analyze.GreedyVariantevaluates chunks of filters non-adaptively ©f @n adaptive strategy for each data item can be viewed as starting
at the root of the decision tree and traversing down to some leaf

before making the next adaptive decision (in contrasGteedy | h h .

that evaluates one filter before making the next adaptive decision)._nc’de' Fo_r any nodeV;, let o[NV;] denote the overr ead |_nc_l_Jrred

GreedyVariantis given in Appendix B (Figure 13). We have ob- M computing nodev;, an_d IEtPr[N?} be the_pro_bablllty of visiting
nodeN; (from (4)). If V; is stored, its contribution to the execution

tained the following performance bound f@reedyVariant(the R . - .
proof is provided in the extended technical report [18]). overhead i$) since only a simple lookup is needed wheneWeiis
visited. If V; is not stored, the expected contribution/éf to the
THEOREM 4.5. Algorithm GreedyVariant (Figure 13) has an  overall execution overhead is given by:
e . 9
approximation ratio oD (log“ mlogn). [ O[N:] = Pr[Ny] - o[ Ni] ®)

Figure 3: Greedy Adaptive Strategy

Note that although the above theorem assumes independent ﬁ"CIearIy
ters, we have performed experiments for both independent and cor- '
related filters. In our experimentSreedyVarianalways performs
worse tharGreedy(although only slightly so), which gives strong

evidence thaGreedyitself has similar theoretical guarantees. In every nodeN; wherec is some constant. However, our algorithm

prgctice,Greedyperforms very well and_produces the thimal S0- only requires thab[V;] decreases as we go down the decision tree,
lution on most instances. We now consider the execution overheadi.e_’ if node NV; is an ancestor of noda;, theno[N;] > o[N;].

of Greedyat each invocation. This assumption is reasonable because the overhead of deciding
the next filter often depends on the number of unevaluated filters
(as inGreedy or the number of unresolved queries, both of which
decrease as we go down the decision tree. Note that the probability
of visiting nodes also decreases as we go down the tree (from (4)).
Algorithm PrecomputgFigure 4) decides the best nodes to
be stored without computing the whole decision tree. Sijdé]
PROOF We maintain a priority queue of filters sorted by pRank. andPr[N;] both decrease as we go down the decision (t§&/;]
Each time a filter is evaluated, consider the queries that this fil- also decreases on going down the decision tree. Hence any node
ter participates in. If these queries are resolved, they are deleted.in the subtree of nod®’; need not be considered for storing unless
The total work involved in deleting resolved querie€ié\). The N; has already been stored. Thus, algoritRracomputestarts by
pRanks of all filters that participate in these queries needs to be considering only the root for storing, and then every time a néde
updated. For a given query, this operation happens once when thes chosen for storing, its children are added to the set of nodes being
query is satisfied. Therefore, the total number of times the pRank considered for storing. This process continue uhbfilnodes have
of filters is updated i©) (). Each of these updates involves manip- been chosen, and requires ol M) node computations. This
ulating the heap, which také&3(log n) time. reasoning yields the following theorem.

to minimize the expected overhead given space for storing
only M nodes, we must store those nodes that havé fheghest
values forO[N;].

For this paper (in our experiments), we asswiW¥;] = ¢ for

THEOREM 4.6. The per-tuple execution overhead of algorithm
Greedyis O(\logn) for independent filters ang\ + nt) logn)
for correlated filters, where is the time for computing a condi-
tional selectivity value. Recall thatis the total number ofF;, Q)
pairs whereF; is present inQ);.



6.1 Problem Instance Generation

We built aproblem instance generatavith the following input
parameters:

Algorithm Precompute(M, P)

M: number of decision-tree nodes that can be stored

‘P: Adaptive strategyP

1. candidates— {root of decision tree corresponding®}

2. while (number of stored nodes M)

3. store nodeV; € candidates with maximur®@[N;] (from (8))
4. candidates— candidates- {V;} U children of N;

n,m | Number of filters and queries respectivgly
¢,s,p | Range of filter costs, selectivities, and
participation respectively

Table 2: Input Parameters to Problem Instance Generator
Figure 4: Algorithm for Precomputing an Adaptive strategy

The generator first creates a gebf n filters and a se© of m
empty queries. For each filter ifi, the cost, selectivity, and par-
ticipation (the number of queries it is part of) are chosen uniformly
at random from the rangé&sands andp respectively. Lep be the
midpoint of the rangeg. Then on average each filter occurspin
queries.

6. EXPERIMENTS Each quenyQ; € Q is assigned a weight; chosen uniformly

We now present an experimental evaluation of our techniques. at random from[0, 1]. Each filter F; € F (having participation
We carried out two broad categories of experiments—one measur-p;) is then added to a randomly chosen seppfjueries fromQ
ing the expected total cost of filters evaluated by a strategy, and with query @Q; being chosen with probability proportional to;.
the other measuring the execution overhead incurred by a strategyThus, at the end of the generation process, the expected number of
For our cost experiments, we compared our shared execution stratfilters in a query is proportional to its weight. Assigning weights
egy Greedy(Figure 3) against the following two ha execution to queries avoids always generating problem instances in which all
strategie% queries have roughly equal number of filters. The average number
of filters per query (across all queriesyig/m.

For our synthetic problem scenarios, filter evaluation is simu-
lated by randomly deciding whether a filter evaluates to true or
false, withPr[F}; evaluates to trye= s;, independently for every
filter (except for Section 6.2.5 where we experiment with correlated
filters).

THEOREM 5.1. Algorithm Precompute decides thé¢ nodes to
store such that the execution overhead is minimizéd.

1. Naive This strategy models what a system that optimizes
queries one at a time would do when multiple queries of
the form (1) are registered. Each query executes in isola-
tion from other queries and evaluates its filters in rank order
for every data item (Theorem 3.3). Filter evaluations are not
shared across queries.

2. Shared This strategy models a first cut towards sharing. 6.2 Cost Experiments
Each query evaluates its filters in rank order adla@ive If In Sections 6.2.1 to 6.2.4, we experiment with synthetic prob-
a query( needs to evaluate a filtdf that has already been  |em instances, varying the input parameters to our problem instance
evaluated by some other que€y,reuses the previous result.  generator, and studying their effect on the expected total cost of
Each query evaluates one filter at a time with round robin filters evaluated by the execution strateg@eedy Shared and
execution among the queries. Additionally, when a filler ~ Naive Then in Section 6.2.6, we report our results on a real prob-
evaluates to false, all queries containifigare marked as re- lem instance.
solved and do not execute any further for that data item. For each generated problem instad¢and for each strategy

For our execution overhead experiments, we included another exe-P€ing compared, we first measured the average caBtai / by

cution strategy calle€achein our comparisonCacheis Greedy simulating the execution g on 1000 input tuples. We found that

augmented with a fixed-size cache to precompute and store somel000 tuples were enough to measure the average cost accurately

nodes of the corresponding decision tree according to Algorithm Since even on increasing the number of tuples, the measured aver-

Precomputeén Figure 4. age cost did not undergo any considerable change (typically within
To capture a wide range of scenarios, we experimented with syn- 2%). We then computed a lower bound on the cost of the optimal

thetic as well as real problem instances. The main findings from our Stratégy on/ by using the linear program in Section 4.3. Finally,
experiments are: we computed the ratio of the average cosfbn I to this lower

) bound (referred to as th@pproximation ratioof P on I). Note
1. For the problem instances we generated, the expected totaknat in reality this ratio is only an upper bound on the actual ap-
cost of filters evaluated _bgareedyls about_tWICe the Op’Flmal proximation ratio and not the exact approximation ratio, since it is
cost, whereas foBharedit can be up ta times the optimal  gptained by using a lower bound on the optimal cost and not the
cost, and folNaiveup to12 times the optimal cost. exact optimal cost (which seems hard to find without an exhaustive

2. As expectedGreedyhas a higher execution overhead than S€arch). , , , ,
Shared However, the execution overhead can be substan- 10 compare various strategies for a partlt_:ular settlng_of parame-
tially reduced (comparable ®harel by usingCache ters, we randomly generated 100 problem instances with the same
parameter settings using our problem instance generator (Section 6.1).

We first describe how we generated problem instances for our ex- For strategyP, we then use the worst (or maximum) approximation
periments (Section 6.1). Due to space constraints, we have beefyatip of P on any of these 100 instances as a metric for comparing
able to include only a subset of our experimental results. We report p yith other strategies. We use the maximum and not the average
on our cost experiments in Section 6.2 and our overhead experi- approximation ratio as a metric since for an execution strategy to
ments in Section 6.3. be good, it is not enough if it performs well on average across all

2\We do not report cost numbers f@reedyVariantas they were problem instances, but it should perform well on any given problem
very close to those faBreedy instance. Note that our use of the maximum approximation ratio as
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a metric for comparison does not imply that we are focussing on 12
the worst-case performance of an execution strategy as opposed t
its average-case performance. For any given problem instance, we 10
still consider the average cost of filters evaluated by a strategy, and %
not the worst-case cost. 8-

We now present the results of our cost experiments. Unless var- § -+~ GREEDY
ied for a specific experiment, the parameters for the problem in-| & 61 -# SHARED
stance generator were fixedsat= 150, m = 100, & = [8,10], % - NAIVE
§ = [0,0.2], andp = [1, 100]. g 49
6.2.1 Effect of Filter Costs 21— - - —

Figure 5 shows the worst approximation ratio of the various exe-
cution strategies as the range of filter cdsts varied from[0, 10] 0 ‘ ‘ ‘ ‘
to [10, 10]. Greedyconsistently has an approximation ratio of about (1,100] [20,100] [40,100] [60,100] [80,100]

2, independent o, whereas the approximation ratio of bdaive Range of Filter Participation

and Sharedgenerally worsens as the range of filter costs narrows:
When the range of filter costs is wider, there are some cheap filters
that might resolve queries at a low cost even for thivealgo-
rithms. However, as all filters become expensive, thigenalgo-
rithms incur a high cost that is reflected in a higher approximation
ratio.

6.2.2 Effect of Filter Selectivities

Figure 5 shows the worst approximation ratio of the various ex-
ecution strategies as the range of filter selectivBiesvaried from
[0,0.01] to [0, 1]. BothNaiveandSharedperform very badly when
all filters have extremely low selectivity. However, as the raéige
widens to[0, 1], their performance improves: When all filters have
low selectivity, significant gains can be achieved by choosing the
right set of filters to evaluate first (since they can resolve most of
the queries). As we include filters with higher selectivity, queries
cannot be resolved early and the choice of the order of evaluation
does not matter as much (e.g., in the extreme case when all filters
have selectivity 1, any strategy must evaluate all filters). Our strat-
egy Greedyis able to perform well (with an approximation ratio of
about2) independent of the range

6.2.3 Effect of Filter Participation

Figure 7 shows the worst approximation ratio of the various ex-
ecution strategies as the range of filter participatipis varied
from [1,100] to [80,100]. As in previous experiment&Greedy
consistently has an approximation ratio of ab@uindependent
of p. However,Naive and Sharedperform very badly whemp is
wide, and their performance improves only whgtbecomes nar-
row: Whenp is narrow, all filters have similar participation, and

Figure 7: Effect of Filter Participation

the order of filters according to pRank as useddrgedy(Line 5
of Figure 3) is not too different from their order according to rank
as used byaiveandShared(Theorem 3.3).

6.2.4 Effect of Number of Filters

In this experiment, our goal was to study the effect of the ratio
of number of filters to number of queriés/m) on the perfor-
mance of various execution strategies. For this purpose, we var-
ied n from 20 to 220 while m was held constant d00. Figure 8
shows the worst approximation ratio of the various execution strate-
gies.Greedyagain has a consistent approximation ratio of al?out
However, the performance of boleive andSharedfirst worsens,
and then improves as the number of filters is increased: When the
number of filters is low, there is less room for mistakes in choos-
ing which filters to evaluate first, and when the number of filters is
high, there is a higher probability of having relatively cheap filters
or low selectivity filters that can resolve queries early at a low cost.
Thus, an intermediate number of filters is the worst casé\ive
andShared

6.2.5 Correlated Filters

In this final cost experiment on synthetic problem instances, our
goal was to determine how our approach performs with correlated
filters. To capture correlations among filters, we use the relatively
simple model introduced in [4]. In this model, thefilters are di-
vided into[n/k] groups containing filters each, wherg is called
the correlation index. If two filters belong to different groups, they



14 (e.g., they may perform texture matching to detect vegetation).
We used a collection of abod80 images of800 x 600 res-

12 1 olution. We set up four filtersy, ..., Fy looking for different
-% 10 /"—_‘\ colors. Each filter had roughly the same cost. The selectivity of
o '\ Fy, ..., F5 on our image collection was about 1 in 20 while that
S 8 / -»- GREEDY of F,; was about 3 in 20. We constructed three quefies, Fy},
‘g =" || SHARED {F>, F4}, and{F3s, F4}, and executed them over our collection.
% 6 1 - NAIVE The filter processing time for various execution strategies was as
g 4] follows (Table 3):
= Y A — o Greedy | Shared | Naive

Total time (msec) 3477.79| 7070.48| 7283.88
0 Average per image (mseg¢) 6.01 12.21 12.58

20 60 100 140 180 220

Number of filters Table 3: Performance over a Stream of Images

Even for this extremely simple scenar@reedyyields about a
factor of two improvement ove8haredor Naive: Both Sharedand
Naive evaluateFt, . . ., F5 beforeFy sinceF, ..., F3 have lower
rank, butGreedyrecognizes thaF, has a higher participation and

evaluates it first. Due to the small number of filters and queries, the

12 | A/‘\A”//\ execution overhead in this experiment was practically zero.

Figure 8: Effect of Number of Filters

] . .
510 6.3 Execution Overhead Experiments
c In our execution overhead experiments, we varied the parame-
S 8- -»- GREEDY . . .
= -, = = SHARED ters to our problem instance generator and studied their effect on
E 64 7 the average per-tuple execution overhead incurred by the strategies
= -4 NAIVE ' c
o Greedy Cache andShared We also studied the effect of varying
g 41 the number of nodes stored IBache We did not includeNaive
< 5] in our overhead comparisons sirdeive requires no bookkeeping
and hence incurs negligible execution overhead.
0 The average per-tuple execution overhead for a strafegyas
1 2 4 6 8 measured by simulating the execution7fon 1000 input tuples.

Similar to our cost experiments, for a particular setting of parame-
ters, we randomly generatdd0 problem instances and then used
the maximum average overhead incurred/bpn any of these in-
stances as a metric for compariffgagainst other strategies.
Unless varied for a specific experiment, the parameters were
, , o _fixed atn = 300, m = 200, & = [0,10], § = [0,1], andp =
are mdependent, otherwise they are pc_)sm\_/ely correlated, agreeingry 9(0]. The number of nodes stored Byachewas fixed atl 000.
on 80% of input tuples. Thuk = 1 implies independence, while 1o execution overhead incurred by a strategy is clearly indepen-
k = n implies all filters are correlated with each other. On fixing dent of filter costs, hence we omit the experiments wiidgevar-
k and an unconditional selectivity for each group, the conditional ;o4 \we also omit the experiments whéris varied, as they do not
selectivities of the filters is implied by the 80% rule. _ reveal any interesting trends except that as we include filters with
Figure 9 shows the worst approximation ratio of the various ex- pigher selectivity, the execution overhead of all the three strategies

ecution strategies as the correlation index is varied fiioto 8. uniformly increases (since more filters need to be evaluated to re-
We also proportionally varied the total number of filters frafo solve queries).

to 1200 so that the number of independent filter groups remained

constant. Note that the versions$tiaredandNaive that we used 6.3.1 Effect of Filter Participation

for this experiment used conditional rather than unconditional se- Figure 10 shows the execution overhead of the various strate-
lectivities to order filters (see footnote 2 in Section 3.1). The per- gies as the range of filter participatinis varied from[0, 200] to
formance of all three strategies can be seen to be essentially in-[1607 200]. Sharedmaintains a very low execution overhead even
dependent of the correlation index: By using conditional selectivi- o, high values of participation. However, the overhea®osedy

ties instead of unconditional selectivities, all the three strategies arejncreases with increasing participation because then every query
guarded equally against correlation, and since the number of inde-pa5 a higher number of filters and every time a query is resolved,
pendent filter groups remains constant, the performance does no{ye have to iterate through all the filters to maintain their pRanks.

Correlation Index

Figure 9: Effect of Correlation Among Filters

change significantly. But the execution overhead @facheremains low even with in-
creasing participation since the above computatiorGigedyis
6.2.6 Real Problem Instance avoided as long as the next filter to be evaluated is given by a node

In this experiment, we applied filters on a stream of images and that is cached.
constructed queries using these filters. The filters we used were We omit the results of the experiment in whiehwas varied,
relatively simple but still expensive: each filter determined whether since the results were very similar to Figure 10: As the number
the amount of match in the image for a given color was more than a of filters increases, the net effect on overhead is only due to an
threshold or not (e.g. alarge amount of green can be an indicator ofincrease in the average number of filters per query—the same effect
vegetation). In reality, such filters may be more complicated [19] as that obtained by increasing the participation of every filter.



5 head of any adaptive strategy.

An interesting direction for future work is to consider the same
problem of optimizing multiple queries with shared expensive fil-
ters, but in a distributed rather a centralized setting. In a distributed
setting many more factors need to be taken into account, e.g., the
3 —o GREEDY costs of filters at different nodes, the computational capacities of
- CACHE nodes, and the communication costs between the nodes, thus lead-
2 ] -4 SHARED ing to a challenging optimization problem.
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APPENDIX 1 I . ©)

A. PROOF OF THEOREM 36 Jj| Fj€Q; N Fj unevaluated

We construct a problem instance as follows. het /m. We We also define the following:

haven filters F1, F», . . ., F,, with costc = 0 and selectivitys =

1/n. There are anothet filters H,,. .., H, of costc = 1 and DEFINITION B.1 (a-SATISFACTION). A setF’ of filters -

selectivitys = 0. There aren queriesQ1, Q2, . .. , @~ Which are satisfies a quer@ if 3, | FJEme,(l —sj)>a O

divided inton disjoint groupsGi, Ge, ..., G,. FiltersF; and H;

are presentin all queries in grodfy. In addition, we add each filter DEFINITION B.2  (a-CoVER). An a-cover of a collection of

H; to one query from each of the remaining groups. This addition queriesQ’ is any setF’ of filters such thatF’ a-satisfiesQ for

is done such that any query in grogf has at most one filtef; every quen € Q’'. The cost of the cover B, FeF Gt O

(¢ # 7) mapped to it. Note that each query in graiphas at most

3 filters—F;, H; and oneH; for somej # i. Thus,x = 3. Also, Fix three constant8 < §; < d2 < d3 < 1 such thats — 5> >

1 = ©(n). The construction is illustrated in Figure 12 for the case 0.1 andd, — §; > 0.1. For concreteness, take them to(e5s,

m =9, andn = 3. 0.35 and0.5 respectivelyd. is used only in the analysis and not in

Without loss of generality, any strategy first evaluates all the fil- the algorithm. First, we partition the set of unresolved que@les
tersFi, ..., F, since these filters have zero cost. Since the selec- into the set of querie® s that probably resolve to false (indicated



by a high value of~; > 43), and the remaining set of queri€k Fj for which e} = 1, andF5 be the set of remaining filters, i.e.,
that probably resolve to true (Line 2). Most of the unevaluated Fg = F — Fa.

filters in the queries i@; will need to be evaluated any way, so we If for some queryQ; € Qy, Zj | FjefAin(l — 55) > 42,
pick all these filters to be evaluated (Line 3). Lines 6-7 are similar then Q; is alreadyd.-satisfied byF4 alone. Now consider the
to greedily choosing the filter with the minimum pRankGmneedy remaining querie€); € Q;. For these queries, we have:

(recall Figure 3), i.e., the filter that has the minimum ratio of cost

to expected number of queries resolved. However, to calculate the Z (1—s;) <d2 (10)
expected number of queries resolved by filkgr we cannot simply J | FjEFANQ;

say, as we did irGreedy that filter F; resolves every unresolved
query it is part of with probabilityl — s;: We are choosing a set
of filters to evaluate rather than a single filter, and the probability
that a query is unresolved may have been substantially reduced due Z (1—s;)+ Z (1—s;)e; > 03

to filters already chosen in the current phase. Thus, we maintain | FeFAnQ; | FjeFpnQ;

a current estimate; of the probability that); is unresolved and o .

will eventually resolve to false. This estimate is updated whenever COmbining the above with (10), and becadse- 6> > 0.1, we
a filter is added to the set of filters chosen to be evaluated. Then,9€t2_; | r,erzng, (1 — 85)¢; = 0.1. Finally, since for filters

By the first constraint in the linear program in (7), and because
r; > d3, and for allj, e; < 1, we have:

if F; € Qi F; resolves); only with probabilitymin(7;,1 — s;) Fj € Fp €} = 30e; logm, we get:

rather than with probability — s;. Clearly,r; is initially r; (Line ,

4) and reduces by— s;- whenF;- € @, is chosen to be evaluated > (1-s5)e; > 3logm (11)
(Line 9). We continue choosing filters with the minimum pRank in J 1 FjeFpNQ;

this way until the probability thaf); is unresolved has decreased

For filters in F5, we perform randomized rounding [22] ef,
sufficiently for every query); € Qy (Line 10). I N, we p ? unding [22] of

settinge’; to 1 with probability equal toe’; and to0 otherwise.

. . ) .

B.1 Analvsis The expected cost of the resulting solut@{é:1 c;je; remains the
y same, i.e.< 30logm - OPT. By Chernoff bound [17] and using

Let OPT denote the expected total cost of filters evaluated by (11), for anyQ; € Q; that was not alread-satisfied byF 1, the
the optimal adaptive strategy. Intuitively, the proof rests on proving prob’ability tha:t afte{ rounding ot 0 el < ,1 €
J J B i

the following two main points:
_ __O(1/m?). LetFc = Fa U {F; € Fp | ¢ was rounded td}.
1. In every ph2ase, Fhe cost of filters chosen to be evaluated is atth,s all queries inQ; ared,-satisfied byF¢ with probability at
mostO(log® m) timesOPT. leastl — 1/m. Since the cost af¢ is at mostOPT - O(log m),
2. After every phase, the number of unresolved queries decreased is the required.-cover. []
by at least a constant factor, thus the number of phases is log-

arithmically bounded. LEMMA B.6. At the end of the first phase, the cost of the filters

in F}, is at mostO(log m) times the cost of the optiméd-cover.

PrROOF Let C be the cost of the optimal;-cover. The sum
U= ZQile 7; IS at mostm initially. By the same argument as
the proof for greedy set cover [22], it can be shown that the greedy

LEMMA B.3. LetT be any partial decision tree. The optimal step in Line 6 (Figure 13) ensures that every time filters of cost at
expected cost of extendifigto a complete decision tree (where all mostC are added toF;,, U reduces by at least a factor half. When
queries are resolved at any leaf node)iSOPT. U falls belowds — 41, the loop in lines 5-10 terminates sinég is
now ad -cover for the queries i@y. This is becaus& < §; — d;
implies that for each quer§); € Qy, 7; < 03 — 61, i.e.,7; has

ecreased by at least from its initial value, thereby implying that
Fn 61-satisfies));. Thus,U needs to be reduced by a factor half at
mostlog( -5, ) times. Since each reduction adds filters of cost at
mostC' to F},, the cost ofF;, atthe end is at mog#(C'logm). [

Combining the above two, we shall show tigteedyVariants a
O(log® mlogn) approximation. Let gartial decision treebe a
decision tree where the leaf nodes may have unresolved queries.

PROOFSKETCH. This lemma follows from the intuitive fact that
even if some filters have been evaluated and some queries resolve
(as given by the partial decision trd8, we can still follow the
optimal strategy to resolve all the queries, skipping the evaluation
of filters that had already been evaluatedl/irand reusing the re-
sults of evaluation fronT". Clearly, the cost of doing so cannot be
greater than the original optimal cdSPT, since the evaluation of LEMMA B.7. The cost of filters evaluated in the first phase is
some filters is skipped. ] at mostOPT - O(log? m).

ProOFE From Lemmas B.5 and B.6, the cost of filtersin is
at mostOPT - O(log? m). Combining with Lemma B.4, we get

PROOFE Any query@ in Q; resolves to true with probability  the result. [
at leastl — d3. Thus the optimal strategy evaluates all filters in .
the queries inQ; with probability at least — ds. Thus,0PT > LEMMA B.8. The expected n;meer of unresolved queries at the

! = i i 1
(1=03) % | reoeo, & = (1= 63) %, | e, ¢ O end of the first phase is at mast°* Q.
J t J | Fjer L .
ProoF All the queries inQ; are definitely resolved after the

LEMMA B.5. There exists a,-cover for Q; with cost is at first phase since all their unevaluated filtefs)(are chosen to be
mostOPT - O(log m). evaluated. Now consider the queriesdn. SinceFy is adi-cover
for Qy, for every queryQ; € Qy, we have) ;| p.cq,nr, (1 —
s;) > d1. Thus the probability tha®); is left unresolved af-
ter evaluating all filters in7}, is at most[[; | . cq,nr, i <

LEMMA B.4. The cost of the filters itF; is at most;—5- OPT.

PrRoOFR Consider the fractional; obtained by solving the lin-
ear program in (7). As shown in Section 4.3, the optimal value
of this linear program is a lower bound @dPT. We first set
e < min(1,30e;logm). Clearly, the cost of the resulting so- ¢ Zilmeains, (17%) < =81 Thys the number of unresolved
lution 37", cje; < 30logm - OPT. Let Fa be the set of filters queries at the end of the first phase is at mogt . [J



THEOREM B.9. GreedyVariant is a0(log? m logn) approxi-
mation to the optimal adaptive solution.

PROOF By Lemma B.8, the expected number of unresolved
queries reduces by at least a constant factor. Since this reduction is
independent of the queries unresolved at the beginning, Lemma B.8
can be applied to any phase. Suppasg: andcmin are the max-
imum and minimum filter costs. Aftdbog(ncmax/cmin) phases,
the expected number of unresolved queries is at rOgsf=ia-).
Then, even if we apply all filters non-adaptively, we could apply at
mostn filters of cost at mostmax. The expected cost of this ap-
plication is therefore at mo$?(cmin ), Which can be ignored since
OPT is also at least,ir, .

By Lemma B.3, the expected cost of the optimal solution given a
partial decision tree is at mo&PT. Combining with Lemma B.7,
we obtain that for every phase, the expected cost is at@d3P T-
log® m). ThereforeGreedyVariants aO (log® m - log "22x) ap-
proximation toOPT. If cmax/cmin iS polynomially bounded im,
the approximation ratio i®(log? m log n).

To get an approximation ratio independent of the costs of the
filters in the general case, we group the filters based on cost into
powers ofrn® (assuming by scaling that.;, = 1). There are at
mostn groups, since there arefilters. We then separately bound
the contribution of each cost group to the costGreedyVariant
thereby obtaining a final approximation ratio @{log® m log n).

The details are omitted.[]



