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ABSTRACT

Sensor networks and other distributed information systems
(such as the Web) must frequently access data that has a high
per-attribute acquisition cost, in terms of energy, latency, or
computational resources. When executing queries that contain
several predicates over such expensive attributes, we observe
that it can be beneficial to use correlations to automatically
introduce low-cost attributes whose observation will alow the
query processor to better estimate the selectivity of these expen-
sive predicates. In particular, we show how to build conditional
plans that branch into one or more sub-plans, each with a dif-
ferent ordering for the expensive query predicates, based on the
runtime observation of low-cost attributes. We frame the prob-
lem of constructing the optimal conditional plan for agiven user
query and set of candidate |ow-cost attributes as an optimization
problem. We describe an exponential time algorithm for finding
such optimal plans, and describe a polynomial-time heuristic
for identifying conditional plans that perform well in practice.
We also show how to compactly model conditional probabil-
ity distributions needed to identify correlations and build these
plans. We evaluate our algorithms against several real-world
sensor-network data sets, showing several-times performance
increases for a variety of queries versus traditional optimiza-
tion techniques.

1. INTRODUCTION

The past decade has seen the emergence of a number of
massive-scal e distributed systems, including the Web, the Grid,
sensor networks [18], and PlanetLab [1]. Unlike many earlier
distributed systems that consisted of a few tens of locally con-
nected nodes, these networks are characterized by their large
size, broad geographic distribution, high-latency, and ability to
interface users to huge amounts of remote data.

One of the novel challenges associated with query processing
in such environments is managing the high cost associated with
obtaining the datato be processed. Whiletraditional disk-based
DBM Seswork very hard to reduce the number of disk I/Os, the
high costs of disk access are usually amortized by reading or
writing pages that contain many records each. In contrast, in
this new class of distributed systems, the cost of fetching asin-
glefield of asingle tupleisfrequently measured in seconds and
this effort usually cannot be spread across several fields. For ex-
ample, in a sensor network, the time to acquire asingle reading
from acalibrated digital sensor can belong as 1.3 seconds[17].
Following the nomenclature of Madden et al. [16], we refer to
such systems as acquisitional, to reflect the high costs of ac-
cessing data and the fact that it must be actively captured when
aquery isissued rather than being available on disk at the time
of query execution.

In this paper, we explore a class of techniques aimed at mit-
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igating the costs of capturing data in acquisitional systems.
These techniques are based on the observation that, in such
systems, locally available information with a low cost of ac-
quisition is often highly correlated with much more expensive
information. If these correlations are perfect (i.e., there exists
a one-to-one mapping from cheap attribute values to expensive
attribute values), then a cheap attribute can simply be used in
place of an expensive one. However, even in the absence of per-
fect correlation, a cheap attribute can provide information that
can aid in selectivity estimation in query optimization.

For example, Figure
1 shows a scatter-plot
of light values', ver-
sus time of day from 500
a single sensor in sen-
sor network deployed
in our lab. In this net-
work, light isan expen- 200
sive attribute, requir- .
ing the processor to be |....i!
on for amost a second R R
to acquire each sample.  Figure 1: Scatter-plgotmg)fmﬁour of day vs.
However, timeof day is  light values at a single sensor within the au-
readily available in just  thors’ lab.
a few microseconds. Furthermore, looking at this figure, it is
clear that light and time of day are correlated: given atime of
day, light values can be bound to within a fairly narrow band,
especidly at night (e.g., during hours 0-5 and 16-24).

We focus on using correlations of this sort to assist in
cost-estimation and query processing for multi-predicate range
queries, of the form:
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(1) SELECT a1, a2, ... ; Qn
WHERE 1 < a1 <71 (P1)
AND

AND lkg ar <1, (Pg)

Where k < n and P, is shorthand for the range predicate
in the associated WHERE clause. We are particularly interested
such queries in acquisitional systems where the cost of acquir-
ing some of the attributes is non-negligible and where corre-
lations exist between one or more attributes. In this paper, we
illustrate many examples of such correlationsin avariety of real
world data sets. A simple way to account for such correlations
isto generate amulti-dimensional probability distribution over
attribute values and exhaustively search for a single predicate
order that will minimize the expected cost. Unfortunately, due
to the presence of correlations, expected case performance is
far from optimal. For example, given Figure 1, the selectivity
of apredicatelike light < 100 Lux issubstantially lower
at night than during the day. Thus, if the user issues a multi-
predicate query with one such predicate over light, the optimal

YIn this Figure, light is measured in Lux. Lux is a measure of
light received per m? of surface area. 100,000 Lux corresponds
to full sunlight; 500 - 1000 Lux are typical of awell-lit room; a
rural moonlight night is 1-2 Lux.



order of the predicates may vary depending on the time of day.
To take advantage of thisinsight, a query optimizer can condi-
tion on the time and choose the most optimal plan depending
on whether it is night or day.

This observation may seem counter-intuitive: query evalua-
tion can become cheaper by observing additional attributes. If,
however, such additional observations are low-cost and alow
the query processor to determine with high confidence that a
query predicate, P, will reject a particular tuple, this can offer
substantial performance gains. The query processor can im-
mediately apply P, avoiding the cost of acquiring unnecessary
and expensive attributes. In this paper, we show how to identify
such correlations in data, and search for query plans that take
advantage of those correlations. We demonstrate that the bene-
fit of this technique can be substantial, offering a several-times
performance speedup for a wide range of queries and query
workloads, with best-case gains approaching an order of mag-
nitude reduction in running time. Our approach is adaptive,
allowing adifferent query plan to be selected on a per-tuple ba-
sis, depending on the values of these conditioning attributes. To
avoid the overhead of re-running the optimizer on every tuple,
we pre-compute these conditional plans based on correlations
observed before the query was initiated.

Throughout this paper, we use examples and data sets from
sensor networks, though the techniques are general enough to
apply to many different acquisitional environments; we return
to adiscussion of such environmentsin Section 7.

In summary, the contributions of this paper are:

e \Weshow that correlations are prevalent in sensor network
data, and that they can be exploited in multi-predicate
range queries by introducing observations over inexpen-
sive attributes correlated with query predicates.

e We introduce the notion of using conditional plans for
guery optimization with correlated attributes.

We present an optimal, exponential-time algorithm for
finding the best possible conditional plan given a multi-
dimensional probability distribution over a set of at-
tributes.

We present a polynomial-time heuristic algorithm for re-
ducing the running time of this algorithm and bounding
the size of the generated plans.

We present efficient ways of computing conditional prob-
abilities over a set of predicatesthat allow usto avoid the
exponential cost of representing an n-dimensional distri-
bution over query variables.

o Weevaluate the performance of our algorithms on several
real-world data sets, showing substantial benefits over a
large class of range queries.

2. CORRELATED ATTRIBUTES AND
CONDITIONAL PLANS

In this section, we describe the problem we are seeking to
address with our correlation-based techniques and the architec-
ture of our query processing system.

2.1 Problem statement

We are concerned with the problem of generating a condi-
tional plan that will minimize the expected execution cost of
a user-supplied range query of the form shown in query (1)
above. Here, we assume that there are n attributes in the query
table, X1,..., X,, and that the first m of them, X1,..., X.,

are referenced in the query (so m < n). We assume that each
attribute X; tekesonavauez; € {1, ..., K;}. Note that this
definition requires real-valued attributes to be discretized ap-
propriately. In sensor networks, for example, this discretization
is natural, as the resolution of the sensors is limited (e.g., to
10 bits when using the internal analog-to-digital (ADC) on the
Berkeley Motes[6, 12].) We use the tuple x to denote a partic-
ular assignment to the all attributes X; ... X,,. Each attribute
is also associated with an acquisition cost, where C; denotes
the cost of acquiring the value of X;. In a sensor network, this
cost ranges from a few microjoules to tens of millijoules [17];
according to Madden et al. [16] the cost of acquiring a sensor
reading once per second on a mote can be comparable to the
cost of running the processor.

We denote the predicates in the query by {¢1,...,¢,}, and
thelogical where clause by . For simplicity, we use ¢ (x) to
denote the truth value of ¢ for the tuple x. Our god is, thus,
to find aminimum expected cost plan for determining whether
p(x) is true or false, where the expectation is taken over the
possible assignments to the tuple x.

We focus our conditional plans T" on simple binary decision
trees?, where each interior node n; specifiesabinary condition-
ing predicate, T;(X; > z;), that splits the plan into two alter-
nate conditional plans, I'r; (x)=r and I'r; (x)=r, Where T} (x)is
the truth value of T;; on thetuple x. At node n;, the query pro-
cessor will evaluate the predicate T} (x) and choose to execute
one of these two subplans depending on the value of the pred-
icate. Each conditioning predicate depends only on the value
of asingle attribute. It is important to note that, in addition
to our query predicates {¢1, . .., ¢p}, our plan can potentialy
include conditioning predicates T; over attributes that do not
appear in the query. For example, due to correlations, we may
condition our plan on the value of an attribute X ; with low ac-
quisition cost, if X; gives us information about one or more
query attributes of high acquisition cost.

Each leaf node of the binary tree I is annotated with T or F
to indicate whether o has been determined to be true or false.

Figure 2 shows asimpleillustrative example of a conditional
query plan, where two introduced attributes (voltage and time
of day) are used to condition the plan. Edges of the conditional
plan are labeled with the value of their conditioning predicates
and the conditional probabilities of those predicates being sat-
isfied. In this simple example, rather than annotating each |eaf
of the plan with T or F, we annotate them with simple sequen-
tial plans over the query predicates, e.g., if the hour of the day
is between 19 and 24, and the voltage is less than 2.5V, then
we execute Plan4, which first measures the GPS position, then
the light value, and finally the temperature. This conditional
plan can be cheaper than any single sequential ordering of the
predicates, because predicate selectivities vary depending on
the value of the conditioning predicates, as shown in the table
in the lower right corner of the figure.

2.2 Evaluating plan cost

During execution of aplan T", we simply traverse the binary
tree defined by I, acquiring any attributes we need to evaluate
the conditioning predicates. For a particular tuple x, i.e, an
assignment to all attributes, our plan will traverse a single path
to a leaf of the binary tree T', which is labeled with T or F
indicating the truth value of ¢(x). The cost of this traversal is
the sum of the cost of the attributes that are acquired by plan T'

20ur approach can, of course, be extended to more general de-
cision trees, as discussed in Section 7.
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Figure 2: A conditional query plan. Notice that hour_of_day and voltage are
used as conditioning attributes. Different orderings of the query predicates
are used in the final evaluation of the query plan depending on the value of
these attributes. Edges of the conditional plan are labeled with their condi-
tional predicates as well as their probabilities.

in this traversal. Specifically, at each node n; in this traversal,
if the attribute in the predicate T); has aready been acquired,
then this node has zero atomic cost. However, if the attribute
X; inT; hasnot yet been acquired, then the atomic cost of this
node is C;. For simplicity, we annotate each node n; of our
plan with this atomic cost C'(n;). Note that the atomic cost
of aleaf is 0, as no attributes are acquired at this point. We
can now formally define the traversal cost C'(T", x) of applying
plan T to the tuple x of the plan recursively by:

0 if [T =1,

C(rRoot(I')) + C(I'r;(x), x), otherwise,
@
where Root(I") is the root node of the tree for plan T,
C(Root(I")) is the atomic cost of this root node as defined
above, and the cost is 0 when we have reached aledf, i.e., when

T| =1.

Optimal planning is an optimization problem that involves
searching the space of available conditional plans that satisfy

the user’s query for the plan I'™* with minimal expected cost:

F*

Cc(,x) =

arg mFin c(r),
= arg mFin E. [C(T,x)],

= arg mrmz P(x)C(T, x). 2

Using the recursive definition of the cost C(T", x) of eval-
uating a tuple x in Equation (1), we can similarly specify a
recursive definition of the expected cost C'(I") of a plan. For
this recursion, we must specify, at each node n; of the plan,
the conditional probability that the associated predicate T; will
be true or false, given the predicates evaluated thus far in the
plan. We use t to denote an assignment to this set of predicates.
Using this notation, the expected plan cost is given by:

0 if T =1,
C(Root ("
CT,t) = }S(%9| E)()J)(FT AT+ otherwise,
(=T; [ t)C(T ﬁT_,tAﬂTj),
®)

where C(T, t) is the expected cost of the (sub)plan T" starting
from its root node Root(I"), given that the predicates t have

(1 (12)
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Figure 3: Set of possible plans for the two predicate quenyX; = 1 A X =
1, with three attributes, X1, X5, and X5 available for use in the query. The
labels in the nodes indicate the attribute acquired at that point, and the labels
on the edges denote the probability of the outcome along that edge. Eaéh
expands into the conditional probability expansion given at the bottom of
the figure. Terminal points in the tree are labeled with their outcome: Tis
the tuple passes the query oF if it fails. Grayed out regions do not need to
be explored because a predicate fails or all predicates are satisfied before are
reached.

been observed. At this point, the expected cost depends on the
value of the new predicate 7;. With probability P(7; | t),
T; will be true and we must solve the subproblem C(I'z; , t A
Tj), i.e, the subplan T'r; after observing the original predicate
values t and the new predicate value 7; = T. Similarly, with
probability P(—1T; | t) =1— P(T; | t), T; will befaseand
we must solve C(T'-r,, t A —=T}), i.e, the subplan -7, after
observing t and the T = F. As before, when we reach a leaf
(IT] = 1), the cost ISO Now the expected cost of aplan T is
defined using Equation (3) by C/(T', ).

We present several search algorithms for finding minimal
cost plansin Section 3. In the remainder of this section, we il-
lustrate the concepts presented thus far by considering the naive
generate-and-test algorithm that enumerates all possible condi-
tional plans over a set of attributes.

Consider the simple example of exhaustively enumerating
the plans for three attributes, {X1, X2, X3}, each with bi-
nary domain {1,2}. Our query in this example is simply

= (X1 = 1 A X2 = 1). Figure 3 shows three possible plans
in this enumeration; there are 12 total possible plans in this
case. Each node in this figure is labeled with the attribute
acquired at that node, and the P; values denote the conditional
probability of the outcome along each edge occurring, given the
outcomes aready specified in the plan branch. Termina out-
comes are denoted as T or F, indicating that atuple that reaches
this node is output or rejected.

Note that, if at some branch of the plan we can prove the
truth value of ¢ we do not need to further expand the tree. For
example, in Figure 3, the grayed-out regions represent branches
of the plan that do not need to be evaluated since a predicate
has failed. The outlined box at the top of Plan (1) indicates that
al query predicates have been evaluated on this branch, so X3
does not need to be acquired.

Given the plans in Figure 3, it is straightforward to read off
the expected cost as defined in Equation (3). For example, for
Plan (11) the costis:

C(Plan (11)) = Cs+
P(X3 = 1)(02 +P(X2 =1 ‘ X3 = 1)Cl)+
P(X5=2)(C1 + P(X1 =1| X5 =2)Cs),
where, for example, when branching on X, we do not need to
consider the branch for the assignment X, = 2 as this assign-



ment makes ¢ false and we replace the grayed-out box by aleaf
with value F.

At this point, the observation from the introduction bears re-
peating: the cheapest possible plan is not always the one that
immediately acquire the query predicates. In our example, plan
(12) could be cheaper than plan (1), if observing X5 has low
cost and dramatically skews the probabilities of the attributes
X7 and Xs. In particular, if X3 = 1 increases the probability
of Xo = 2, then observing X3 may alow us to select the par-
ticular attribute that is morelikely to determineif o = F. Thus,
if X35 = 1, the query processor may avoid acquiring X1, which
it doesfirstin plan (1).

2.3 Estimating event probabilities

We now look at the question of determining the values of the
conditional probabilities on the edges of aplanT". The problem
is to determine the probability that a predicate T; of the form
T;(X; > x;) will be satisfied, given a set of conditioning pred-
icates, or a priori conditions, t. We can write this probability
asP(Tj | t) = P(Tjlto, ..., t14)), wheret; isthetruth assign-
ment to a predicate T; that appearsin t. Bayesrule tell us that
this quantity is equal to:

P(Tj7t07"'7t\t|)
P(to, ..., t)

Given this definition, a naive method for computing such prob-
abilitiesisto scan the historical data, computing the rows r that
satisfy the predicatesin t, and the subset of 7, 7s4¢, that satisfies
T; = T. Theprobability P(T; = T | t) issmply |rsa|/|7]-
The disadvantage of this approach is that it requires a lin-
ear scan of the entire data set for each probability computation
(although the space requirements are small, as it is trivia to
compute the sizes of r and rs,+ Without actually materializing
the rows.) Aswe will see, our algorithms can require tens of
thousands of such computations, so linear scans can be costly,
especidly for large data sets. Furthermore, if the number of
predicatesin t islarge, then the number of records that satisfy
these predicates may be very small. In such cases, our estimate
of P(T; = T | t) will have very high variance. We describe
more efficient (and potentially more accurate) techniques for
estimating conditional probabilitiesin Section 3 below.

2.4 Communications model and plan size

Once aplan is generated, it is sent into the network and exe-
cuted locally at each of the sensor nodes. In asensor network, in
addition to the expected acquisition cost, we are also concerned
with plan size, as larger conditional plans with more branches
reguire more communication, and the overhead of transmitting
these larger plans could possibly outweigh the benefit gained
by executing them.

Plan sizeisa soimportant dueto the limited storage available
in sensor nodes. A complete conditional binary tree of depth d,
contains O(2%) nodes. Each node in this tree requires at least
two bytes. Thus, the 4K of RAM available on motes can only
store complete trees of depth 11. Of course, our plans are not
complete binary trees, asillustrated by Figure 3. Nonetheless,
this issue still needs to be addressed.

A simple approach isto bound the plan size to be under some
fixed size, where that size can be selected to easily fit into de-
viceRAM. Alternatively, we can modify our optimization prob-
lem to include both the cost of acquiring predicates and the cost
of communicating the plan. In this case, the optimization be-
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Figure 4: Query processing architecture. Conditional plans are generated
from multi-dimensional probability distributions on the basestation and sent
into the network. Sensors execute the plans locally, producing results which
are routed back to the basestation for display.

comes:
arg min (C() + a¢())

where ((I") denotes sizein bytesof I", and « is a scaling factor

cost to transmit a byte
equal to # tuples processed in quer);/ lifetime that allows us to
capture the intuition that, as the running time of a continuous
query gets large, the time spent in query execution will dom-
inate the cost of sending the plan. We focus our presentation
on limiting plan sizes, though this joint optimization problem
could be addressed with an extension of our approach.

2.5 Architecture

Before detailing our algorithms for plan generation, we
briefly discuss the architecture in which queries are executed.
Current sensor network hardware [6], with 4K of RAM and a
4Mhz processor does not have sufficient power to run our op-
timization algorithms. However, once the plan is generate, the
online plan execution step (i.e., a simple traversal of a binary
tree) requires minimal computational power. As a result, we
build the conditional plans offline, on awell-provisioned bases-
tation, using historical readings collected over time. Once gen-
erated, these plans are distributed to the sensors (or other query
processing nodes) for execution. Just as optimizer statistics are
periodically collected and re-analyzed in a traditional DBMS,
we envision that conditional plans may be re-generated at the
user’s request, or when the query processor detects substantial
changesin the correlations.

Figure4 illustrates the major components of our architecture.
The basestation collects historical data, computes conditional
probabilities over that data, using either a multidimensional
probability distribution or by repeatedly scanning the data (as
described above), and uses those probabilities plus the user's
query to generate a conditional plan. This plan is sent into the
network, executed by the sensors, and the results are transmit-
ted back to the basestation.

3. OPTIMAL SOLUTION

This section focuses on obtaining the minimal cost plan for
determining the truth value of a logical clause ¢ as defined
in Equation (2). We first determine the complexity class of
this problem, and then present an exhaustive algorithm that can
compute such optimal plan.

3.1 Problem complexity

The optimization problem outlined in the previous section
is an instance of the general minimum cost resolution strategy
problem (MRSP) [9], which seeks to find aminimum cost strat-
egy for evaluating a boolean formula ¢. The complexity of
MRSP has been analyzed for various special cases. In this sec-
tion, weanalyze acasethat is particularly relevant for our query



optimization task. We focus on simple boolean formulas  that
areformed by the conjunction of unary predicates over a subset
X1,...,Xm of our n correlated attributes. This simple case
includes our example Query (1), and, of course, if we were to
include disjunctions the complexity will usually not decrease.
For this problem class, we prove that:

THEOREM 3.1. Let X1,..., X, bea set of attributes, and
let ¢ be a conjunction of unary predicates on X5, ..., X,,,
wherem < n, then:

1. even if we have an oracle that instantaneously computes

the conditional probabilities P(T; | t), for any predicate
T; and any assignment to any set of predicates t, then,
for some cost K, the problem of deciding whether a plan
for determining the truth value of ¢ with expected cost
lower than K existsis#P-hard;

2. if Disaset of d tuples, and the expected cost of aplan "
is approximated by:

O(I) = Ex [C(T,x)] ~ é Sorx), @

xeD

then, for some cost K, the problem of deciding whether
a plan for determining the truth value of ( with approx-
imate expected cost (as defined in Equation (4)) lower
than K existsis NP-complete. [

Item 1 addresses a very general exact optimization case. Here,
we decouple the problem of optimizing the plan from that of
computing the conditional probabilities required to evaluate a
plan, by adding an instantaneous oracle that can provide these
probabilities. Even with this oracle, the complexity of the prob-
lem we would like to solveis still #P-hard (reduction from #3-
SAT), indicating that efficient solution algorithms are unlikely
to exist. Alternatively, as addressed in Item 2, we may wish to
optimize our plan with respect to a particular dataset D. This
isasimpler case, as we only need to consider the tuplesin D,
allowing usto ignore exponentially-many possible tuplesin the
optimization that are not in D. Unfortunately, thissimpler prob-
lem is still NP-complete (reduction from the complexity of bi-
nary decision trees[13]).

3.2 Exhaustive algorithm

The hardness results in the previous section indicate that a
polynomial time algorithm for obtaining an optimal plan T'* is
unlikely to exist. In this section, we describe an optimal depth-
first search algorithm that includes caching and pruning tech-
niques to attempt to find I'*. Even with caching and pruning,
the worst case complexity of this algorithm is still exponential
in the number of attributes. However, as we are computing our
plans off-line, and then downloading these plans onto the sen-
sor nodes, we expect that, for query tables over a small num-
ber of attributes, this exhaustive algorithm should be sufficient.
problems. These methods are then compared in Section 6.

Our dynamic programming algorithm (Figure 5) is based on
the observation that once a predicate is used to split the con-
ditional plan, it sub-divides the origina problem into two in-
dependent subproblems. Each subproblem covers a digoint
subspace of the attribute-domain space covered by the original
problem, and as such, can be solved independently of the other
subproblem. A subproblem is thus defined by the attribute-
domain space covered by it, or, specifically, by the ranges of
the values that the attributes can take given the conditioning
predicates used before this subproblem was generated.

We will denote a subproblem where each attribute X; can
take valuesin therange R; = [as, b;] by Subproblem(p,R1 =

EXHAUSTIVEPLAN(o,R1, . .., Ry,C)
IF THE RANGES Ry, . . ., R,, ARE SUFFICIENT TO DETERMINE TRUTH OF
¢, OR ALL QUERY ATTRIBUTES HAVE BEEN OBSERVED:
RETURN [0, 0].
|F SUBPROBLEM Ry, ..., R, HASBEEN CACHED:
RETURN CACHED RESULT.
LET Cypin < C,AND T « 0.
FORi «+— 1 TOMN:
IF R;1s[1, K;], THEN:
LET C’ «— C;.
ELSE:
LET C’ «— 0.
IFC’ < Cyin , THEN:
FOR z; «+ a + 1 TO b, WHERE R; = [a, b]:
LET [C<au;» D<a;| < EXHAUSTIVEPLAN(p,
Ri,...,[a,zi —1],..., Rp,Crin — C').
LET P<y, «— P(X; € [a,z; — 1] | R1,..., Ry).
LETC' — C' + P<y;Ccu,.
IFC’' < Cynin » THEN:
LET [Cse;» D>a;] < EXHAUSTIVEPLAN(p,
Ry, ..., [wivb]a - Ry Cmin — C/)
LET P>y, (1= P<a,).
LETC' «— C' + PZEi,CZfEi,'
IFC" < Cyin » THEN:
LET Cpin — C".
T(X; <wi) = Ty,
LETT «— { T(X; > ;) — sz; }
IF Crpin < C, THEN:
CACHE [Cipin, ') ASTHE OPTIMAL PLAN FOR Ry, ..., Ry,.
RETURN [Cinin, T).

Figure 5: Exhaustive planning algorithm.

[a1,b1],..., Rn = [an,bn]). Our initial problem is denoted
by Subproblem(o,R1 = [1,K1],...,R. = [1,K,]). We
will specify the dynamic programming algorithm by defining
the expected completion cost of a problem in terms of the
costs of its subproblems. Here, we denote the cost of the
cost of the optima plan for Subproblem(p,R;, ..., R,) by
Jp, R, ..., Ryn).

The subproblems that are formed from a particular prob-
lem are defined by the predicate used to split this problem.
The potential predicates that can be used to further divide
Subproblem(e,R1, . . ., Ry) areof theform T'(a; < X; < z;)
and T'(z; < X; < b;). Thatis, therange R; = [as, b;] of X is
divided into [a;, x; — 1] and [z;, b;]. Our goal isto choose the
optimal splitting attribute X; and the optimal assignment from
the range [a;, b;].

The expected cost of a problem can now be defined recur-
sively by the sum of three terms: the cost of acquiring the split-
ting attribute, plus the cost of each subproblem weighted by
the probability that the observed attribute value will lead to this
particular subproblem. Specifically, if we choose to split on at-
tribute X;, we must first pay the cost of acquiring X;, which we
now denote by Cj. If the original problem has not yet acquired
this attribute, i.e, if therange R; of X; till spans all possible
values (R; = [1, K;]), then we must pay the acquisition cost
C} = C,. However, if X; has already been acquired (in which
case, [a;, b;] will be astrict subset of [1, K;]), then Cj = 0.

Now, we must consider the recursive cost of the subprob-
lems. The particular choice of subproblem depends on the ac-
tual observed value of X;. Thus, the probability we will need
to solve Subproblem(p, Ry, . . ., [a:, zi — 1], ..., Ry) depends
on the probability that X; will take on avauein [a;, z; — 1]
given the ranges Ry, . .., R, observed thus far, i.e, P(X; €
[ai,zi — 1] | Ri1,...,Ryn). The optimal choice of splitting
attribute and value is now the one that minimizes the expected
cost of the resulting subproblems.




. . ,
J(p, R,y .., R,,) :mimmie[gtlj—ll,bi] Ci+
P(X; € [aj,zi —1] | R1,..., Ry)
J(p,R1,...,[ai,z; —1],..., Ry) +
P(X; € [zi,bi] | R1,...,Rn)
J(p, Ry, .., [z, bi], ..., Rn). (5

To complete this recursion, we must define the base cases.
First, if al of the attributes in o have already been observed,
then the cost is 0. Specificaly, J(¢, R1,...,Rn) = 0, if each
R; = [as,bs] is astrict subset of [1, K;], for each query at-
tribute s = 1,...,m. Similarly, we may reach a point where
theranges Ry, . .., R, are sufficient to evaluate the truth value
of . For example, if ¢ isaconjunctive query and the jth pred-
icatein the query is ¢, (X; > 10), and we reach a subproblem
J(p, R, ..., R,) where R; = [1, 9], then the cost of this sub-
problem is 0. These base cases now complete the recursion.
The optimal plan is obtained by caching, for each subproblem
J(p, R1, ..., Ry), the attribute X; and the assignment z; that
minimizes Equation (5).

Figure 5 shows the pseudo-code of our dynamic program-
ming algorithm based on this recursion, that searches the plan
space in adepth-first manner. Other than the caching optimiza-
tion inherent in dynamic programming, we aso use pruning
to cut down on the search space explored. Our pruning strat-
egy is simple: when exploring possible splitting attribute val-
ues, we store the cost of the best plan explored thus far (C),
if the current branch exceeds this cost, we no longer need to
explore. More elaborate pruning techniques, such as branch-
and-bound,could potentially be effective in this problem.

The complexity of EXHAUSTIVEPLAN depends on the total
number of subproblems that may be generated during the exe-
cution. This number is bounded by T]7_, XxU5=U je, the
number of possible ranges Ry, . . R For each subproblem
we have to consider (1) each poss ble spllttlng attribute and
assignment, in the worst case, >°7_, (K; — 1), and (2) com-
pute the conditional probabllltlas requi red by the algorithm.
Hence the running complexity of this algorithm in the worst
case (when pruning does not help in reducing the search space)
isO(nKK*™ + K,K?*"), where K = max; K; is the maxi-
mum number of possible assignments for an attribute, and K,
denotes the complexity of computing the conditional probabili-
ties— we will discussthisin detail in Section 5. Thus, this op-
timal algorithm is only feasible for asmall number of attributes
that take on arelatively small number of assignments.

4. HEURISTIC SOLUTIONS

The complexity of the exhaustive algorithm described in the
last section is prohibitive except for the simplest of problems.
In this section, we present heuristic algorithms for finding good
conditional plans.

4.1 Optimal Sequential Plan

An optimal sequential plan is defined to be the optimal ex-
ecution plan that does not use any conditioning predicates to
split the plan, choosing instead a sequential order on predi-
cates that is followed regardless of the observed values, un-
til a stopping condition is reached. Sequentia plans are the
building block used in our heuristic algorithm. We will use
r = OPTSEQUENTIAL(p, R1, ..., Ry) to define the opti-
mal sequential plan T* given that we have already observed the
ranges R4, . .., R, totheattributes X1, ..., X,,.

4.1.1 Optimal Sequential Plan for Conjunctive
Queries
Interestingly, the exhaustive algorithm described in Section 3
can be used to compute the optimal seguential plan for a
conjunctive query. Note that any conjunctive query ¢ over
X1,...,Xm canbewritten asvarphi = N, ¢:i(li < X; <
r;). If we observe the value of some query attribute X;, then
either varphi isproven to be false, or we need to observe other
query attributes. In general, the choice of next query attribute
will depend on the particular observed value of X, yielding a
complex conditional plan. However, we can redefine our op-
timization problem to restrict potential conditioning predicates
to be only the query predicates ¢; (I; < X; < r;). If ¢; isob-
served to be false, we can terminate the search as above. Other-
wise, we continue by choosing another predicate ¢, and thus
observing attribute X ;. If ¢; is false, we have proven that ¢
is false, otherwise we simply recurse. Clearly, this procedure
will lead to a sequential order over attributes. The same opti-
mal dynamic programming algorithm presented in the previous
section can be applied in this redefined version of the problem
to obtain this optimal sequential plan. This redefined problem
is specified as follows:
o We redefine each query attribute X; by X! € [1,2],
where X; = 2if X; € [l;,m] and X] = 1 otherwise.
Non-query attributes X,,,+1, . . ., X, are removed.

e Interms of these new attributes, our query now becomes
varphi’ = N~ #i(X; = 2). Notethat ¢ istrueif and
only if ¢’ istrue.

We can view this redefinition of the problem as a rediscretiza-
tion of the possible values of the attributes into 2 bins, i.e,
Xi € [li,ri] and X; & [l;,r;]. We must also define the cost
and probabilities in this redefined problem, which, of course,
depend on the input ranges Ry, . .., R, of OPTSEQUENTIAL:

e As in the origina problem, the cost for acquiring each
X, isequal to C;, if R; = [1, K;], and 0 otherwise.

e Thejoint probability for the new attributes X7, ..., X,,
P(X4,...,X],) isinitialized to be the joint probability
of the truth value of the query predicates, given the input
ranges: P(X1,..., X | R1,..., Rm).

The running time complexity of finding the optimal base plan,
therefore, is O(m2™). Considering that the typical number of
predicatesin aquery islikely to be small (lessthan 10), obtain-
ing an optimal sequential plan is significantly more practical
agorithm than solving the general optimal dynamic program-
ming problem.

412 Optimal Sequential Plan for Arbitrary
Queries

Due to lack of space, we will only present a brief sketch of
our dynamic programming algorithm for computing an optimal
sequential plan for arbitrary queries. We first note that, as all
of our query predicates are unary, i.e., ranges over single at-
tributes, we can define a generalization of the rediscretization
technique, which was only presented for conjunctive queries
in the previous section: in general queries, for each attribute
X, we now define v; bins for X;, where each bin is defined
by the (sorted) extreme points of the ranges of each predicate
over X;. If we wereto apply our optimal algorithm from Sec-
tion 3 here, we would end up with a conditional plan over these
v; values of each new attribute, and not the desired sequential
plan. However, we can write a dynamic programming recur-
sion over possible orderings to attributes, using local optimal-



GREEDYSPLIT(p,R1, ..., Rn)
LET sz‘n, +— 0OQ.
FOR % «— 1TOn:
IF RANGE OF X; IS [1, K;] , THEN:
LET C' «— C;.
ELSE:
LET C’ « 0.
IFC" < Cyin , THEN:
FOR z; «+ a 4+ 1 TO b, WHERE R; = [a, b]:
LET [é<"3i’f‘<zi} «— OPTSEQUENTIAL (¢,
Rl)"‘)[a’)wi - 1]7~~~7Rn)-
LET P<zi — P(X.L S [a,mi — 1] ‘ Ri,... ,Rn).
LETC’ « C' + Pey,Ccu,.
IFC’ < Cyin » THEN:
LET [GZmi,mei} «— OPTSEQUENTIAL (¢,
R17"‘1['x’i7b]7-~'7Rn)'
LET P>y, < (1 — P<a;).
LETC' «— C' + P54, Csa,.
IFC" < Cyin , THEN:
LET Cinin — c’. N N N N
LETT « T(X; > x;), I'<c « Ty, Ty T3y

RETURN C77Lin,7T7f‘<af‘Z}'

Figure 6: Greedy selection of binary splitting point.

ity on the problems defined by sub-sequences of attributes. The
rediscretization now allows us to compute the probability that
observing a particular attribute is sufficient to prove the truth
value of the query ¢, by only considering v; values of each
attribute.  The complexity of this algorithm is dominated by
the complexity of computing these probabilities, which, in the
worst case, isO(v™), where v isthe maximum of the ranges of
the attributes after rediscretization.

4.2 Greedy binary splits

Recall that the exhaustive algorithm described in Section 3
finds the optimal split point for each problem, by consid-
ering the optimal values of each resulting subproblem. In-
stead, we focus on locally optimal greedy splits. For a prob-
lem, we define the locally optimal binary split to be the
split point that results in maximum immediate benefit over
the optimal sequential plan. More formally, for a problem
Subproblem(p, Ry, ..., Ry), thelocaly optima binary split,
GREEDY SPLIT(p, R1, ..., R,) isdefined as a greedy version
of Equation (5):

, R,) = min min C; +

GREEDYSPLIT(¢p, Ry, . .. : cfnin,

P(X; € [aj,x; —1] | R1,...,Ry)
J(R1,... las, @i —1],..., Ro) +
P(X; € [xi,b;] | R1,...,Rp)

J(Ryi,. .., [zi,bi], ..., Rn), (6)

where J(Ry,...,Ry) is the expected cost of the optimal

sequential plan starting from the ranges Ri,..., R,. Fig-
ure 6 shows the complete pseudo-code of the algorithm that
finds the locally optimally split point, given a sub-routine
OPTSEQUENTIAL that computes the optimal sequential plan
for a subproblem.

4.3 Greedy planning algorithm

Our greedy planning agorithm uses the greedy splits de-
scribed above to efficiently find a good conditional plan for the
query. The algorithm maintains a current decision list plan T,
which is initially defined to be just a leaf with the root node.
Each leaf n; in the current plan stores an optimal sequential
plan T for its subproblem, and the optimal greedy split plan

GREEDY PLAN(¢,MAXSIZE)

LETT « OPTSEQUENTIAL(p,[1, K1], ..., [1, Ky]).
LET [G,T(X_7 > xj),f‘<m]. ,f‘ZIJ «— GREEDY SPLIT(y,

(1, K1],...,[1, Kn)).
LET ny — [f,T(Xj > 2;),Fea; Toa, [LEL o [1,K,L]]
LETT «— {ni}.

ADD TO QUEUE 11 WITH PRIORITY C(f) -C.

WHILE |T'| < MAXSIZE:
REMOVE TOP OF QUEUE:
ni = [f,T(Xj > atj),f<mj,f21j,R1,...,Rn],
WHERE R; = [a, b].
LET [é,T(Xu > azu),f‘<wu,f“2$u] — GREEDYSPLIT(¢,
Ri,...,[la,z; —1],..., Rn).

LET n,/i — [f‘<1j,T(Xu > ;cu),f<mu,f‘21u,
Ry, ..., [a,z; 71],...,Rn}.
ADD TO QUEUE 7/, WITH PRIORITY
P(Ry,...,la,z; —1],..., Ry) (C(f@j) 76).
LET (6,T(X,, > 3?1;),1A"<mv,fgm,,) «— GREEDY SPLIT(¢,
Ri,....[xj,b],..., Rn).

LET ’I’L;/ - [f‘zl‘j ’ T(XU 2 I‘U): f‘<Iu ) Fvaa

Rl,...,[xj,b],...,Rn}.
ADD TO QUEUE n} WITH PRIORITY
P(Ry,...,[;,b],..., Rn) (c(fzmj) —6).
LET «— T U {nI —ni,n; — n;’}

RETURN I,

Figure 7: Greedy planning algorithm.

defined by Equation (6). The benefit of applying the greedy bi-
nary split at n; over the optimal sequential plan is given by the
expected cost of the sequential plan, C' (f“) minus the expected
cost of the optimal greedy split C' computed by Equation (6).
We maintain a priority queue over leaves of the current plan. A
particular leaf n;, whose subproblemis Ry, ..., Ry, isinserted
in the queue with a priority given by the difference C(f) -C
weighed by the probability that our plan will reach the sub-
problem in leaf n;, P(R1,...,Rx»), as the expected gain of
expanding n; is P(Ry, . .., Ry) (C(f) - 5).

Our greedy algorithm chooses the next leaf to expand from
the queue based on this priority.

Figure 7 illustrates the compl ete greedy algorithm. We start
with a sequentia plan for the root node, and a single split on
this node. We then iterate through the queue. We remove the
top leaf n;, and create two children leaves n; and n, based on
the greedy split from n;. These new leaves are then added to
the queue with appropriate priorities.

The running complexity of this algorithm can be seen to be
O(nK CoptseqN + nKKp), where Copiseq denotes the cost
of computing optimal sequential plan for a subproblem, N de-
notes the number of splits performed by the algorithm, and K,
denotes the complexity of computing the probabilities required
by this agorithm. In particular, for conjunctive queries, the
complexity of thisalgorithm isO(nKm2™ N + nK K)).

5. EFFICIENT COMPUTATION OF
PROBABILITY DISTRIBUTIONS

Until now, we have ignored the issue of computing the event
probabilities required by our planning algorithms. In particu-
lar, the algorithms require the computation of conditional prob-
abilities of predicates given a set of predicates that are already
known to be satisfied. In this section, we will discuss how these



probability computations can be performed efficiently, given a
historical dataset of samples.

Consider the case where each required conditional probabil-
ity is estimated from counts from a dataset D of d tuples as
described in Section 2.3. Consider a subproblem generated
during the execution of either the EXHAUSTIVEPLAN algo-
rithm or the GREEDY SPLIT algorithm, Subproblem(p, R1 =
la1,b1],..., Rn = [an, bx]), and let the part of the dataset that
satisfies the conditions X; € R;, Vi, be D(Ry, ..., Ry).

5.1 Probabilities for exhaustive planning

While solving a subproblem, the probabilities that EXHAUS-
TIVEPLAN (Figure 5) needs to compute are:

Py, = P(Xi € [as,xi—1] | Ra,..., Rn), Vi, Ya; < z; < bi.

Aswe can seeg, all the probabilities required by this step of the
algorithm (ignoring any recursive calls for subproblems) are
probabilities conditioned on (X1 € R1) A ... A (Xn € Ry).
Note that P(z; | Ri,...,Rx,) issimply an independent nor-
malized histogram of X; for the datain D(R1,..., Rn). We
can compute these histograms for every attribute X5, ..., X,
with one pass over the dataset. Once we have P(x; |
Ri,..., R,), wecan compute the probabilities of the required
ranges incrementally by noting that:

P<(wi+1) = P<Ii + P(JSZ ‘ Rl,. . .7Rn). (7)

Thus, we can compute the probabilities of all required ranges
intimeonly O(|D|nK + nK), where K = max; K.

We must also consider generating the dataset for each sub-
problem called recursively from R;,..., R,. Here, we can
create an index independently for each attribute, for each value
of the attribute in time O(|D| nK). We can now use a simi-
lar technique to the one used for range probabilities in Equa-
tion (7): the set of indices for the range [1, z;] is equa to
the set of indices for [1,z; — 4] union with the indices for
x;. Thus, selecting the dataset for all resulting subproblems
isaso O(|D| nK + nK). Therefore, the complexity of the ex-
haustive algorithm using the dataset to estimate probabilitiesis
O(|D| (nK)?K*").

5.2 Probabilities for greedy planning

When the GREEDY SPLIT is considering a conditioning pred-
icate X; € [a;, x; — 1], it requires computation of two types of
distributions:

o Py, :P(Xz S [ai,xi— 1] | Rl,...,Rn)asabove,

e ajoint probability distribution over the rediscretized at-
tributes in the query predicates, conditioned on X; €
Ry A ... AN X, € R, and on the particular choice of
splitting attribute and assignment.

The conditional probabilities P, can be computed incremen-
tally asin Equation (7). The joint distribution over the redis-
cretized attributes can be similarly computed from a normal-
ized joint histogram over each attribute X, and over the re-
discretized attributes X7,..., X,,. We can then use an in-
cremental rule similar to the one in Equation (7) to compute
the required joint probabilities. Thus, the total computation re-
quired in at each split is O(|D| nK) to create the histograms
and O(nK + nKv™) to incrementally update the joint dis-
tributions. Using these optimizations, if the number of sub-
problems solved by GREEDY SPLIT is N, then the total running
timeis O(NnK (Coptseq + v™)), or, for conjunctive queries,
O(NnKm2™).

6. EVALUATION

We now experimentally evaluate the algorithms described in
the above sections. We demonstrate that our algorithm offers a
substantial performance increase over a non-conditional query
execution engine for a wide class of queries over real-world
data sets. We aso show that our GreedySplit heuristic closely
approximates the exhaustive algorithm and that our techniques
scale with respect to the number of query predicates, the do-
main size of the attributes in the query, and the amount of his-
torical data. Finally, we show that our heuristic performs well
with asmall number of splits, corresponding to asmall plan size
that may be required in memory-constrained environments.

We implemented our algorithms in Java on traditional PC
hardware. We evaluate their performance by costing and run-
ning plans on this centralized PC; we reserve implementing a
plan executor that runs on sensor network hardware for future
work. We believe our techniques are readily implementable on
sensor networks, as the energy overhead required to execute a
conditional plan, especialy when compared to the costs of ac-
quiring sensor readings, will be small.

We present results for severa real world data sets collected
from TinyOS-based sensors. We use two data sets: alab data
set of 400,000 light, temperature, and humidity readings col-
lected every two minutes for several months from about 45
motes. These three environmental attributes are quite expensive
to acquire. These readings aso include the id of the generating
sensor, time of day, and battery voltage; we assign these cheap
attributes a marginal sampling cost. Our second data set, gar-
den was collected from a set of 20 Berkeley motes deployed in
a forest; each device was equipped with two temperature and
light sensors, as well as a single sensor for humidity and air
pressure.

We also refer to two variants of the lab data set. To gener-
ate lab8 we concatenated the light, humidity, and temperature
readings from 8 of these sensorstogether into asingletable. We
aso generated a historical version of this data set where histor-
ical readings from twenty minutes ago concatenated to each of
the current sensor readings. We set the cost of accessing these
historical attributes to be 1/10th the cost of accessing the at-
tribute itself, to reflect the fact that for a sensor to use areading
of this sort, it must be acquired at least once every ten sample
periods.

Due to the complexity of the exhaustive algorithm, we were
required to reduce the domain size of the attributes significantly
by subsampling each attribute by some integer factor. We mea-
sure the amount of subsampling as the product of the reduction
factors of all of the query attributes. Thisis relative to the non-
subsampled domain size, which we a so measure as the product
of the sizes of the attribute domains. For our lab data set with
six attributes, thisis approximately 10,

Except as noted below, our plans generated by our algorithms
arebuilt using a set of training data, and evaluated on adigoint
set of test data. Readings from these two sets are from non-
overlapping time windows, simulating the case where histori-
cal datais used to generate a model that is later run for days
or weeks within a sensor network. Our experiments were con-
ducted by automatically generating a variety of range queries.
As we explain below, we found that queries with predicates
with very low selectivity do not exhibit a significant perfor-
mance gain. For this reason, most predicates generated for our
experiments are satisfied by a large (approximately 50%) por-
tion of the data set. For each query, we select, uniformly and at
random, the left endpoint of the range of the query; the width
of each predicate is chosen to be two standard deviations of the
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Figure 8: Quality of plans: (a) exhaustive algorithm versus the naive and heuristic algorithms on a subsampled version of the lab data set, the threeutistic
bars represent different numbers of splits in the heuristic algorithm; (b) impact of using a subsampled version of data to train the exhaustive algaehim (versus
the heuristic algorithm with 10 splits); (c) cumulative frequency of performance gain for experiments over the lab data set, the frequency of at a pacular

x-coordinate indicates the fraction of experiments that did at least that well.

attribute which it is over.

We compare the performance of our algorithms to a tra-
ditional, non-conditional query planner. We refer to the tra-
ditional agorithm naive algorithm, used by most traditional
query optimizerg[15, 10, 2]. Naive simply orders predicates
by % where selectivity is simply the marginal prob-

ability that the predicate does not output a tuple as computed
from the historical data.

6.1 Exhaustive versus heuristic algorithms

In our first experiment, we compare the performance of the
exhaustive algorithm to our greedy heuristic. Our test queries
consist of three predicate queries (generated as specified above)
over the lab data. To allow the exhaustive algorithm to run, we
subsample by a factor of 1.2 x 107 for the experiments in
this section. We note that subsampling significantly reducesthe
improvement that our algorithms can obtain over a traditional
optimizer; our results in the next section illustrate much more
substantial gainswhen it is disabled.

Figure 8(a) showsthe average performancerelative to the ex-
haustive algorithm. We vary the number of split points in our
heuristic plans from 0 to 10. Each bar represents the average
of 95 different queries. Notice that in al cases, our algorithms
outperform naive, and that the both the worst case and average
performance of the heuristic with 10 splitsis very close to the
performance of exhaustive. We tried this experiment with ava-
riety of subsamplings and data sets and obtained similar resullts;
space constraints preclude the inclusion of these graphs. We
also note that we did not separate test data from training data
to avoid possible performance variations that adigjoint test and
training set might introduce.

The space and time complexity of the exhaustive algorithm
arevery high. Ona2.4GHz Pentium 4 with 1 gigabyte of RAM,
the largest problems we could solve were still several orders of
maghitude smaller than the smallest of our real-world data sets.
We show complete scalability results for al of our algorithms
in Section 6.3.

As an dternative to the heuristic algorithm presented above,
we considered a simple modification to the exhaustive algo-
rithm where we ran it over a subsampled data set and used
the generated plan for query evaluation (over the unmodified
data set). We compared the performance the this variant of
the exhaustive algorithm on the lab data set to the performance
of our heuristic on the unmodified data; the results are shown
in Figure 8(b). In this experiment, we varied the amount of
subsampling (e.g. product of bucket sizes). As before, each
bar represents the average (or maximum) of 95 trials. Notice
that the subsampled optimal algorithm performs substantially
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Figure 9: Average and maximum performance gain of the 10-split heuristic
algorithm versus the naive algorithm.

worse than our heuristic on this data set, even with large sub-
samplings.

In general, as these results show, subsampling of this sort is
probably bad idea, because it tends to obscure interesting cor-
relations in the data by grouping together parts of the attribute
space that may be partialy correlated with other attributes, di-
luting the benefit our algorithms can obtain by exploiting such
correlation.

6.2 Heuristic algorithm performance

Next, we ran experiments with our heuristic algorithm on the
two data sets described above (including the 1ab8 and histori-
cal variants of the lab data), running 100 queries (generated as
above) in each experiment. In each case, we used no subsam-
pling, and run the heuristic algorithm for 10 splits. The queries
were as follows: for the lab data set, we had three predicates
over light, temperature and humidity; we also allowed the al-
gorithm to condition on sensor id, battery voltage, and time of
day. For the historical version of this data set, we added his-
torical values of light and temperature as conditional variables.
In the lab8 data set, we had eight predicates over temperature
on the eight different sensors, with sensor id, voltage, and time
of day available for conditioning. In the garden data set, we
used four predicates over light, both temperature sensors, and
humidity, with time of day and location (e.g., altitude within the
forest) available as conditioning predicates. Figure 9 shows the
average and maximum performance gain over naive for each of
these experiments. Notice that in all cases the average gain is
over 20%. The maximum gain is a factor of three in the 1ab8
data set; in the garden data set, it is a factor of two.

Figure 8(c) shows a cumulative frequency of experiment per-
formance over the lab data set, where each bin indicates the
number of experiments that did at least as well as the perfor-
mance at that bin. Notice that the gains are fairly uniformly
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{HILT} denotes a sequential plan that samples Huridity, then Light, then Temperature

Figure 10: Example of a conditional plan generated by the heuristic algo-

rithm for a query over our lab data set looking for instances when it is both
bright, cool, and dry.

distributed, and that thereissome gainin every case. Thislatter
point suggests that our models are not overfitting on the train-
ing data, since that would result in some experiments with a
negative performance gain. Due to space constraints, we omit
CDFs for other data sets; they show similar patterns and dis-
tributions of gains, except that there are very few experiments
that demonstrate gains in excess of afactor of two (when such
gainsareto be had at all).

6.2.1 Detailed Plan Study

Figure 10 illustrates an example of a real plan produced by
our system for one of our test queriesfrom the lab data set. The
total performance gain for this plan is about 20% over naive.
In this case, the query looks for sensors that are reading cool
temperatures, and relatively high light intensities — indicating,
perhaps, that someone is working in the lab at night when it is
typically cold and dark. None of the predicates in this query
have a particularly low marginal selectivity, but the total selec-
tivity of the query will below, asthere there are few caseswhen
it is both cold and bright in our lab. Notice that in this case,
our agorithm first conditions on the hour in the day: when
it is morning (hours O - 6), it prefers to sample light first, as
very early in the morning the lab is unused and it is dark, so
this predicate will fail. In the afternoon, additional conditional
predicates on nodeid are introduced. The split at nodeid < 6
represents a group of sensors (1-6) in a common part of the
lab that is not used at night, so darkness is highly correlated
with time of day. At the other sensors (nodeid > 7), thelab is
sometimes in use until late into the night. Thus, in this part of
the lab, light may not be correlated with time of day. Interest-
ingly, it appears that humidity is correlated with time of day, as
the generated plan samples humidity first late at night. Thisis
likely because the temperature control system in our building
isturned off at night, and air conditioning and heating tends to
keep the humidity low.

6.2.2 Best-case Analysis

We note that in several data sets, Figure 9 shows a dramatic
best case performance gain of several times over the naive al-
gorithm. This is due to the inability of the naive algorithm to
account for correlations; for example, with the 1ab8 data set,
the light and temperature readings from each of the sensors are
highly correlated. In this case, the query contained eight predi-
cates, each with selectivities of about 50%. Seven of the pred-
icates selected for high temperatures from a sensor; the eighth
was looking for low temperatures, so the total selectivity of the
query was low. It happened that this eighth predicate was less
selective than the others, so naive placed it at the end of the
query. In anon-conditional plan, thisis a particularly bad deci-
sion, asif atuple passes one of the seven correlated predicates,
it will pass al of them, requiring the acquisition of seven at-
tributes, only to fail on the eighth predicate. The heuristic a-

gorithm was able to use the correlation between the sensors to
observe that when one of the correlated attributes passes a tu-
ple, they all will, and so its second step should be to check the
eighth predicate. Though this example makes naive look re-
markably bad, we believe it will occur frequently in monitoring
scenarios. For example, a user may wish to determine if a par-
ticular sensor is malfunctioning by selecting sets of readings
where that sensor reads differently from a set of (supposedly
well correlated) neighbors.

6.2.3 Discussion

Finally, we observe that, for a number of queries, the naive
approach works quite well. It does best in scenarios when there
is one predicate of very low selectivity that it can place early
in the plan. It does poorly when most predicates have approx-
imately the same selectivity, as it cannot choose a good order,
whereas our techniques can use correl ationsto distinguish pred-
icatesin such cases. Naive performs particularly badly in cases
like the one we identified with the multi-sensor lab data set,
where the query contains a sequence of correlated predicates of
about the same selectivity.

To quantify the effect of selectivity on the relative perfor-
mance of our algorithms versus the naive algorithm, we studied
the best and worst performing 5% of queriesin the lab data set
(whose performance distribution is shown in Figure 5.2). The
average variance of the apriori probability of query predicates
being satisfied in the best case was 0.00076, whereas it was
0.095 in the worst case. In al of the best cases, the probability
of each predicate being satisfied was approximately 50%, and
in the worst cases, there was at least one predicate with very
low selectivity (less than 5%.)

6.3 Scalability

In this section, we study the scaling of the exhaustive and
heuristic algorithm versus number of predicates, attribute do-
main size, and amount of historical data. Recall from our dis-
cussion above that we expect the performance of our heuristic
agorithm to scale linearly in the size of the data set, linearly
with domain size, and exponentialy (base 2) in the number of
query variables. The exhaustive algorithm is also linear in the
size of the data set, but is polynomial in the size of the domain
size and exponential in the number of query variables, where
the base of the exponent is the domain size. Our scalability ex-
periments verify that our implementation obeys the complexity
bound given above. We briefly summarize these results in this
section, omitting a detailed discussion of experimental param-
eters due to space constraints.

Figure 11(a) shows total runtime versus the the amount of
historical data, comparing the heuristic algorithm running for
10 steps to the exhaustive algorithm (over the garden data set
with three query predicates.) In this experiment we varied the
amount of data by replicating the lab data set from 1-16 times.
The linear scaling with respect to data set size of both algo-
rithms makes them able to work effectively even when the data
sets are quite large.

Figure 11(b) shows the scaling of the runtime of our algo-
rithms versus the product of the domain sizes of the query at-
tributes (i.e., amount of subsampling) on the (unreplicated) gar-
den data set, show how the polynomial scaling of the the ex-
haustive algorithm slows it down for larger domain sizes.

Figure 11(c) shows the performance of our algorithms with
respect to the number of variablesin the query. The runtime of
both algorithms increases with the number of variables, but that
the exhaustive algorithm scales much more dramatically, dueto
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Figure 11: Running time versus: (a) amount of historical data; (b) size of attribute domains; (c) number of query variables.

the larger exponent base.

We also looked at the runtime of the heuristic algorithm with
respect to the number of splits, again athree variable version of
the data set. Due to space constraints, we omit the graph, but
the runtime ranged from 176ms with 1 split to 841ms with 20
splits. Plan size (in extremely verbose, human readable form),
ranged from 357 charactersfor the aplan with no splitsto 2373
bytes for a plan with 20 splits, representing a six timesincrease
insize.

Finally, we measured the memory requirements of our algo-
rithms, but again do not plot the results due to space constraints.
In general, the heuristic algorithm’s memory requirements scale
with size of the data set, ranging from about 3 megabytes on the
basic garden data set to 49 megabytes on same data set repli-
cated 16 times. The exhaustive algorithm scales with domain
size, ranging from 34 megabytes on the smallest domain we
tested with to 510 megabytesin the largest.

7. APPLICATIONS AND EXTENSIONS

This paper focuses on building the basic data-structures and
algorithms required for obtaining good conditiona plans for
complex acquisitional queries. This section outlines several ex-
tensions built on this basic framework.

Approximate answers: Thus far, we have shown how to
use our conditional planning techniques that generate the ex-
act truth value of the query ¢. Our techniques also provide an
effective method for obtaining approximate query answers. In
particular, every time our recursive algorithms visit a subprob-
lem Subproblem(p, Ry, ..., Ry), wefirst evaluate whether the
truth value of  canbe determl ned fromtheranges R1, . . ., Rn.
In approximate queries, we, in addition, evaluate the probabil-
ity that o istrue given the ranges, P(¢ | R1,..., R,). If, for
example, the user defines a 5% tolerance, then we can stop as
soon as this probability is lower than 5%, returning ¢ = F,
higher than 95%, returning » = T. Additionally, the user can
define different tolerances for false positives and false nega-
tives appropriately. These approximate framework allows us
to answer queries over very expensive attributes, without ever
evauating them, if observing low-cost attributesis sufficient to
estimate P(y | R1, ..., Ryn) within the required tolerances.

Distributed query processing: Although we have focused
our presentation on conditional plansthat are expected to run on
asingle node of anetwork, an interesting application of our ap-
proach isthe processing of queries over attributes distributed in
the network. For example, we may have a query involving the
temperature in multiple sensor nodes. Our planning approach
can now take into account the cost acquiring an attribute lo-
caly, and the cost of forwarding a query to another node. In
this case, our cost function will depend on the previous loca-
tion of the query. If we need to acquire an attribute in the same

location, we do not pay the communication cost, and the loca-
tion variable remains unchanged. If we decide to acquire an
attribute in another location, then we must pay the communica-
tion cost (depending on the route, network quality, etc.) plusthe
attribute acquisition cost, at which point the location variableis
set to the new location. Given amodel of network connectivity
and routing costs, this distributed extension of our (exhaustive
and heuristic) algorithms is straightforward.

Complex acquisition costs: We have focused on a very
simple cost function: the independent cost of acquiring a sin-
gle variable. In general, however, we may have significantly
more complex cost functions. For example, motes have sensor
boards with multiple sensors that are powered up simultane-
oudly. Thus, the cost of acquiring areading can be decomposed
as the high cost of powering up the board, plus alow cost for a
reading of each sensor in the board. In our algorithms, after we
first split on an attribute, the cost of adding another split is 0.
Similarly, we can make the cost of the first attribute in a sensor
board high, but after some attribute is observed, the others will
have low cost.

Graphical Models: The methods presented in the previous
section, using historical data to estimate conditional probabili-
ties, suffer from two issues: First, these algorithms are linear in
the size of the dataset, which can be very large. Second, after
each split on a predicate, each subproblem will be consistent
with at most half of the data. Thus, the amount of data avail-
able to estimate probabilities decreases exponentialy with the
number of splits. After several splits, our probability estimates
will thus have very high variance. This can result in choosing
arbitrary plans, that may turn out to be significantly worse in
reality than in the training data.

An dternativeisto build a compact model of the data. Prob-
abilistic graphical models provide a compact representation of
complex, exponentially-large distributions, by exploiting con-
ditional independences between attributes. These models offer
two significant advantages: First, there are severa agorithms
that allow usto compute the conditional probabilities efficiently
by exploiting structure in the graphical model [5]. Second, by
exploiting conditional independences, we can often represent
the required joint distribution with a polynomia number of pa-
rameters. Thus, this representation is significantly less suscep-
tible to the overfitting observed when estimating probabilities
from adataset directly. Dueto lack of space, werefer the reader
to the book by Cowell et al. [5] for details.

Query processing in other environments:  Up to this
point, we have focused on the application of conditional plans
in sensor networks. They are equally applicable in other wide-
area environments; for example, on the web, the latency to
acquire individual data items in quite high, and the data may
may exhibit correlations that can be exploited using conditional



plans. Similarly, in compressed databases [3], the cost of ac-
quiring attributes may include the cost of decompression, which
can be be very high. Conditional plans can reduce the amount
of decompression required to execute a query.

Our techniques can aso be applied to traditiona database
query processing. For example, our techniques generalize eas-
ily to star queries containing only key-foreign key join predi-
cates, can be thought of as expensive “selections’ on the rela-
tion at the center of the star (commonly referred to as the fact
table), and conditional plans can be used to exploit correlations
between the dimension tables.

Generalization to other types of queries: Thus far, we
have focused our attention on conjunctive queries. Other inter-
esting types of queriesin sensor network queries are existential
queries, or queries that use the “LIMIT” clause. For example,
we may only beinterested in finding out if there exists a sensor
that is recording high values of light and temperature. We can
use conditional plans to significantly reduce the number of ac-
quisitions made, by “guessing” which of the sensors are most
likely to satisfy the predicates, possibly using other low-cost
attributes in the process.

8. RELATED WORK

Our idea of conditions plans is quite similar to parametric
query optimization [14, 8, 4, 7], where part of the query op-
timization process is postponed until the runtime. Typically,
these techniques choose a set of query plans at query optimiza-
tion, and a set of conditions that are used to select a plan at
runtime. This earlier work differed substantially from ours in
two essential ways: First, in these traditional approaches, the
plan to be run for an entire query is selected dynamicaly at
run-time; thus, even if correlations were taken into account by
these approaches, per-tuple variations, which we have seen to
be prevalent and widely exploitable, could not be accounted for.
Second, these approaches did not generate nodes in the choose
plan by observing correlations in the data, so could not exploit
the same relationships in the data as our approach.

Adaptive query processing techniques [11] attempt to reop-
timize query execution plans during query execution itself. We
believethat theideaof conditional plansthat we proposeisboth
orthogonal and complementary to adaptive query processing. If
sufficiently accurate information about the data is available (as
we assume in this work), then conditional plans can reap many
of the benefits of adaptive query processing technique apriori.
However, in many cases, such information may not be avail-
able, and adaptive techniques must be used.

Earlier work on expensive predicates [10, 2] talks about how
to optimize queries with expensive predicates. All these tech-
niques however produce a single sequentia plan in the end,
and to our knowledge, none of this work has considered corre-
lated predicates. Shivakumar et al., [19] propose using low-cost
predicates to avoid evaluating expensive predicates. Their ap-
proach also constructs a sequential plan in the end, and the final
query output may contain false positives, or may miss certain
answers. Our approach, on the other hand, guarantees correct
execution of the original query in all cases.

Madden et. al., [16] propose the idea of acquisition query
processing where the cost of acquiring attributes is explicitly
modeled, though their focus was entirely on sensor network
query processing. In this paper, we have generalized their basic
idea, and have proposed an approach to significantly speed up
query processing in such environments. Web querying is an-
other domain where the idea of acquisitional query processing,
and the techniques we propose in this paper, can be very useful.

Chen et al., [3] propose techniques to perform query optimiza-
tion in compressed database systems, and also model the cost
of acquiring attributes explicitly. The techniques we proposein
this paper can be extended in straightforward manner to their
scenario.

9. CONCLUSIONS

In this paper, we showed how to exploit correlations between
attributes in a database system by modifying the query opti-
mizer to produce conditional plans that significantly outper-
form plans produced by traditional database optimizers. We
showed specifically how these correlations can be used to opti-
mize the performance of multi-predicate selection queries with
attributes that have high acquisition costs[16] which frequently
occur in distributed systems such as sensor networks and the In-
ternet. We developed planning algorithms for generating such
conditional plans given a historical data set with correlations.
Our experimental results demonstrate the significant perfor-
mance gainsif the query optimizer is modified to take into ac-
count these correlations.
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