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Abstract

This paper addresses the problem of evaluating ranked fop-k queries with expensive predicates. As major DBMSs now all
support expensive user-defined predicates for Boolean queries, we believe such support for ranked queries will be even more
important: First, ranked queries often need to model user-specific concepts of preference, relevance, or similarity, which call for
dynamic user-defined functions. Second, middleware systems must incorporate external predicates for integrating autonomous
sources typically accessible only by per-object queries. Third, ranked queries often accompany Boolean ranking conditions,
which may turn predicates into expensive ones, as the index structure on the predicate built on the base table may be no longer
effective in retrieving the filtered objects in order. Fourth, fuzzy joins are inherently expensive, as they are essentially user-
defined operations that dynamically associate multiple relations. These predicates, being dynamically defined or externally
accessed, cannot rely on index mechanisms to provide zero-time sorted output, and must instead require per-object probe
to evaluate. To enable probe minimization, we develop the problem as cost-based optimization of searching over potential
probe schedules. In particular, we decouple probe scheduling into object and predicate scheduling problems and develop an
analytical object scheduling optimization and a dynamic predicate scheduling optimization, which combined together form a

cost-effective probe schedule.
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1 Introduction

In the recent years, we have witnessed significant efforts in processing ranked queries that return top-k
results. Such queries are crucial in many data retrieval applications that retrieve data by “fuzzy” (or
“soft””) conditions that basically model similarity, relevance, or preference: A multimedia database may

rank objects by their “similarity” to an example image. A text search engine orders documents by their

*This paper is based on and significantly extends our preliminary works: “Minimal Probing: Supporting Expensive Predi-

cates for Top-k Queries” in the ACM SIGMOD 2002. See submission letter.



“relevance” to query terms. An e-commerce service may sort their products according to a user’s “pref-
erence” criteria [1] to facilitate purchase decisions. For these applications, Boolean queries (e.g., as in
SQL) can be too restrictive as they do not capture partial matching. In contrast, a ranked query computes
the scores of individual fuzzy predicates (typically normalized in [0:1]), combines them with a scoring

function, and returns a small number of fop-k answers.

Example 1: Consider a real-estate retrieval system that maintains a database house(id, price, size, zip,
age) with houses listed for sale. To search for fop-5 houses matching her preference criteria, a user (e.g.,

a realtor or a buyer) may formulate a ranked query as:

select id from house
order by min(new(age), cheap(price, size), large(size))

stop after 5 (Query 1)

Using some interface support, the user describes her preferences over attributes age, price, and size
by specifying fuzzy predicates new, cheap, and large (or x, p., and p; for short!. For each object, each
predicate maps the input attributes to a score in [0:1]. For example, a house a with age=2 years, price =
$150k, and size = 2000 sqft may score new(2)=0.9, cheap(150k, 2000) = 0.85, and large(2000)=0.75.
The query specifies a scoring function for combining the predicates, e.g., the overall score for house a is

min(0.9, 0.85, 0.75) = 0.75. The highest-scored 5 objects will be returned. ]

This paper studies the problem of supporting expensive predicates for ranked queries. We characterize
expensive predicates as those requiring a call, or a probe, of the corresponding function to evaluate an
object. They generally represent any non-index predicates: When a predicate is dynamically defined or
externally accessed, a pre-constructed access path no longer exists to return matching objects in “zero
time.” For instance, in Example 1, suppose predicate cheap is a user-defined function given at query time,
we must invoke the function to evaluate the score for each object. We note that, for Boolean queries,
similar expensive predicates have been extensively studied in the context of extensible databases [2, 3]. In
fact, major DBMSs (e.g., Microsoft SQL Server, IBM DB2, Oracle, and PostgreSQL) today all support
user defined functions (which are essentially expensive predicates) allowing users to implement predicate
functions in a general programming language. We believe it is important for ranked queries to support

such predicates, which is the specific contribution of this paper.

In fact, there are many good reasons for supporting expensive predicates, because many important

operations are essentially expensive. First, supporting expensive predicates will enable function exten-

"'We distinguish search predicate x and expensive predicates p. and p; in naming for the sake of presentation later on.
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sibility, so that a query can employ user or application-specific predicates. Second, it will enable data
extensibility to incorporate external data sources (such as a Web service) to answer a query. Third, it
will enable post-filtering predicates in ranking queries; as we will discuss Boolean filtering conditions
in ranking queries may turn fuzzy predicates into expensive ones. Fourth, it will enable join operations
across multiple tables; as we will see, a fuzzy join predicate is essentially expensive. Our framework
aims at generally supporting expensive predicates in the context of ranked queries, in order to handle the

following expensive predicates:

o User-defined Predicates: User-defined functions are expensive because they are dynamically defined
and thus require per-object evaluation. Note that user-defined functions are critical for function extensi-
bility of a database system, to allow queries with non-standard predicates. While user-defined functions
are now commonly supported in Boolean systems, such functions are clearly lacking for ranked queries,
though they are more important for ranking based on similarity, relevance, and preference (e.g., as in
[1]). As these ranking concepts are inherently imprecise and user (or application) specific, a practical
system should support ad-hoc user-defined ranking criteria. To illustrate, consider our real-estate ex-
ample. Although the system may provide new as built-in, users will likely have different ideas about
cheap and large (say, depending on their budget and family sizes). It is thus desirable to support these

ad-hoc criteria as user-defined functions to express user preferences.

e External Predicates: A middleware system can integrate an “external” predicate that can only be
evaluated by probing an autonomous source for each object. For instance, a middleware may integrate
Web sources, say, to look for houses in “safe” areas as in Example 1, by querying some Web source to

compute the “safety” based on the crime rate of the area retrieved.

e Post-filtering Predicates: Although our focus is on ranking, such query can often mix with Boolean
query conditions, as they effectively filter out irrelevant tuples. For instance, continuing Example 1,
user can effectively focus the house search into only those located Chicago, by specifying a Boolean

filtering condition on zip as Query 2 below illustrates:

select 7d from house

where 2ip=60603

order by min(new(age), cheap(price, size), large(size))

stop after 5 (Query 2)
While such queries can be supported in various ways, e.g., fundamental change of optimizer as in [4], an

immediate and easy extension of relational DBMS for supporting Query 2 is to leverage relational query



optimizer to effectively process the Boolean filtering condition and then evaluate fuzzy predicates.
However, such extension may turn fuzzy predicates into expensive ones: To illustrate, suppose there
exist index structures to access houses in the decreasing order of new, cheap, and large scores. Now
that user is interested only in houses in Chicago, the indices built on base table (of all houses) may no
longer be efficient in retrieving high-scored Chicago houses, especially when Chicago houses are very

few in the database.

e Join Predicates: Join predicates are expensive, because they are inherently user-defined operations: In
the Boolean context, joins may arbitrarily associate attributes from multiple tables using user-defined
Boolean join condition. Similarly, fuzzy joins may associate multiple attributes with an user-defined
join predicate. Since a search mechanism cannot be pre-computed for such fuzzy joins, fuzzy joins
require expensive probes to evaluate each combined tuple (of the Cartesian product), as is the case
in Boolean queries. To generally support fuzzy joins, a ranked-query system thus need to support
expensive predicates. To illustrate, continuing Example 1, to find new houses near a high-rating park,

the following query joins another relation park(name, zip) with the predicate close:

select h.id, s.name from house h, park s
order by min(new(h.age), rating(s.name), close(h.zip, s.zip))

stop after 5 (Query 3)

These predicates, be they user defined or externally accessed, can be arbitrarily expensive to probe,
potentially requiring complex computation or access to networked sources. Our key challenge is thus
to minimize the cost of such expensive probes, by (a) minimizing the objects to evaluate and (b) the
predicate evaluations for such objects, while existing approaches miss either (e.g., TAz) or both (e.g.,

complete probing) of these two minimizations.

This article pursues this goal of probe minimization, based on and expanding the “necessary-probe
principle” studied in our preliminary work [5], which we compare to and contrast with in Section 5.
Due to space limitation, the main text focuses on the core principles of probe minimization, while we
also studied important relevant research issues, such as scalability or parallelization, which we leave in

Appendix. To highlight, we summarize our main contributions of this paper as follows:

e Expensive predicates for ranked queries: We identify, formulate, and formally study the expensive
predicate problem for ranked queries, which generally abstracts user-defined functions, external predi-
cates, post-filtering predicates, and fuzzy joins. We are not aware of any previous work that formulates

the general problem of supporting expensive predicates for top-k queries.



symbol meaning
F scoring function
D dataset
k retrieval size (or, as score threshold 6y)
n number of query predicates
m number of data objects, i.e., |D|
P predicate schedule
Op object schedule with respect to P
pr(u, p) probe to evaluate plu]
PC probe cost

Figure 1: Notation used in this paper.
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Figure 2: Dataset 1. Figure 3: The baseline scheme SortMerge.

o Cost-based optimization: We enable probe minimization by optimizing probe schedule in a cost-based
sense, by searching the space of schedules for the minimal-cost one. In particular, we decouple probe
scheduling into object and predicate scheduling problems and develop an analytical object scheduling
optimization and a dynamic predicate scheduling optimization, which combine together to form a cost-

effective probe schedule.

e Optimal Algorithm: We develop Algorithm MPro which realizes our cost-based schedule optimiza-

tion framework.

e Experimental evaluation: We report extensive experiments using both real-life and synthesized datasets.
Our experimental study validates the optimality of our analytic object scheduling as “lower bound” per-
formances and the effectiveness of our dynamic predicate scheduling over the existing schemes without

a principled optimization approach.

We first define ranked queries in Section 2, and the baseline processing schemes. Section 3 then
presents our cost-based schedule optimization framework, based on which we develop Algorithm MPro.
Section 4 reports our experimental evaluation. We briefly discuss related work in Section 5 and conclude

in Section 6.

2 Ranked Query Model

To establish the context of our discussion, this section describes the query semantics and cost model for

expensive predicates (Section 2.1) and discusses existing frameworks to motivate and contrast our work



(Section 2.2).
2.1 Query Semantics and Cost Model

Unlike Boolean queries where results are flat sets, ranked queries return sorted lists of objects (or tuples)
with scores indicating how well they match the query. As Figure 1 summarizes, A ranked query is denoted
as a scoring function F(t4,...,t,), which combines several fuzzy predicates ti, .. .,t, into an overall
query score for each object. Without loss of generality, we assume that scores (for individual predicates
or entire queries) are in [0 : 1]. We denote by #[u] the score of predicate ¢ for object u, and Fu| the query

ScCore.

We will use Query 1 (of Example 1) as a running example, which combines predicates z, p., and
p; with F= min(z, p., p;). We will illustrate with a toy example (Dataset 1) of objects {a, b, c,d, e}.
Figure 2 shows how they score for each predicate (which will not be known until evaluated) and the
query; e.g., object a has scores z[a] = 0.9, p.[a] = 0.85, p;[u] = 0.75, and overall F(z, p., p;)]a] =
F(z[al, pc[a], mla]) = min(0.9,0.85,0.75) = 0.75.

We can distinguish between selection and join predicates, just as in relational queries, i.e., depending
on if the operation involves one or more objects. That is, a selection predicate evaluates some attributes of
a single object, and thus discriminates (or “selects”) objects in the same table by their scores; e.g., in Query
1 (of Example 1), z determines how “new” the age of a house is. In contrast, a join predicate evaluates
(some attributes of) multiple objects from multiple tables. (Conceptually, a join operation is a selection
over joined objects in the Cartesian product of the joining tables.) For instance, p; in Query 3 (in Section
1) evaluates each pair of house and park to score their closeness. Our framework can generally handle
both kinds of predicates— we will focus on selections for simplicity, while we develop the extensions for

joins in Appendix.

In this paper we focus on an important class of scoring functions that are monotonic, which is typical
for ranked queries [6]. Intuitively, in a monotonic function, all the predicates influence positively the
overall score. Formally, F is monotonic if F(ty,...,t,) > F(s1, -+ ,s,) when Vi : ¢; > s;. Note that
this monotonicity is analogous to disallowing negation (e.g., t; A —t5) in Boolean queries. Since negation
is used only infrequently in practice, we believe that monotonic functions will similarly dominate for
ranked queries. Note that a scoring function may be given explicitly (in a query) or implicitly (by the
system). For instance, a system that adopts fuzzy logic [7] may support user query F = min(ty, t3) for
fuzzy conjunction. An image or text [8] database may combine various features with a user-transparent

function, such as Euclidean distance or weighted average.



As results, a ranked query returns the top-k objects with highest scores, and thus also referred to as a
top-k query. More formally, given retrieval size k and scoring function F, a ranked query returns a list /C
of k objects (i.e., || = k) with query scores, sorted in a descending order, such that F(#;,-- -, t,)[u] >
F(ty,++,ty)[v] for Vu € K and Vo ¢ K. For example, the fop-2 query over Dataset 1 (Figure 2) will
return the list /C = (b:0.78, a:0.75). Note that, to give deterministic semantics, we assume that there are no
ties — otherwise, a deterministic ‘“‘tie-breaker” function can be used to determine an order, e.g., by unique

object IDs.

Alternatively, fop-k queries can be viewed as retrieving objects u that score no less than some threshold
Oy, i.e., F[u] > 0. Note this thresholding view will be semantically equivalent to fop-k query view, when
0. corresponds to the lowest score of fop-k results: Though such @, is not known a priori in practice, this

semantically equivalent view helps conceptualize important insights, as we will revisit in Section 3.

Given a query, a processing engine must combine predicate scores to find the top-k answers. We
can generally distinguish between index predicates that provide efficient search and non-index predicates
that require per-object probes. First, system built-in predicates (e.g., [9, 10, 11]) can use pre-computed
indexes to provide sorted access of objects in the descending order of scores. Such search predicates
are essentially of zero cost, because they are not actually evaluated, rather the indexes are used to search
“qualified” objects. For Query 1 (in Section 1), we assume z to be a search predicate. Figure 2 orders

objects to stress the sorted output of z.

In contrast, expensive predicates must rely on per-object probes to evaluate, because of the lack of
such search indexes. As Section 1 explains, such probe predicates generally represent user-defined func-
tions, external predicates, post-filtering predicates, and joins. Unlike search predicates that are virtually
free?, such predicates can be arbitrarily expensive to probe, potentially requiring complex computation
(for user-defined functions), networked access to remote servers (for external predicates), or coping with

combinatorial Cartesian products (for joins). Our goal is thus clear: to minimize probe cost.

This paper thus presents a framework for the evaluation of rank queries with probe predicates. To
stress this focus, we assume (without loss of generality) queries of the form F(x,pq,...,p,), with a
search predicate x and some probe predicate p,. Note that, when there are several search predicates, the
well-known Fagin’s algorithm [6] (Section 2.2 will discuss this standard “sort-merge” framework) can be
compatibly applied to merge them into a single sorted stream z (thus in the above abstraction), which also

minimizes the search cost.

ZWhile search predicates do incur cost, in this scenario of expensive predicates, the cost is nominal compared to probe costs

that clearly dominate.



We want to minimize the cost of probing p;, ..., p, for answering a fop-k query over the given
database D. Let A be an algorithm, we denote its probe cost by PC(.A, F, D, k). (Note the notation is
used interchangeably with its shorthanded notion PC(.A) for convenience.) Assuming that the per-probe
cost for p; is C; and that A performs m; probes for p;, we model the probe cost as PC(A) = Z?:l m;C}.
In particular, for a database of size m, a complete probing system (as Section 2.2 will discuss) will cost
>, mC;. Such complete probing cost represents an upper bound of any algorithms; many probes are

obviously unnecessary for finding a small number of top-k answers.

Our goal is to develop a probe-optimal algorithm, which guarantees minimal probe cost. That is, if A
is probe-optimal, it does not waste any single probes and every probe it performs is thus necessary (by any
algorithms). We will develop a probe-optimal algorithm in Section 3. In addition, Section 4 empirically
shows that the probe-optimality of our algorithm makes the probe cost “proportional” to retrieval size k
rather than database size m. This proportional cost can be critical, since users are typically only interested

in a small number of top results.

2.2 Baselines: Sort-Merge and TAz Framework

There have been significant efforts in processing ranked queries with “inexpensive” search predicates.
The most well-known scheme (in a middleware system) has been established by Fagin [6] as well as
several later versions [12, 13, 14]. Assuming only search predicates, these schemes access and merge the
sorted-output streams of individual predicates, until fop-k answers can be determined. We refer to such

processing as a sort-merge framework.

In this paper we consider ranked queries with expensive predicates. To contrast, consider adopting
the sort-merge framework for expensive predicates: As the name suggests, the scheme will require com-
plete probing to sort objects for each expensive predicate, before merging the sorted streams— Referred
to as SortMerge, this naive scheme fully “materializes” probe predicates into search predicates. Fig-
ure 3 illustrates Scheme SortMerge for Query 1 (Example 1), where z is a search predicate while p,
and p; expensive ones. The scheme must perform complete probing for both p. and p; to provide the
sorted access, and then merge all the three streams to find the fop-2 answers. That is, rather than the
desired “proportional cost,” SortMerge always requires complete probing, regardless of the small k; i.e.,

PC(SortMerge) = >, mC;, for a database of size m.

Later, Fagin [14] modified the scheme (referred to as TAz) to support “probe-only” predicates like

p. and p; without “full materialization” of SortMerge: Instead, Algorithm TAz iteratively accesses each



object from x and computes its final score (by completely probing p. and p; for this object), only until k&

evaluated objects have higher final scores than the maximal-possible scores of the rest.

We consider these two schemes as baselines for performance comparison (Section 4.1), as they repre-
sent two interesting “upper bound” costs: First, by completely probing every object, SortMerge defines the
absolute upper bound cost of complete probing. Second, by halting as soon as fop-k results are identified,
TAz minimizes the number of objects evaluated (object minimization); However, by always completely
probing objects, its cost represents the upper bound cost of algorithms with object minimization. In con-
trast, this paper identifies the problem of probe minimization, which not only optimizes with respect to the
number of objects evaluated, but also how many predicates are processed for each such object. As aresult,
as we will see in experiments (Section 4), most probes in SortMerge and TAz are simply unnecessary in

our probe-optimal algorithm.

3 Minimal Probing: Cost-based Schedule Optimization

Given a ranked query characterized by scoring function F(z, p1, . . ., p,) and retrieval size k, with a search
predicate x and probe predicates p1, . . ., p,, our goal is to minimize probe cost in processing the query. In
this section, we tackle the problem as a cost-based schedule optimization of identifying the optimal probe
schedule in the search space. Further, we propose Algorithm MPro (for minimal probing) which realizes
the framework. Section 3.1 overviews our cost-based optimization framework and identifies object and
predicate scheduling as sub-problems, each of which corresponds to two “phases” of OSch and PSch
of our algorithm MPro (Figure 4). Sections 3.2 and 3.3 then tackle object and predicate scheduling

respectively.

3.1 Schedule Optimization: Overview

In this section, we develop top-k query processing as a cost-based schedule optimization and identify the
focus of object and predicate scheduling as its sub-problems (which will be discussed in Sections 3.2 and
3.3 respectively). That is, this section overviews how the problem can be decomposed into sub-problems

without compromising generality.

To begin with, we focus on a general class of sequential algorithms, as any algorithm can be considered
sequential by flattening out the operations performed. (We also develop a “simple extension” to parallel
probing in Appendix, though it is not the focus of this paper.) A sequential algorithm executes probes one

at a time and stops if no further probes are necessary. Each probe evaluates a predicate p for an object



u, designated by pr(u, p), to determine the score p[u]. Given a query with n expensive predicates, for a
database with m objects, there are thus m - n possible probes (for each pair of an object and a predicate).
A sequential algorithm will execute these probes in some order (and possibly terminate before exhausting
all probes), forming a particular probe schedule. We will thus view any sequential algorithm as equivalent
to a probe schedule S (which the algorithm produces). That is, an optimal sequential algorithm must in
effect determine the optimal probe schedule that requires the least probe cost. Our task of sequential-
algorithm optimization is thus precisely a probe scheduling problem, i.e., finding the minimal-cost probe

schedule.

Example 2 (Scheduling Space): For our example Query 1 (Example 1): F(x, p., p;) over Dataset 1,
there are 2 expensive predicates, p. and p;, and 5 objects (a, . . ., €), and thus (5 - 2) = 10 probes. Different
sequential algorithms will schedule these probes in different orders. The followings are two possible
orders: Sp: pr(a, p.), pra, p;), pr(b, pe), prb, pi), - .., prie, pe), pr(e, p;) and Sz pr(a, p.), pr(a, pi),

pr(b7 pl)’ pr(bv pC), pr(C, pC), pr(C, pl)’ pr(d7 pl)? pr(dv p0)7 pr(e7pc)’ pr(evpl)' All together, there are
(5-2)! = 3,628,800 possible schedules.

Depending on the particular databases, some schedules may terminate earlier before exhausting all
10 probes (as Example 5 later will illustrate). As a result, different algorithms, by using different probe

schedules, will result in different costs. n

As Example 2 shows, given a query, possible sequential algorithms or probe schedules are numerous
in any practical settings, resulting in a large search space for optimization. In particular, given m-n probes,
the “space” of sequential algorithms, which we designate as €2, consists of (m - n)! different schedules
(each of which sequences the probes in a different way), i.e., |2| = (m-n)!. (Strictly speaking, the value is
a tight lower bound of ||, as an algorithm may terminate earlier with less than m - n probes as Example 5
will illustrate.) Among all the algorithms S in €2, with its probe cost denoted as PC(S, F, D, k) with
respect to the given scoring function F, dataset D, and retrieval size k, our goal is to find the optimal one

with the least cost, i.e.,
argming.,PC(S, F, D, k) (1)
Such optimization is clearly challenging as the space is prohibitively large, e.g., even for a toy setting

illustrated in Example 2. (To reinforce, for a slightly larger setting of, say, 50 objects and 2 predicates,

Q] = (50 - 2)! = 9.3¢ + 157).

Conceptually, we view a probe schedule S as consisting of object and predicate scheduling: During

execution, any sequential algorithm must schedule the next probe pr(u, p) by selecting both an object u

10



and a predicate p, or object scheduling and predicate scheduling respectively. Example 3 illustrates such

dual schedules.

Example 3 (Object vs. Predicate Scheduling): Continue Example 2. S; executes an object schedule
O=(a, a, b, b, ..., e, e), in which each object appears twice, i.e., once for each predicate. Further,
S1 evaluates the predicates in the same order (p., p;) for each object, i.e., with a predicate schedule P;
= [a:(pe, p1), b:(pes P1)s - - -5 €:(pe, p)]. Note that P; and O together determine the complete schedule,
which we denote by &7 = (P;, O;). Similarly, we can consider another schedule S = (P, Os), interleaving
evaluations on objects a and b, e.g., Os=(a, b, b, a, ¢, ¢, d, d, e, e), with object-specific predicate scheduling

Pa=la:(pe, p1), b:(pi, D), ¢:(Pes> D), d:(D1y Pe)s €:(Des D] m

The scheduling problem thus intrinsically couples object with predicate scheduling. That is, the dual
schedulings among m objects and n predicates combine to form the space (). For a better understanding
of this coupling, we study the space of object and predicate scheduling, which we designate as 2 and 2p
respectively. First, how many different object schedules are possible in the space of {2»? Since an object

schedule can be any permutation of the m objects, each of which appears n “identical” times, |Qp]| =

(m-n)!

(i)
there are (n!) different permutations of predicates; all together there are |Q2p| = (n!)™ for all m objects.

. Second, how many different predicate schedules are possible in the space of {2p? For each object,
Note that 2o and §2p together form the combinatorial space €2 (as illustrated earlier), i.e., || = |Q2p| - |Q0]
=(m-n)l

Example 4 ({2p and (2»): Continue our running example with m = 5 objects and n = 2 predicates. First,

consider {2p: Since each of the 5 objects has 2! predicate schedules, which are (p., p;) and (p;, p.), there

are combinatorially (2!)5 = 32 predicate schedules, i.e., |Q2p| = 32. Second, consider Qp: Any permutation

of O1=(a, a, b, b, ..., e, e)is also a valid object schedule, and therefore there are |Qp| = % = 113,400.

Together, we see that |Qp| - |Q20| = |©2] (as Example 2 computed). n

Can separating object and predicate schedulings help decouple their combinatorial complexity? In
fact, our approach exploits such separation to reduce the search space: As Section 3.2 will discuss, the
crucial foundation of our approach is the Necessary-Probe principle (Theorem 1) which enables to an-
alytically determine the best object schedule, denoted Op, for any predicate schedule P (Theorem 2).
Therefore, to find the optimal complete schedule S (in Equation 1), we can specifically focus on S= (P,
Op), where each predicate schedule P pairs with its corresponding optimal object schedule Op, instead

of arbitrary . Our task is thus reduced to finding the optimal predicate schedule P which, together with

11



its implied object schedule Op, results in the least probing cost. Note that, our Algorithm MPro (Figure 4)
also reflects this separation in design: PSch phase finds the optimal predicate schedule P and OSch phase
identifies the optimal object schedule Op with respect to P. Formally, we thus transform our optimization

problem into
argminp. PC((P, Op), F, D, k) 2)

Note that the transformation from Equation (1) to Equation (2) significantly reduces the search space from
Q] = (m-n)! to |Q] = |Q2p| = (n)™, e.g., for our toy example of m = 5 and n = 2: from 3,628,800 to
32; form = 50 and n = 2: from 9.3e + 157 to 1.1e + 15.

Our next focus is thus to optimize predicate scheduling in the space of {2p. Toward the goal, we first
develop the context-independence of predicate scheduling (Theorem 3), which states that the scheduling
of each object is independent of other objects. In other words, for our database with m objects, D= {u,
.. Up}, our goal is to simply find the optimal “sub-schedule” P° for each object u;, such that these

sub-schedules form the complete best schedule denoted as P= P! x - .. x P™,

What is then the objective of per-object scheduling P? To understand, we introduce “thresholding
view” (Section 2) of finding the stopping threshold, which we denote as #,. When it is set to the F
score of the k' result, it is semantically equivalent of identifying fop-k results. While its exact value
cannot be known during processing, this alternative view is helpful in discussing optimal scheduling— In
this thresholding view, our goal is now to identify the optimal sub-schedule P? for each object u; which
minimizes the cost in identifying whether wu; is a top-k result or not, i.e., Flu;] > 0 or not. As the
optimal sub-schedule P! is identified independently from its per-object predicate scheduling space, which

wp| = n!, optimization problem is further reduced into finding P minimizing

we denote as wp, i.e.,
“per-object” probe cost on the corresponding object u;, which we denote as C(P?, F, u;, 0)). We formally

state our goal as follows:

argminpzplX,,,X'pmew,pxmxwp PC(<P7 OP)? F? D? k)

= [argminplewPC(Pl,]—", uy, O)] % -+ - x [argminpme, C(P™, F, ty, O] 3)

wp| = n!, this transformation of finding each P!

As each P! is some permutation of the n predicates,
independently reduces the search space from (n!)™ to (n!) - m, i.e., making an n!-decision for m times.
To illustrate its significance, the reduction is from (2!)®> = 32 to (2!-5) = 10 in our toy example of m = 5

andn = 2,and 1.1e + 15to 2! - 50 = 100 for m = 50 and n = 2.
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In summary, we have overviewed how we significantly reduce the search space of probe scheduling
), by decoupling it into that of object and predicate schedulings as the following sections will discuss in
details: Section 3.2 will discuss our provably optimal object scheduling, which analytically pairs predicate
schedule P with its corresponding optimal object schedule Op and thus reduces the search space into that
of predicate scheduling, i.e., [2| = |Qp| = (n!)™. Section 3.3 will then follow to discuss how to optimize
in the space of (2. The section will first develop context-independence to further reduce the search space
into 2] = (n!) - m, as we discussed. It will then develop a precise analytic cost model and argue to focus
on finding a global schedule, i.e., identical P’ for every object, which further reduces the search space to

only n!.

3.2 Object Scheduling: Analytic Principle

As overviewed in Section 3.1, this section first focuses on object scheduling problem: We first present
the Necessary-Probe principle (Theorem 1) which analytically determines the best object schedule Op
for the given predicate schedule P. We then implement this into an object scheduling phase OSch of our

probe-optimal algorithm MPro.

Necessary-Probe Principle

Given a predicate schedule P, how shall we proceed to probe to minimize the probe cost? Clearly, since
only some fop-k answers are requested, complete probing (for every object) might not be necessary. In
fact, some probes may not need to be performed at all, if they can never be the top answers. Thus, to
enable probe minimization, we must determine if a particular probe of predicate p on object u, designated

by pr(u, p), is truly necessary for finding the rop-k answers, as Definition 1 below formalizes.

Definition 1 (Necessary Probes): Consider a ranked query with scoring function F and retrieval size
k with respect to a given predicate schedule . A probe pr(u,p), which probes the next unevaluated
predicate in P for object u, is necessary, if no other algorithm with the same predicate schedule P can de-
termine the correct top-k answers without performing the probe, regardless of the results of other probes.

We stress that, with given predicate schedule P determining the next predicate p to probe for each
object u, determining whether a probe pr(u, p) is necessary is essentially “object scheduling” of deciding

whether u needs to be scheduled. Consequently, a probe pr(u, p) being necessary indicates the following
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in object scheduling: First, u needs to be probed independent of algorithms— any correct algorithm with
predicate schedule P must pay the probe. Second, u needs to be probed independent of the outcomes of
other objects— it may be performed before or after others, but in either case, the probe is required. While
this notion of necessary probes seems intuitively appealing, some questions remain to be addressed: First,
how can we determine if a particular probe is absolutely required? Second, given there are many possible
probes (at least one for each object at any time), which ones of them are actually necessary, and how
to effectively find all the necessary probes? We next develop a simple principle for addressing these

questions.

Let’s start with the first question: how to determine if a probe is necessary? To illustrate, consider
finding the top-1 object for F(z, p., p;) with Dataset 1, given schedule P=[a:(p., p;), b:(pe, p1), (1> De),
d:(p1, pe), e:(pi, pe)]. Our starting point, before any probes, is the sorted output of search predicate z (as
in Figure 2 with objects sorted by their x scores). As P specifies, we thus can choose to probe the next
predicate p. for any object a or b, or predicate p; for ¢, d, or e. (Note that P only specifies predicate
orders, but not which object to probe next.) Let’s consider the top object a and determine if pr(a, p.) is
necessary. (We can similarly consider any other object.) The probe is actually necessary for answering
the query, no matter how other probes turn out. To prove, assume we can somehow determine the top-1

answer to be some object u without probing pr(a, p.).

e Suppose u # a: Note that Flu] = min(z[u], pc[u], piu]) < z[u], and z[u] < 0.8 for u # a (see
Figure 2). Consequently, F[u] < 0.8. However, without probing pr(a, p.) and then pr(a, p;), u may
not be safely concluded as the rop-1. For instance, suppose that the probes would return p.[a] = 1.0
and p;[a] = 1.0, then Fla] = min(0.9, 1.0, 1.0) = 0.9. That is, a instead of u should be the top-1, a

contradiction.

e Suppose u = a: In order to output ¢ as the answer, we must have fully probed «, including pr(a, p.), to

determine and return the query score.

Observe that, we determine if the probe on a is necessary essentially by comparing the upper bound or
“ceiling score” of a to others. That is, while F[a] can be as high as its ceiling score of 0.9, any other object
u cannot score higher than 0.8 (which is the ceiling score of b). In general, during query processing, before
an object u is fully probed, the evaluated predicates of u can effectively bound its ultimate query score.
Consider a scoring function F(ty, .. .,t,). We define F r[u], the ceiling score of u with respect to a set T’
of evaluated predicate (7" C {t1,...,t,}), as the maximal-possible score that © may eventually achieve,

given the predicate scores in 7'. Since F is monotonic, the ceiling score can be generally obtained by
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Eqg. 1 below, which simply substitutes unknown predicate scores with their maximal-possible value 1.0.
The monotonicity of F ensures that the ceiling score gives the upper bound, when only 7' is evaluated,

ie., Flu] < Frlul.

Forlts, . )] = F b= tilu] lft"e.T Vi )
t; = 1.0 otherwise.

To further illustrate, after pr(a, p.), what shall we probe next? Intuitively, at least we have choices
of pr(a, p;) (to complete a) or pr(b, p.) (to start probing b). Similarly to the above, we can reason that
additional probe on a, i.e., pr(a, p;), is still necessary. To contrast, we show that pr(b, p.) is not necessary
at this point, according to Definition 1. (However, as more probes are done, at a later point, pr(b, p.)
may become necessary.) With z[b] = 0.8 evaluated, we compute the ceiling score of b as F,1[b] = 0.8.

Whether we need to further probe b in fact depends on other probes, namely the remaining probe pr(a, p;)

of a. (Note that a already has z[a] = 0.9 and p.[a] = 0.85 evaluated.)

e Suppose that pr(a, p;) returns p;[a] = 1 and thus F[a] = 0.85. For finding the top-1 answer, we do not
need to further evaluate b because Fy,[b] = 0.8 < Fla] = 0.85, and thus b cannot make to the top-1.

That is, depending on p;[a] = 1, we can answer the query without probing pr(b, p.).

e Suppose that pr(a, p;) returns p;[a] = 0 and thus F[a] = 0. Now b becomes the “current” top object
(with the highest ceiling score F;}[b] = 0.8). That is, depending on p;[a] = 0, we can reason that

pr(b, p.) is necessary, similar to pr(a, p.) above.

Further, we consider the second question: how to find all the necessary probes? Let u be any object
in the database, and p be the next unevaluated predicate (on the predicate schedule P) for u. Potentially,
any probe pr(u, p) might be necessary. However, it turns out that at any point during query processing,
there will be at most k probes that are necessary, for finding top-k answers. That is, we can generalize
our analysis (see Theorem 1) to show that only those probes for objects that are currently ranked at the
top-k in terms of their ceiling scores are necessary. Note that this conclusion enables an efficient way to
“search” necessary probes: by ranking objects in the order of their current ceiling scores. (As Section 2
discussed, we assume that a deterministic tie-breaker will determine the order of ties.) For any object u
in the top-k slots, its next probe pr(u, p) for p specified by the given predicate schedule P is necessary.

Theorem 1 formally states this result (see Appendix for a proof).

Theorem 1 (Necessary-Probe Principle): Consider a ranked query with scoring function F and retrieval

size k. Given a predicate schedule P, let u be an object and p be the next unevaluated predicate for v in P.
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The probe pr(u, p) is necessary, if there do not exist k objects vy, . . ., vy such that Vo; : Fr, [u] < Fr, [v;]

with respect to the evaluated predicates 7, and T;,, of u and v; respectively. ]

Theorem 1 provides an “operational” definition to actually determine if a given probe is necessary as
well as to effectively search those probes. As the theorem isolates only those probes absolutely required by
any correct algorithm, we can immediately conclude that an algorithm will be probe-optimal (Section 2.1)
with respect to P, if it only performs necessary probes defined in Definition 1. Lemma 1 formally states

this intuition (see Appendix for a formal proof).

Lemma 1 (Probe-Optimal Algorithms): Consider a ranked query with scoring function F and retrieval
size k. Given a predicate schedule P, an algorithm A for processing the query is probe-optimal if 4

performs only the necessary probes as Theorem 1 specifies. [

Lemma 1 plays an essential role in probe minimization— First, Lemma 1 shows that probe minimiza-
tion boils down to cost-optimal predicate schedule P. Second, Lemma 1 then enables to compute the
lower bound cost of various schedules, which in turn enables to identify a cost-minimal schedule among
them, as Section 3.3 will further discuss. Summing up, Lemma 1 enables to find a truly optimal algorithm
in principle, by simplifying the optimality into predicate schedule optimization and enabling to identify

the optimal cost for each predicate schedule.

Our goal is thus to develop such algorithm. However, note such algorithm is not necessarily unique, as
at any point, there can be multiple necessary probes to choose from; However, any such object schedule

will be “equally” optimal. Section 3.2 develops one such probe-optimal algorithm MPro.

Algorithm MPro

We next introduce our probe-optimal algorithm MPro based on the Necessary-probe principle just devel-
oped. Algorithm MPro consists of the two phases of predicate and object scheduling, i.e., PSch and OSch
respectively, as Figure 4 illustrates— Note, however, these two phases are only separated conceptually and

the two can be interleaved as we will revisit in Section 3.3.

This section first focuses on developing a probe-optimal object scheduling scheme OSch. Later, Sec-
tion 3.3 will develop a predicate scheduling scheme, identifying the optimal predicate schedule P for
OSch, to complete Algorithm MPro. OSch essentially implements the Necessary-probe principle which
identifies the optimal object schedule Op with respect to predicate schedule P, i.e., Op = OSch(P).

(Note, for notational simplicity, we use OSch both as a phase of MPro and as the object schedule Op it
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Algorithm MPro(F, k,D): Minimal-probing algorithm
Input:
. _7:(,’1'. Plyevey Pn ): scoring function // with expensive predicates pi,...,pn.
e k: retrieval size, i.e., to return top-k answers.
e D: input database // assume selection predicates over single relation for simplicity.
Output: K, the top-k answers with respect to F.
Procedure:
(1) PSch: identifies predicate schedule P for OSch.
// can precede or interleave with object scheduling. see Section 4.3 for details.
(2) OSch: identifies the optimal object schedule Op with respect to P from PSch.
(2-1) Queue Initialization:
// search x over D to prepare sorted output queue X .
e X « evaluate x over D
o [C «— {}, Q «— {} // K: output; Q: ceiling queue to prioritize by ceiling score.

// initialize Q to buffer objects prioritized by their ceiling scores from x.
// this “full” initialization is only conceptual; X .top() can be on demand.
e while (X is not empty):
U — X.f()])() // pop next top object out of X.
T, — {(1?}; u.ceiling «— ?T“ [’H,] // initialize ceiling score with .
ansert(u, u.celr l{]) // insert u into Q prioritized by its ceiling score.
(2-2) Necessary Probing:
// set up the stop condition SC for determining whether to stop probing.
e SC — "|K| > k,i.e., at least k completely evaluated objects seen on the top”
e while (SC = F(I,IS(J)Z // keep performing necessary probes until SC becomes true.
(T Q.f()[)() // the current top object with the highest ceiling score.
if u is completely evaluated:
u.score «— u.ceiling; append u to K // add u to be the top-k output.
else: // u must be probed further.
p « next unevaluated predicate of u on schedule P
plu] < probe pr(u,p) // pr(u,p) must be necessary by Theorem 1.
Ty < Tu U {p}; u.ceiling < Fp,[u]
// update the ceiling score of u, as plu] is just obtained.
Q.i?LSC?‘t(’U. ’lL.C(fl‘ll"Vl{]) // insert u back to Q prioritized by w.ceiling.
(2-3) Top-k Output: return in order each (w:u.score) in K

Figure 4: Algorithm MPro.
produces.) Given predicate schedule P (identified from PSch phase), OSch phase optimizes probe cost by
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