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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.

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.
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