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ABSTRACT

Emerging applications, including many military appli-
cations, require explicit mechanisms to represent and
process uncertainty in queries and in the data stored in
databases. Most current approaches to supporting un-
certainty in queries layer a reasoming component on
top of existing relational database management systems
(DBMSs) which resolves the uncertainty in queries out-
side of the DBMS. While the layered approach is attrac-
tive due to its simplicity and since it requires minimal
extensions to existing DBMS technology, it has some
fundamental shortcomings which limit its usefulness to
only simplistic applications. This paper proposes an ex-
tended relational model together with a suitably extended
relational algebra as an alternative mechanism to in-
corporating uncertainty tn queries. In contrast to the
layered approach, the proposed model allows uncertainty
to permeate database processing overcoming many of its
limitations. The paper identifies challenging research is-
sues that we are currently addressing in developing the
proposed framework.

INTRODUCTION

FEmerging applications pose an increasing demand on
database management systems (DBMSs) to store and

process imprecise information alongside precise and struc-

tured information traditionally stored in databases. Such
applications require many important extensions to ex-
isting DBMS technologies including:
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e mechanisms to represent uncertainty in stored data.

e extensions to DBMS query languages to support un-
certain queries.

e techniques for interactive query formulation and re-
finement tools to enable users in helping the system
interpret their information needs.

e mechanisms to process uncertain queries.

To motivate the required extensions, we draw on ex-
amples from two application domains that may benefit
from incorporating uncertainty in databases: (1) mul-
timedia databases in which multimedia information is
represented and retrieved based on its content, and (2)
spatio-temporal database that tracks and stores infor-
mation about moving objects in a battlefield.

Uncertainty in Stored Data: uncertainty in data
may arise due to a variety of reasons from multiple dif-
ferent sources. For example, in an image DBMS, an im-
age is represented as a collection of visual features (e.g.,
color histogram representing color feature, keywords de-
scribing the image, representation of shapes of objects
in the image, etc.). These features taken together form
an imprecise representation of the image content. In a
spatio-temporal battlefield database, the location of an
object may be uncertain due to the limited precision of
the sensor tracking the object and the temporal latency
between successive readings.

Mechanisms to represent uncertainty in stored data have
received much research attention both in specialized
contexts (e.g., geospatial data [GG89], spatio-temporal
data [WCD™98]) and in the general context [Mot95].

Uncertainty in Queries: Traditionally, DBMSs sup-
port only specific queries that return data matching
the query precisely. Examples include a query q “re-
turn all objects in a given spatial location at a specific



time t’. If an object o was at the given location at the
specified time, o qualifies as an answer . Otherwise, it
does not. The result RES, of ¢ is the unordered set
of all qualifying objects In contrast to specific queries,
in uncertain queries users are also interested in data
similar to or close to the target. The result is a ranked
set of answers, where the ranking estimates the degree
of match or closeness of the answer to the query. In
general, the model used for ranking, referred to as the
retrieval model, depends upon the specific application
and/or user posing the query. The retrieval model de-
termines the interpretation of the relevance value asso-
ciated with the answer.

Similar to the descriptional uncertainty in stored data,
uncertain queries may arise due to a variety of reasons.
For example, the user may lack the capability or find
it cumbersome to express his/her information need as
a precise query over the stored data. For example, in a
multimedia DBMS, a user may wish to visualize images
that depict a “sunset” or images that are similar to a
given set of input images. Even though the user has
a precise information need, he/she is unable to specify
the query using the low-level features (e.g., color, tex-
ture, textual annotations) that are used to model the
images in the database. This may be due to a lack of
semantically powerful enough features to fully capture
the user’s intent, or alternatively, the low-level features
provide too cumbersome an interface to be used directly
in expressing the query.

Uncertain queries may also arise in the spatio-temporal
military application. For example, a user may be inter-
ested in the query “Retrieve all objects to the north of
and close to the object O 7. In this query, the predicates
NorthOf and CloseTo are imprecise predicates i.e. it
is not possible to state deterministically whether an ob-
ject is north of O or close to O. For example, even an
object very far from O may be perceived as close by
the user if there are no objects closer to O. Therefore
for such queries, it is not possible to deterministically
separate the qualifying objects from the non-qualifying
ones. However, it is possible to state whether an ob-
ject is more northwards to O or closer to O compared
to another one. Another, more complex example may
be: Retrieve all enemy tank units that will be closing or
indirectly closing to friendly tanks or command centers
over the next hour. In the above query, closing, and in-
directly closing are imprecise spatio-temporal predicates
defined over lower-level properties of objects (e.g., dis-
tance between objects and their relative directions at
various points of time). For example, Closing builds on
Distance only, but Indirectly Closing relies on Distance

and Direction, where Distance, and Direction, as dis-
cussed earlier, may themselves be imprecise concepts.
In general, imprecise predicates may form a hierarchy.

Query Formulation and Refinement: DBMSs ca-
pable of handling uncertain queries must be combined
with automated and /or human assisted reasoning mech-
anisms that enable the system to learn the interpreta-
tion of closeness or match between an object and the
query thereby resolving the uncertainty. Without such
a mechanism, the user will be forced to retry specific
queries repeatedly with minor modifications until their
information needs are satisfied. For example, in the im-
age database application, an interactive relevance feed-
back mechanism may be used to map the high-level sim-
ilarity query to a representation based on the lower-level
features stored in the database [PM97]. Similar tech-
niques can also be developed to learn the user’s inter-
pretation of the imprecise spatio-temporal predicates in
the spatio-temporal database context. Whether query
refinement is automatically achieved via a reasoning
system, or is human assisted , the underlying DBMS
must be capable of supporting the refinement process.

Processing Uncertain Queries: Given an uncertain
query and a retrieval model, the DBMS must retrieve
a set of matching objects along with their degree of
match. Since the query writer is more interested in an
object with higher relevance to the query than one with
lower relevance, it is more logical to return the answers
in the order of their relevance i.e. return a ranked list
of objects instead of an unordered set of objects (as in
a traditional DBMS) where the ranking is based on its
relevance to the query. For example, in the query “Re-
trieve all objects to the north of and close to the object
07, the query writer expects the answers to be ranked
based on their northness and closeness to O i.e. an ob-
ject that is more northwards and closer to O should
be ranked before an object less northwards and farther
from O.) Note that a ranked list is a generalization of an
unordered set since a set is a ranked list with elements
in the set having absolute relevance (100% relevance)
and elements not in the set having no relevance (0%
relevance).

Most existing approaches to support uncertain queries
in DBMSs layer a wrapper built as an application on
top of existing DBMS which estimates the relevance of
the answer to the user’s information need. Such an ap-
proach is facilitated by the emerging object relational
technology which allows for application writers to define
new data types and intermix user-defined functions in
database queries. In such an implementation, the user-



defined functions implement the imprecise operations
(e.g., match between images, precision of moving ob-
jects) and associate a measure of precision with each
object retrieved. The set of retrieved objects are then
ranked outside of the database system by the reasoning
component based on the application-specific criterion.
Done in this way, imprecision in the processing does not
permeate database query processing. Existing database
models and query languages, based on processing crisp
precise information, suffice for this task.

Although simple to implement, there are three major
shortcomings with the layered approach which limits
its usefulness to only simplistic applications. First, such
an approach needs to map the imprecise queries (i.e.
queries with imprecise predicates e.g, CloseTo, NorthOf)
to precise queries (e.g., spatial range queries) that can
be executed on an existing DBMS. It may not be always
feasible to express imprecise queries in a precise query
language. For example, consider an image retrieval sys-
tem where a common query might be: “retrieve the
10 images that are most similar to the given image”.
Since the image similarity depends on so many fea-
tures and each feature is usually a very high dimensional
vector with an arbitrary distance metric [ORC*97], it
is not feasible to express the above query as a range
query. Second, since reasoning is performed outside the
database query processing, the layered approach may
suffer from significant performance overhead since the
DBMS may generate a very large number of answers
which are then post-processed (ranked) by the wrap-
per. Also, since the user might only be interested in
the best few matches, a large portion of the process-
ing performed by the DBMS to answer the query may
be wasted. This could have been avoided if the impre-
cise reasoning were intermixed more tightly with the
database processing. Finally, as mentioned previously,
an important aspect of a system handling uncertain
queries is the ability to support query refinement in
which the system is able to receive user feedback on
the answers returned and to refine the query based on
the feedback. The refined query is then executed again
and a refined set of answers is returned. The process
is iterated until the returned answer set converges to
the desired answer set. In the layered approach, since
the DBMS generates the entire answer set at each it-
eration, incorporating query refinement effectively and
efficiently is not easy.

Proposed Approach: Motivated by the above, in this
paper we propose an extended relational database model
in which relations, instead of being interpreted as an
unordered set of tuples, are interpreted as ranked lists

based on a ranking expression (RE). Associated with
each tuple in the relation is a belief value which de-
termines the ranking of the tuple in the relation. The
belief value represents the degree to which the tuple
satisfies the RE associated with the relation. Relational
operators (e.g., projection, selection, join, etc.) are ap-
propriately extended to take ranked lists as inputs and
generate a ranked list whose RE depends upon the REs
associated with the input relations as well as the oper-
ation performed.

Done in this fashion, uncertainty permeates the database
query processing as opposed to only the modeling. Im-
precision is taken advantage of to compute answers in
decreasing order of relevance to the user. In addition,
the list of answers can be stopped before it is complete if
the user deems all relevant objects have been retrieved
already, thus saving computation time. In [ORC*97],
we have shown how a subset of the required operations
can be efficiently computed over ranked lists.

The remainder of the paper is developed as follows. In
the following section, we briefly survey the proposed
extension to the relational model to support uncertain
queries and discuss how query refinement can be incor-
porated in the model. The following section discusses
numerous research issues which we are currently ad-
dressing in developing the proposed framework.

EXTENDED RELATIONAL MODEL

To provide a framework to support uncertain queries,
we propose an extended relational model and query lan-
guage in which relations, instead of being interpreted
as unordered sets of tuples, are instead interpreted as
ranked lists based on a ranking expression (RE). Asso-
ciated with each tuple in the relation is a belief value
which determines the ranking of the tuple in the rela-
tion. The belief value represents the degree to which the
tuple satisfies the RE associated with the relation. Re-
lational operators (e.g., projection, selection, join, etc.)
are appropriately extended to take ranked lists as input
and to generate a ranked list whose RE depends upon
the REs associated with the input relations as well as
the operation performed. For example, in the query @
“Retrieve all objects to the north of and close to the
object O7, the result set is ranked based on the predi-
cates NorthOf(O) and CloseTo(0O), its RE being the
boolean expression NorthO f(O) A CloseTo(O).

Extending the semantics of relations to ranked lists pro-
vides a powerful framework to incorporate uncertain
queries in a DBMSs. First, the model does not make any
assumptions about the mechanism used to resolve the



uncertain predicates (that is, to rank objects based on
the individual predicates). Any application-dependent
retrieval model can be used to determine the interpre-
tation of the relevance values. Furthermore, different
imprecise predicates in the same query can be resolved
using different models. As long as the mechanism re-
sults in a ranked list of answers, it can be incorporated
into the framework. Second, the model only specifies
that each RE have the syntax of a boolean expression.
The model does not specify how to interpret these ex-
pressions in order to generate belief values based on
which the answers can be ranked. For example, the RE
can be interpreted as an expression in fuzzy logic. Sim-
ilarly, a probabilistic interpretation of REs can also be
used. This allows for a powerful extensible framework
for supporting uncertain queries.

In the following subsection, we first present a relational
algebra that defines the semantics of the relational op-
erators on ranked lists. Subsequently, we discuss how
query refinement techniques can be integrated into the
extended relational model. Finally, we propose an ex-
tension to SQL to support a “RANK BY” clause in
select-from-where queries to be able to express uncer-
tain queries. Since this extension is syntactic rather
than semantic, it is equally applicable to the layered
approach for uncertain query processing.

Relational Algebra for Ranked Lists. Traditional
relational algebra defines the semantics of the relational
operators on sets of tuples. For example, relational al-
gebra defines the meaning of the join operation between
two relations (i.e. sets). We need to define the semantics
of relational operators when the operands are ranked
lists instead of sets. Since relations or sets in traditional
relational algebra can be considered as a special case of
ranked lists, such an algebra is a generalization of tradi-
tional relational algebra i.e. it provides the same seman-
tics as traditional relational algebra when all attributes
and queries are precise. In this section, we present a
relational algebra for ranked lists.

We define a boolean expression associated with any
ranked list L. We refer to it as the rank expression
(RE) of L. A ranked list L with RE R is denoted by
LR The RE defines the semantics of relational op-
erators over ranked lists. Intuitively, the RE R of a
ranked list L is the boolean expression of the predi-
cates based on which L is ranked. For example, for the
query @, the result set is ranked based on the predi-
cates NorthOf(O) and CloseTo(O), its RE being the
boolean expression NorthO f(O)ACloseTo(O). The in-
terpretation of the boolean operators in the RE depends

on the inference model used. For example, the meaning
of A in the above RE depends on the inference model.
The resulting ranked list L,.s is generated from the in-
dividual ranked lists L1 and Lo ranked individually by
the predicates NorthOf(O) and CloseTo(O) respec-
tively depending on the operator connecting them in
the RE (in this case, A) and its interpretation by the
inference model. For example, in the fuzzy model, the
relevance of any object in L,¢s is the minimum of the
relevance of the object in L; and Ly whereas in the
probabilistic model, assuming the presence of the ob-
ject in L1 and Lo as independent events, the relevance
of the object in L., is the product of its relevances in
L1 and Ls. Since the ranking of L,.s is based on the rel-
evances, the ranking of L,.s depends on the inference
model. The RE thus defines the semantics of the re-
lational operators which is interpreted by the retrieval
model.

To develop the relational algebra over ranked lists, we
define the REs of ranked lists produced by each rela-
tional operator. Note that a crisp predicate can never
appear in an RE since a crisp predicate is only used to
filter data items but not to rank them. Due to space
limitations, we present the REs corresponding to only
the select operation in this paper.

Selection Operation. Selections are based on pred-
icates. A predicate may either be crisp i.e. involving
a crisp attribute (like height > 500) or non-crisp (like
position_of_object NorthOf position_of_given_object). If
p is a predicate, a, denotes the attribute of the predi-
cate p. For conciseness of representation, we represent
the RE as a boolean expression of the attributes as-
sociated with the predicates instead of the predicates
themselves. If p and ¢ are two predicates, the following
are also valid selection predicates:

e Disjunction of p and ¢q: pV ¢
e Conjunction of p and ¢: p A ¢
e Negation of p: —p

When predicates are not crisp, not all possible com-
binations generated by disjunctions, conjunctions and
negations make intuitive sense. For example, selections
are usually never based on unguarded negations o, or
negation in the disjunction op, -4, where ¢ is a non-crisp
predicate.

e Simple crisp predicate: Crisp predicates do not affect
ranking. If p is a crisp predicate, o, (LT) — L.

e Simple non-crisp predicate: A non-crisp predicate p
affects the ranking. If the list was ranked based on



R before the selection, the list will be ranked based
on both R and p after the selection. So o,(L?) —
L{R/\ap}.

e Conjunction of crisp predicates: Since conjunctions
of crisp predicates are also crisp predicates and crisp
predicates do not affect the ranking, opp,(L%) — LF
where p and ¢ are crisp predicates. Similarly, disjunc-
tion and negation of crisp predicates do not change
the ranking expression.

e Conjunction of crisp and non-crisp predicates: Only
the non-crisp attributes affect the ranking. Since the
predicate is a conjunction, the items in the retrieved
set are ranked based on its original ranking criterion
as well as ¢ where p and ¢ are the crisp and non-crisp
predicates respectively. So oy, (L) — LI},

e Disjunction of crisp and non-crisp predicates: An item
can appear in the answer set because it satisfies either
the crisp predicate or the non-crisp predicate or both.
If p and ¢ are the crisp and non-crisp predicates re-
spectively, an item in the retrieved set is ranked based
on either the original ranking criterion only (if the
item satisfies p) or on both the original criterion and
q (if the item does not satisfy p). So opyg(L%) —
L{R\/(R/\aq)} *

e Conjunction of crisp and non-crisp predicates with
negation: If the crisp predicate p appears in negative
form, the ranking is based on the original ranking cri-
terion and the non-crisp predicate ¢. So aﬂp/\q(LR) —
L{BAaq} If the non-crisp attribute ¢ appears in nega-
tive form, the ranking is based on the original criterion
and the inverse of the ranking produced by predicate
q. S0 opp—g(LF) — LIRN7aa},

e Conjunction of non-crisp predicates: In this case, the
final ranking is based on the original ranking and both
non-crisp predicates. If p and ¢ are the predicates,
Up/\q(LR) N L{R/\ap/\aq}.

e Conjunction of non-crisp predicates with negation: If
p and q are the predicates and g appears with a nega-
tion, the final ranking is based on the original rank-
ing, the ranking produced by p and the inverse of the
ranking produced by q. So opp—q(L?) — LIFAaA 7},

e Disjunction of non-crisp predicates: An item can ap-
pear in the answer set because it satisfies either of the
two predicates or both. If p and ¢ are the two pred-
icates, an item in the retrieved set is ranked based
on either the original ranking criterion and ranking
produced by p (if the item satisfies p more than it
satisfies ¢) or the original ranking criterion and the
ranking produced by ¢ (if the item satisfies ¢ more

*Notice that we do not simplify the expression {RV (RA aq)} to
R, even though in pure boolean logic they are equivalent, since, de-
pending on the inference model used, the two expressions might not be
equivalent

than it satisfies p). So oy, (L) — LIEAa)V(EAa)}

Incorporating Query Refinement. In DBMSs sup-
porting imprecise queries, it may not be possible for a
system to retrieve the desired set of answers in the first
attempt. The reason is that an imprecise predicate may
be a combination of several sub predicates, the relative
emphasis among which may vary from user to user. Dif-
ferent degrees of emphasis on different sub predicates
produces different answers. Query refinement is a tech-
nique to learn the relative emphasis among the various
sub predicates from user feedback and to appropriately
reformulate the query to obtain a refined set of answers
that better satisfies the user’s information need.

Refinement of imprecise queries has primarily been stud-
ied in specialized contexts. For example, in informa-
tion retrieval literature, where textual documents are
stored based on keywords they contain, extensive work
has been done on using relevance feedback mechanism
to map a user’s information need to a keyword based
representation [SFV83|. Further, we have adapted the
relevance feedback mechanism to map high-level sim-
ilarity queries to feature-based representations in im-
age databases [RHMO97b, RHMO97a]. In each of these
mechanisms, importance of a feature/component is mod-
eled using weights where a higher weight corresponds
to higher importance. Relevance of an object to the
query is estimated as a weighed combination of similar-
ity values based on low-level features. Query refinement
is achieved by adjusting the weights based on user feed-
back. Recently, we have generalized the relevance feed-
back mechanism to arbitrary hierarchies, where a fea-
ture may itself be composed of lower level features [PM97].
Weighted summation of similarity based on each com-
ponent features is used to estimate the similarity based
on a higher level feature. A single process of feedback
is used to update the weights at each level of the hier-
archy.

The approach proposed in [PM97], can be generalized
in a straightforward way for query refinement in re-
lational algebra queries over ranked lists. Consider a
query tree for a given relational algebra expression. As-
sociated with each internal node is a vector of weights,
one for each child of the node, signifying the impor-
tance of the child node in determining the relevance
of a qualifying answer. Weights can be incorporated in
the retrieval model to evaluate the ranking of an an-
swer based on the RE associated with a node. Weight
update process can then be used to refine the uncertain
query based on user feedback.



Expressing “RANK BY” queries in SQL. One
alternative to express “rank by” queries in SQL is to
keep it implicit i.e. query writers can freely intermix
crisp predicates with imprecise ones and the RE cor-
responding to a query is implicitly generated by the
DBMS from the query statement. This approach does
not require any extension of the SQL syntax as im-
precise predicates can be stated in the WHERE clause
along with precise predicates. The other approach is to
express ‘rank by” queries explicitly by extending the
SQL syntax by a RANK BY clause. The query writer
explicitly specifies the ranking criteria in the RANK BY
clause while all the crisp predicates are stated in the
WHERE clause. While the implicit approach is more
general as it does not constrain how “rank by” pred-
icates are intermixed with the crisp ones, it also rep-
resents a more severe departure from SQL semantics.
Furthermore, it complicates the interpretation and im-
plementation of conditional operators (i.e., AND, OR,
and NOT), aggregation operations and nested queries
which form the basic building blocks of SQL queries.
For this reason, we develop an explicit approach to ex-
pressing uncertain queries in SQL.

Consider the query Q': “retrieve all objects to the north
of and close to a given object O and located at the same
hetght as O1. In the explicit approach, the query can be
expressed as:

SELECT *

FROM objects AS O

WHERE O.height = O;.height

RANKED BY O NorthOf O; AND O CloseTo Oq

The RANK-BY clause should not be confused for ORDER-

BY. The primary difference is that while the ORDER
BY clause is procedurali.e., it specifies the attributes or
functions defined on the attributes according to which
the set of answers produced by the query is to be sorted
as the final step before returning the answers, the RANK
BY clause is declarative, just like the WHERE clause.
Unlike the ORDER BY clause, the RANK BY clause
is not used for post-processing the results returned by
the query. Instead, the evaluation of the predicates in
the RANK BY clause are intermixed with the predi-
cates in the WHERE clause so as to optimize the query
evaluation plan. Another difference is that while the
parameters in the ORDER-BY clause is a list of at-
tributes (or functions applied to attributes), parameter
to the RANK-BY clause can be any boolean predicate
which is interpreted based on the retrieval model. Fi-
nally, while the ORDER BY clause is either not per-
mitted (or is ignored) in nested sub queries in SQL,
the RANK BY clause can appear in nested sub queries
just like the WHERE clause. The RANK BY clause

can also appear in correlated queries i.e. a predicate in
the RANK BY clause of the nested query can reference
some attribute of a relation declared in the outer query.

RESEARCH ISSUES

A number of research issued need to addressed in de-
veloping the model proposed in this paper as a frame-
work to support uncertain queries. These issues can
be broadly classified into two categories which corre-
spond to the semantics of the proposed framework for
uncertain queries and to its efficient implementation.
Relational operators over ranked lists discussed in the
paper provide the basis for defining the semantics of
the framework. The work needs to be extended to ac-
count for imprecise aggregations and also needs to be
reconciled to handle imprecision in data. Several models
for representing uncertainty in data both in specialized
context (e.g., spatio-temporal data) as well as in general
have been proposed in the past [Mot95]. We need to in-
tegrate these techniques for handling imprecise informa-
tion within the framework for uncertain queries. A fur-
ther research topic is to study specialized weight update
approaches to query refinement for queries supporting
imprecise spatio-temporal predicates. These approaches
can then be integrated into the generalized relevance
feedback mechanism proposed in the paper. Another
important direction of research is to identify necessary
and sufficient conditions that weight update algorithms
must satisfy for convergence of relevance feedback pro-
cess.

One of the primary advantages of the framework for
uncertain processing proposed in this paper over the
layered approach is that it is much more amenable to
optimization and improved performance. However, be-
fore we can validate the claim, research must be done
on extending the indexing and query optimization tech-
nology to support ranked lists.

The requirements of index management in the proposed
system is different from that in traditional DBMSs. The
“rank by” predicates are defined over usually complex
attributes (non-1NF) i.e. attributes that cannot be in-
dexed by a simple B-tree (e.g., high dimensional feature
vectors as in multimedia applications). Data structures
that can index such complex attributes needs to devel-
oped. Also, different attributes have different notions
of similarity (or distance). Since the aim of an index
structure is to cluster together the objects with similar
values of the attribute being indexed, new index struc-
tures need to developed for every different similarity
measure used. A template-based indexing mechanism
that can be easily configured for arbitrary similarity



functions needs to be developed. Furthermore, the in-
dex structure must support “ranked search” or “k near-
est neighbor search”. Thus, a selection based on a “rank
by” predicate can be executed on the index structure
to generate a ranked list. Finally, before such index-
ing mechansims are integrated as access methods into
a DBMS, efficient techniques to provide transactional
access to the data via the index structure need to be
developed [?].

Another important research issue is development of tech-
niques to efficiently evaluate “rank by” queries in the
DBMS. Depending on how REs are interpreted i.e. re-
trieval model used, efficient algorithms to compute rela-
tional operators which given rank ordered input streams
produce a rank ordered output stream needs to be de-
veloped. These algorithms provide the building blocks
for evaluating “rank by” queries. Another issue is that
of query optimization. Query optimization techniques
in traditional DBMSs may not be applicable in a sys-
tem supported ranked search. For example, pushing se-
lections may not always generate more efficient plans.
The cost of performing such selections may be quite
high depending on the presence or absence of appropri-
ate indices. Deferring evaluation of expensive predicates
to later point may improve overall query processing.
Morever, since the user is only interested only in the
top few answers, efficient algorithms to return the de-
sired number of top answers with minimum amount of
wasted work i.e. accessing minimum number of irrele-
vant objects needs to be developed.
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