
QRelX: Generating Meaningful Queries that Provide
Cardinality Assurance∗

Manasi Vartak
Worcester Polytechnic Institute

mvartak@wpi.edu

Venkatesh Raghavan
Worcester Polytechnic Institute

venky@cs.wpi.edu

Elke A. Rundensteiner
Worcester Polytechnic Institute

rundenst@cs.wpi.edu

ABSTRACT
In many business and consumer applications, queries have cardi-
nality constraints. However, current database systems provide min-
imal support for cardinality assurance. Consequently, users must
adopt a cumbersome trial-and-error approach to find queries that
are close to the original query but also attain the desired cardinal-
ity. In this demonstration, we present QRelX – a novel framework
to automatically generate alternate queries that meet the cardinal-
ity and closeness criteria. QRelX employs an innovative query
space transformation strategy, proximity-based search and incre-
mental cardinality estimation to efficiently find alternate queries.
Our demonstration is an interactive game that allows the audience
to compete with QRelX via manual query refinement. We illustrate
the importance of cardinality assurance through real-time compar-
isons between manual refinement and QRelX. We also highlight the
novelty of our solution by visualizing the core algorithms of QRelX.

Categories and Subject Descriptors
H.2.4 [Database Management]: Systems - Relational Databases

General Terms
Algorithms, Design, Management
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1. INTRODUCTION
In many application domains ranging from business intelligence

and decision support to travel services and web search, user queries
often have cardinality constraints. However, in spite of the fre-
quent presence of cardinality constraints, database systems cur-
rently provide minimal support for cardinality assurance. Lack of
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automatic cardinality assurance has led to many applications hav-
ing the following problems related to query result size: (1) queries
return no results (empty result-set [4] or failing query [7] problem);
(2) queries return too many results (too many problem [2]) or (3)
queries return too few results (too few problem [3]). To illustrate
these problems, consider the examples described below.

1.1 Motivating Examples

EXAMPLE 1. Medical researcher A wants to conduct an obe-
sity study examining the link between obesity and low income. Since
A’s grant provides him with resources to study 2000 volunteers, A
formulates the query Q1 to select these volunteers. However, Q1 is
able to identify only 1300 candidates in the medical database.

Q1: SELECT * FROM PatientRecords
WHERE (25 < age < 55) AND (BMI > 30)
AND (income < $55000) AND (familyHistory = 0)

Without any explanation for the deficiency of results or sugges-
tions for alternate queries producing 2000 results, the burden of
refining Q1 falls on researcher A. However, manual query refine-
ment is tedious because A lacks knowledge about the character-
istics of the underlying data set. He must undertake a frustrating
trial-and-error process and attempt what can potentially be a very
large number of refined queries. For instance, the following mod-
ifications form a small subset of the possible refinements of Q1:
(1) expanding the range to 25 - 60 years, (2) increasing the income
threshold to $65,000, (3) allowing the individual to have a family
history of obesity, or (4) any combination of the above. Even for a
simple query like Q1, which spans a single table and contains four
select predicates, a user must try numerous refined queries. An ad-
ditional constraint on the refinement process is the requirement that
the refined query should not grossly alter the original query seman-
tics. For instance, refining the income threshold to $85,000 may
return the required number of results, but such a query will violate
the low income selection criteria for volunteers. Such radical alter-
ations to a query can be undesirable, and hence, in this work, we
focus not only on cardinality, but also on closeness to the original
query submitted by the user.

Manual query refinement is further complicated when a query
combines two or more tables, and hence requires refinement of join
predicates as shown in Example 2.

EXAMPLE 2. Consider the data collected by two physiological
sensors X and Y that monitor a patient’s blood oxygen content and
blood pressure respectively. Scientist B wants to study the drop in
oxygen content when blood pressure goes below the normal thres-
hold. Further, to have statistically significant findings, she requires
at least 10,000 pairs of readings that satisfy specific temporal and



physiological conditions as defined inQ2. However, B’s query only
returns 5,000 pairs of readings.

Q2: SELECT * FROM SENSOR X, SENSOR Y
WHERE X.time = Y.time AND X.bloodOxygen < 80
AND Y.systolic < 90 AND Y.diastolic < 60

In this scenario, B must manually refine query Q2 until it re-
turns 10,000 results. Moreover, unlike query Q1, Q2 can be re-
formulated by refining only its select predicates, only its join pred-
icate, or a combination of both types of predicates. Join predi-
cate refinement is especially beneficial for Q2 as it may enable us
to meet our cardinality constraint without significantly altering the
original query semantics. Further, join refinement for this data set
will allow approximate matching of timestamps to accommodate
naturally occurring physiological and sensor delays.

1.2 Problem Description
Database systems can eliminate the need for manual query re-

finement and improve end-user experience if they provide auto-
matic cardinality assurance. Thus, the problem can be stated as
follows. Given a user query Q and its expected cardinality C, we
seek to automatically generate alternate “meaningful” queries that
attain the expected cardinality. Since users prefer alternate queries
close to the original query, an alternate query is considered “mean-
ingful” if it doesn’t grossly alter the original query. Formally, an
alternate query minimizes the distance to the original query. We re-
fer to the above query evaluation criteria as the cardinality criterion
and closeness criterion respectively. Lastly, we aim to provide the
user a set of alternate queries, as opposed to a single one, because
the user can then employ domain expertise to pick the query most
suited for the given application.

While the automated generation of alternate queries is highly de-
sirable, it poses several challenges. First, exact cardinality assur-
ance is an NP-Hard problem [1]. Second, the number of possible
combinations of individual predicate refinements increases expo-
nentially with the number of predicates. Third, the amount of re-
finement required to meet the cardinality constraint cannot be pre-
dicted a priori. Fourth, executing each refined query is extremely
database resource intensive, especially if the query is long-running.
Last, the additional constraint of minimizing distance to the origi-
nal query further increases the complexity of the problem.

1.3 State-of-the-Art Approaches
Traditionally, query refinement has been used to selectively mod-

ify subsets of query predicates to alter query cardinality [3, 5, 7].
However, current techniques do not simultaneously address the car-
dinality and closeness criteria discussed above. For example, tech-
niques proposed in [1, 6] generate queries for testing databases.
Since query semantics are irrelevant for testing purposes, these
techniques focus on attaining specific query cardinality without re-
gard to the meaningfulness of the query. On the other hand, [3, 7],
which address the problem of failing queries, emphasize the close-
ness of query results rather than the result size and do not produce
alternate queries. In [5], the authors propose a semi-automatic ap-
proach to query refinement. However, the proposed approach can-
not minimize distance to the original query or refine join predi-
cates. This approach also requires a high degree of user involve-
ment through the refinement process. Although techniques based
on scoring functions have been proposed for cardinality assurance,
these techniques do not provide an overall query characterizing the
results produced.

In this demonstration, we present QRelX – the first framework
that supports the generation of alternate queries meeting the cardi-
nality and closeness criteria.

2. THE QRELX FRAMEWORK
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Figure 1: System architecture for QRelX

Figure 1 presents an overview of QRelX, our query refinement
framework. QRelX takes a conjunctive SPJ queryQ, its desired car-
dinality C, and a cardinality tolerance threshold δ, to produce a set
of alternate queries meeting the cardinality and closeness criteria.
We introduce the cardinality tolerance threshold δ because approxi-
mately meeting the expected query cardinality is sufficient in many
scenarios. Thus, the queries produced by QRelX are guaranteed
to have cardinality within C+/-δ and minimum distance from Q.

The core functioning of the QRelX framework is divided between
two key components: the QRelX Transformer and the QRelX
Explorer. Given a user query, the QRelX Transformer employs
an innovative query space transformation strategy to generate a
refined query space that allows the refinement of select-project-
join queries. Following this transformation, the QRelX Explorer
searches the refined query space for alternate queries. Once queries
that adhere to both the cardinality as well as closeness criteria are
found, we report these alternatives to the user. The QRelX Trans-
former is in turn composed of the Input Space Analyzer and the
Refined Query Space Builder which respectively analyze the input
tables and construct the refined query space. Similarly, QRelX Ex-
plorer is composed of the Proximity-Based Query Search Engine
which traverses the refined query space, the Query Evaluator which
examines whether a query meets both acceptance criteria, and the
Incremental Cardinality Estimator which calculates the cardinality
of each examined query.

3. SALIENT FEATURES OF QRELX
Since the search for alternate meaningful queries poses several

challenges, QRelX uses the key principles of query space transfor-
mation, proximity-based query search, and incremental cardinality
estimation to efficiently generate alternate queries as described be-
low.

3.1 Query Space Transformation
A shortcoming of existing query refinement techniques is their

inability to relax join predicates. However, join refinement is es-
sential in many applications where exact matches of data are rare.
Therefore, QRelX adopts an innovative query space transformation
strategy that enables the refinement of select-project-join queries
using a uniform query search technique. Our space transforma-
tion strategy works in two stages: First, the Input Space Analyzer



processes the input tables at a coarse granularity to study the data
distribution with respect to the original query. Second, the Refined
Query Space Builder applies a refinement-sensitive transformation
function to the input data, and creates a new refined query space.
The refined query space has two interpretations: (1) it represents
all possible refined queries ordered by their proximity measure and
(2) it represents an abstract view of all input tuples based on their
collective proximity. The former interpretation of the refined space
helps to guide the alternate query search, while the latter helps to re-
duce computational costs by facilitating a “need-based” tuple eval-
uation strategy.

3.2 Proximity-based Query Search
Since a user always prefers alternate queries close to the original

query, i.e., queries with low overall refinement, the QRelX search
strategy is designed to preferentially examine queries close to the
original one. The space transformation strategy described above
ensures that within the refined query space, queries close to the
original query lie near the origin, while those vastly different from
the original query are far from the origin. The refined query search
engine of the QRelX Explorer then uses this knowledge to exam-
ine refined queries in order of closeness to the original query, i.e.,
it initially examines queries close to the origin and then gradually
moves outward. For each refined query, the Incremental Cardi-
nality Estimator calculates its cardinality and passes the results to
the Query Evaluator. The Query Evaluator determines whether
the query satisfies both cardinality and closeness criteria to decide
whether a broader query search is required. Since proximity-based
search guarantees that queries close to the original query are ex-
amined before those far from it, QRelX can terminate the search for
alternate queries as soon as refined queries are found to satisfy both
acceptance criteria.

3.3 Incremental Cardinality Estimation
One of the chief drawbacks of traditional cardinality assurance

techniques is the high computational cost associated with repeated
query execution. These techniques have no memory of previously
obtained cardinality estimations; they re-execute all queries regard-
less of similarities between them. The incremental cardinality esti-
mation technique implemented by QRelX presents a new model for
performing rapid cardinality calculations. Instead of undertaking
redundant cardinality computations, incremental estimation reuses
previously obtained query cardinality information via specialized
linear recurrences based on the refined space configuration. This
enables QRelX to examine only a small subset of tuples for each
query, and compute the total cardinality through a handful of calcu-
lations. Incremental estimation therefore drastically reduces com-
putational expenses by ensuring that once a tuple has been found to
satisfy a given refined query, it is never re-evaluated for any other
query in the refined query space.

4. DEMONSTRATION
In our demonstration, we present a real user scenario that illus-

trates the importance of cardinality assurance and the novelty of our
approach. For this purpose, we have created an interactive gaming
environment which allows the user to pose ad-hoc queries with car-
dinality constraints and compete with QRelX via manual query re-
finement to find alternate queries. Throughout the refinement pro-
cess, we provide real-time qualitative and quantitative comparisons
between manual query refinement and the automated QRelX ap-
proach. In addition, we visualize the core algorithms of QRelX to
demonstrate the key ideas and innovative strategies used to gener-
ate alternate queries.

4.1 Demonstration Setup
For the demonstration, we implemented in Java the QRelX re-

finement framework as well as the interactive game portal that pro-
vides manual query refinement capabilities. QRelX takes as input
a user query, the expected cardinality and the cardinality tolerance
threshold to produce alternate queries. On the other hand, the man-
ual query refinement framework allows the user to refine the orig-
inal query predicates and submit refined queries to a simple cardi-
nality estimator for result size calculations. To facilitate compari-
son between the manual and QRelX approaches, we run both tech-
niques in parallel on duplicate copies of the underlying database.

Our demonstration system consists of three interfaces: the QRelX
Query Definition View, the QRelX Game view, and the QRelX Sys-
tem View as depicted in Figures 2, 3, and 4 respectively. We now
discuss these views in detail.

4.1.1 QRelX Query Definition View
The query definition view is the interface, as shown in Figure 2,

that enables the user to formulate the initial queryQ and specify its
expected cardinality C. As the first step, the audience can submit
query Q for execution to calculate its result cardinality.

Figure 2: QRelX Query Definition View

4.1.2 QRelX Game View
The game view is the interface that allows the audience to com-

pete with QRelX via manual query refinement. As presented in
Figure 3, the GUI is divided into two panes: the left pane is dedi-
cated to manual query refinement and the right to our QRelX frame-
work. The manual refinement pane enables the user to repeatedly
re-formulate the original query and evaluate it in real-time. In con-
trast, the QRelX pane displays real-time status information about
QRelX. The game view also contains graphs in each pane to depict
cardinality and proximity comparisons between the two techniques.

4.1.3 QRelX System View
The system view is the interface presenting run-time progress

of QRelX and data about past computations conducted by it. As
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Figure 3: QRelX Game View

Figure 4: QRelX System View

Figure 4 depicts, the QRelX System View shows the key steps per-
formed by the QRelX framework: (1) construction of the refined
search space, (2) functioning of the proximity-based query search
engine, and (3) results from incremental cardinality estimation.

4.2 Walk-through Example
Since our demonstration of QRelX is game-based, it is inherently

interactive, and consists of the following sequence of steps:
Step 1: The user specifies a query and the associated cardinality

constraint in the QRelX Query Definition View as in Figure 2. The
query is then executed to calculate its cardinality. If the initial
query does not meet the cardinality criteria, the user proceeds to
the QRelX Game View.
Step 2: Once the user moves to the game view, the system starts
QRelX execution. Concurrently, the user manually refines the ini-
tial query to meet the cardinality constraint. Each refined query for-
mulated by the user is executed to calculate its cardinality. More-
over, for every query execution (through manual or automatic re-
finement), graphs in the game view are updated with the current
query’s cardinality and its distance to the original query. Based on
our experiments [8], we expect QRelX to have a monotone increas-
ing graph for distance to the original query and a decreasing graph
for difference between the expected and actual cardinality. In con-
trast, however, we expect the graphs from manual query refinement
to be uneven and contain significant noise.
Step 3: During the query refinement process, the user can view
computations performed by QRelX in real-time via the QRelX Sys-
tem View as shown in Figure 4.
Step 4: For a user to win the game, the user must formulate a re-
fined query which is better than QRelX in terms of cardinality dif-
ference, proximity to the original query, and total refinement time.
The QRelX approach wins if it can produce a better answer in a
shorter time.

The demonstration of QRelX thus presents the audience with a
real-world scenario that illustrates the importance of cardinality as-
surance and provides hands-on interaction with our framework.

5. CONCLUSION
In this demonstration, we present QRelX our novel framework to

automate the generation of meaningful queries that provide cardi-
nality assurance. QRelX employs an innovative query space trans-
formation strategy, proximity-based search and incremental cardi-
nality estimation to efficiently find queries meeting the cardinality
and closeness criteria. Our interactive game-based demonstration
allows users to compete against QRelX via manual query refine-
ment to formulate alternate queries. In addition, we visualize the
core algorithms of QRelX and present qualitative as well as quan-
titative comparisons between manual and automated query refine-
ment.
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