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Abstract

Techniques based on sharing data and computation among queries have been an active research
topic in database systems. While work in this area developed algorithms and systems that are shown
to be effective, there is a lack of rigorous modeling and theoretical study for query processing and
optimization. Query batching in database systems has strong resemblance to order batching in
the warehousing context. While the latter is a well-studied problem, the literature on optimization
techniques for query batching problem is quite scarce/nonexistent. In this study, we develop a
Mixed Binary Quadratic Program (MBQP) to optimize query-batching in a database system. This
model uses the coefficients of a linear regression on the query retrieval time, trained by a large set of
randomly generated query sets. We also propose two heuristics, the so-called restricted-cardinality
search methods I and II, for solving the proposed MBQP. To demonstrate the effectiveness of our
proposed techniques, we conduct a comprehensive computational study over randomly generated
instances of three well-known database benchmarks. The computational results show that when
the proposed MBQP is solved using the designed heuristics, an improvement of up to 61.8% in
retrieving time is achieved.

Keywords: batching problem, database systems, mixed binary quadratic programming, linear
regression, restricted-cardinality search method

1. Introduction

Despite being barely 50 years old, database research has had a profound impact on the economy
and society, creating an industry sector valued between US$37-US$50 billion annually [16]. The
history of database research over the past 40 years has demonstrated a tremendous productivity
that has led to the database system becoming arguably the most important development in the field
of software engineering. The database system software is the foundation of today’s Information
Technology (IT) infrastructure and has fundamentally changed the way many organizations operate.
In particular, the developments in this technology over the last few years have produced systems
that are more powerful and more intuitive to use [29, 30]. This development has resulted in
increasing availability of database systems for a wider variety of users.

Traditional database management systems process user-issued tasks (called queries) one by
one, often by the order they arrive in the system. However, as a result of ongoing increases in
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both the number of users/requests and data size, as well as improvement in computer hardware,
the last fifteen years have seen a shift from one-query-at-a-time approaches towards shared work
systems where queries are executed in batches. A batch of query includes one or more queries
on the same database that are executed together. Typically, there is a high likelihood for the
queries on a database to share computing resources such as IO (reading/writing data from/to
disk), CPU (processing data by processor), memory, etc. Therefore, executing queries as batches
could introduce savings in terms of computing resource usage and processing time. To process a
batch of queries, two main questions must be answered:

1. How should a given set of queries be “optimally” partitioned into one or multiple batches of
possibly different sizes? and,

2. How should a given single batch of queries be “optimally” processed?

Most previous studies have focused on the second question and have presented different methods
to process a batch of queries by efficiently retrieving required data by the queries of a batch from
a database. The proposed methods are different ways of sharing the computation resources or
taking advantage of query overlaps [26]. As a result of that stream of research, many single-batch
processing databases including PsiDB [6], SharedDB [8], Datapath [1], MQO [25], Qpipe [10] have
been developed. As for the query batching optimization (the first question above), however, even
though it has been stated in many of these articles as a means to improve the performance and a line
of potential future study, to the best of our knowledge, no prior article has thoroughly investigated
that field.

The main goal of the query batching problem is to partition a set of queries into different batches
in order to minimize the total query processing time. In that sense, the query batching problem
has a close resemblance to the order batching problem [31, 32]. The order batching problem is an
optimization problem, which involves the operation of retrieval of goods in a warehouse [21, 23].
Specifically, the order batching consists of grouping a set of orders together, forming a batch, which
is then assigned to a picker whose job is to retrieve all the orders within the same batch on a
single tour through the warehouse. A common objective of order batching problem is to reduce
picker travel time. In order batching problem, the retrieving time of a given batch of orders can
be pre-calculated by solving a traveling salesman problem [18]. In the query batching problem,
however, the processing time of a given batch is unknown until it is actually processed/executed.
This is because of several reasons including (1) the size of the data that will be retrieved to process
a query batch is unknown in advance; (2) defining the similarities between queries is not a trivial
task; and (3) the processing time depends highly on the methods used for processing the batch.

As mentioned above, the processing time of queries depends on the database that is used. In
this study, we mainly focus on the so-called relational database management systems (RDBMS).
Such a commonly used database system software stores data in the form of tables, using columns
and rows and follows the database normalized structure introduced by Codd [2]. Most of the well-
known industrial database systems such as Microsoft SQL Server, Oracle, MySql, Postgres are for
relational databases. The single-batch processing databases that have been mentioned before, are a
type of RDBMS. Although the approach that we develop for generating the batches is independent
from the methods used for processing each batch, our focus is mainly on PsiDB for processing
each batch in this study (because its implementation/code was available to us). PsiDB is a single-
batch processing database system, which is newly developed and has shown to perform better than

2



retrieving queries one by one, by a factor of almost 30x on workloads with large number of queries
[6].

Our main contributions in this paper can be summarized as follows.

1. An effective query batching requires an understanding of the processing time of each po-
tential batch of queries, before that batch is formed and executed. We therefore, develop a
quadratic function based on the resulting coefficients of a linear regression model to predict
the processing time of a given batch using PsiDB.

2. Building upon our batch processing time predictor, we develop a Mixed Binary Quadratic
Program (MBQP) to efficiently partition any set of queries into batches (of possibly different
sizes). We also propose an effective symmetry breaking technique to strengthen the proposed
MBQP.

3. Since the main goal of the proposed algorithm is to minimize the query processing time, the
solution time of the MBQP becomes critical. We first prove that the proposed MBQP is in
fact an NP-hard problem. Consequently, one cannot afford to solve the MBQP for large-scale
problems using exact approaches, as it could be too time demanding. Therefore, we develop
two heuristics, the so-called Restricted-Cardinality Search Methods I and II (RCSA-I and
RCSA-II), to generate high-quality solutions for the proposed MBQP in a relatively short
amount of time.

4. We conduct a comprehensive computational study on three well-known benchmark database
systems: TPC-H [28], TPC-DS [? ], and Join-Order Benchmark (JOB) [15]. We consider
instances of TPC-H with 5 tables and up to 10 GB of data, instances of TPC-DS with 10
tables and up to 5 GB of data, and instances of JOB with 23 tables and up to 4 GB of data.
We generate a total of 600 random instances based on these database systems, each containing
between 32 to 4096 queries. The computational results show that the proposed heuristics can
generate optimal solutions to the MBQP for the instances for which checking the optimality
was possible (instances with up to 512 queries). More importantly, we show that the total
processing time of the queries by batching generated by the MBQP is up to 61.8% smaller
than using PsiDB directly, i.e., processing all queries as a single batch. Moreover, we show
that the proposed quadratic time prediction function has a high accuracy, i.e., R-squared
value between 0.86 and 0.98.

The rest of this paper is organized as follows. In Section 2, we provide preliminaries on database
systems. In Section 3, we describe the problem in hand in details. In Section 4, a detailed description
of the proposed solution approach is given. In Section 5, we conduct a comprehensive computational
study. Finally, in Section 6 some concluding remarks are given.

2. Preliminaries

In this section, we provide a high-level description of a well-known type of database systems,
Relational Database Management System (RDBMS), and its main components [2, 4, 7]. Due to
the significant number of applications of this class of database systems, it is the main focus of
this research. One of the critical components of a RDBMS is the so-called query optimizer, which
has raised a lot of research questions in the last four decades. In this section, we briefly review
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Figure 1: A relational database management system for one-query-at-a-time processing

the existing body of literature on query optimizer and explain a research gap, which is the main
motivation of this study. In addition to the traditional RDBMS, we also cover a few new database
systems based on RDBMS, developed for specific needs such as single-batch processing database
systems.

2.1. A Relational Database Management System

Since in this paper we mainly focus on relational databases, it is essential to have fundamental
knowledge about databases. Hence, we survey a few key components of relational databases in
this section. The system software that handles the database functionality is called a Database
Management System (DBMS). An RDBMS is a type of DBMS which follows certain rules designed
by [2] using the relational model. In the following, we explain the structure of data in relational
databases and the methods of retrieving data efficiently from such a database. Figure 1 shows the
main components of an RDBMS. We briefly explain each component in this section.

Data Structure: Data values in an RDBMS are stored in the form of tables. A table is a fixed
data structure that consists of columns (also called attributes) and rows (Tuples). A table has a
specified number of columns, but can have any number of rows. Each row is a record stored in the
database and each column is a type of data whose domain (e.g., data type, length, range of value)
is pre-described. In designing a database table, certain attribute(s) of a table are set to be unique
identifiers of the entire row, and such attribute(s) is called a key. There can be multiple keys in a
table, e.g., Social Security Number (SSN) and Student ID are both keys in a University Student
table as they both can be viewed as IDs of students (rows). Typically there are two kinds of key:
Primary key, which is chosen among all keys in a table by the database designer, and foreign keys,
referring to another table’s primary key. The computations in such systems are described by an
algebraic system named Relational Algebra (RA). Among the RA operators, concatenating rows
from different tables is called join.

Queries: A query is a language expression that describes data to be retrieved from a database based
on specific criteria. All the queries in an RDBMS are in Structured Query Language (SQL) form.
The SQL language has changed through the time and deviated in several ways from its theoretical
foundation. Our focus in this paper is on standard query expression of SQL. Such expressions are
done in a declarative manner, which focuses on descriptions of the query results. A simple SQL
statement (i.e. SELECT a1, ..., aw FROM t1, ..., tm WHERE c1, ..., cf ) has the following parts:

• SELECT: Specifies the columns in the result
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• FROM: The table(s) which data is stored in

• WHERE: A set of conditions which specifies criteria for the retrieved rows

The scope of this study is on the queries of the form SELECT..FROM..WHERE (SFW). Such queries
are known to be one-to-one mappings to core operators in relational algebra, which is the query
language used to described actual computations required to process the queries.

SQL Parser: SQL parser handles two tasks: Syntax validations and query transformation. Any
query that is being executed, needs to be translated to the relational algebraic statement first. We
have the same main components in the relational algebra:

• Projection: The set of columns/attributes written as Πa1,...,aw ;

• Join: The tables needed to execute the queries;

• Selection: The specific conditions on the attributes σc1,...,cf .

A SFW query in SQL language, translates to Πa1,...,awσc1,...,cf (t1× ...× tm) in algebraic form. After
this transformation, the query is ready to be optimized and then executed.

Query Optimizer: The query optimizer is a main component in terms of database performance
enhancement [29]. The query optimizer attempts to determine the most efficient way to execute a
query by creating multiple execution plans and choose the optimal one. This happens right after
parsing the query and before accessing the data. A query plan determines the query execution plan
and how to access the data. Two different plans for the same query would have the same results
but the execution time and resource consumption for each of them can be different.

SQL Executor: Given a query execution plan, the query processor fetches the data in the tables
and generates the results. There are many factors that play major roles in a query execution such
as buffering or sequential reading, which are outside the scope of this paper.

2.2. A Research Gap

As mentioned above, query optimizer plays a key role in any database system. Query optimizer
techniques have been an active research topic in the last four decades. Up to this day, there are
three main lines/streams of research:

1. How to efficiently process a given single query and retrieve the results?

In traditional database systems, each query is expected to be executed independently [3,
17, 20, 22]. Figure 1 shows all the components of an RDBMS for executing a single query.
A request from the user translates into a query, and the query will go through the parser,
optimizer and executor to get the data from the storage and send the results to the user [5, 7].
The underlying idea of this line of research is to compute optimal execution plans for a single
query. As a result of this line of research, several query optimizer techniques such as indexing
and sequential scanning are developed [12, 13, 14, 24].

2. How to efficiently process a given set of queries as a single batch?

The landscape of data management systems has changed dramatically over the last decade,
and traditional RDBMS are frequently criticized for not meeting requirements of modern
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Figure 2: A single batch-processing, query optimizer model. Here t1, t2, . . . , tm are Tables, q1, . . . , qn are the queries
and P1,P2, . . . ,Pn are output data for each query

data-intensive applications. Today’s database systems often need to serve a multitude of user
queries in a short period of time. For example, Alibaba, a leading Chinese online retailer,
needs to process a workload at the rate of 10,000 query a second. Under such high demand,
the one-query-at-a-time model falls short in meeting performance requirements because it can
easily lead to resource contentions. On the other hand, the database community observed
that queries in a workload may have a significant overlap in the data access paths and in-
termediate query results. Plausible efforts to harness computation and data access sharing
among processing multiple queries have been reported [1, 6, 8, 10, 25].

In light of the above, the database community developed several database systems that com-
bine a set of queries into a single batch and attempts to efficiently process the batch. Exam-
ples include: relational database management systems for batch processing i.e., PsiDB and
SharedDB designed for workloads with large number of users. These databases are capable
of handling a set of queries instead of one single query. The idea of this line of research is
demonstrated in Figure 2. The query optimizer in Figure 2 gets a set of queries q1, . . . , qn
and combines them into one query S so it can be processed by the database. After executing
the combined query, P is the table containing all information required by the set of queries,
which in the next step is distributed among them.

3. How to efficiently partition a given set of queries into batches and process each batch indi-
vidually?

While there are many studies for the first and second lines of research, there are no studies
for this line of research (to the best of our knowledge). Therefore, the goal of our research
is to study whether partitioning the queries into batches can improve the batch-processing
database systems performance.

The idea of such a database system is demonstrated in Figure 3. In this database system,
a set of queries q1, . . . , qn are partitioned into multiple batches S1, . . . , Sv. Associated with
each batch Si, there is a result Pi, leading into a set of results: P1, . . . ,Pv. Each Pi is then
distributed among the queries in batch Si.

3. Problem Description

Batching is one of the main functions of modern databases due to how directly it affects the
performance of data retrieval. On a PsiDB, the performance is impacted by the way we batch a set
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Figure 3: A batch-processing model with partitioned query. Here t1, t2, . . . , tm are Tables, q1, . . . , qn are the queries,
S1,S2, . . . ,Sv are batches of queries and P1,P2, . . . ,Pv are output data for each batch

of queries because it impacts the required run time to retrieve the data. In this research, the main
goal of the query batching problem (QBP) is to find the best way of partitioning a given set of
queries into batches in order to minimize the total processing time. For example, let Q = {q1, q2, q3}
be a set of queries that needs to be processed. In this case, Q can be processed in 5 different ways
by partitioning it into 1, 2, or 3 batches as follows: {(q1), (q2), (q3)}, {(q1, q2), (q3)}, {(q1, q3), (q2)},
{(q1), (q2, q3)}, and {(q1, q2, q3)}. The total processing time of each solution of the query batching
problem may vary due to the correlation between the queries. The correlation between queries can
be established by comparing the data that each query is attempting to retrieve. For example, if q1,
q2, and q3 request similar data from similar tables, it will probably be faster to process them as a
single batch.

Overall, in order to solve the query batching problem, it is important to know how long the
processing time of any potential batch would be. However, computing such a processing time is
not a trivial task. This is because to process a batch, a database system typically takes two steps
and each one requires some computational efforts [6, 9]. In the first step, it combines/converts all
the queries in the batch into a single global query containing all the attributes and records of each
query in the batch. The database system will then process the global query and retrieve the entire
data requested by the global query. It is also worth mentioning that processing the global query in
an efficient manner is not a trivial task by itself because it requires operations such as joining tables
and filtering. More importantly, the amount of data retrieved as a result of processing the global
query is unknown in advance. In the second step, some additional computational efforts should
be made for searching the retrieved data (that its size is unknown in advance) and distributing
it among queries in the batch. Due to the existence of unknown parameters in these two steps,
computing the exact total processing time of a given batch (in advance) is a challenging task that
depends highly on the single-batch-processing method used.

In light of the above, if one can generate a function for predicting the processing time of any
possible batch, then a mathematical program for obtaining an optimal solution of the QBP can be
developed. Specifically, let Q := {q1, . . . , qn} be the set of queries. Observe that since the total
number of queries is n, the maximum number of possible batches would be n, i.e., each batch will
contain exactly one query. We denote batch j ∈ {1, . . . , n} by Sj ⊆ Q and its predicted processing
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time by P (Sj). By using these notations, the QBP can be stated as follows:

min
S1,...,Sn⊆Q

{ n∑
j=1

P (Sj) : ∪ni=1Sj = Q and Si ∩ Sj = ∅ ∀i, j ∈ {1, . . . , n}, i 6= j
}
.

Note that due to the significant variability of processing times in practice, it would be hard to
predict the processing times accurately. So, instead of predicting processing times, we predict the
value of an indicator of processing times. In other words, in the remaining of this paper, P (Sj)
basically represents the predicted value for the processing-time indicator of batch Sj . So, for the
convenience, whenever we say the ‘predicted processing time’, we mean the ‘predicted value for the
processing-time indicator’ in the remaining of this paper.

In the next section, we will explain that the processing-time indicator of batch Sj is defined
as the square of log2-transformation of the processing time of the batch Sj in this paper (see
Eq. (3) for details). Hence, P (Sj) attempts to predict the value of the indicator for the batch Sj .
We observe that the indicator consists of a ‘square’ function and a ‘log-transformation’ function.
We use the square function because of two main reasons including: (1) linear functions cannot
capture the impact of the number of queries allocated to batches when being used in our developed
optimization model for the QBP, see Section 4.2 for details; and (2) square function can be handled
effectively by (commercial) mixed integer programming solvers such as Gurobi or CPLEX since it
is convex. Also, we use the log-transformation because that is a common heuristic way to reduce
the variability of data. Through this article, we use base 2 for the log-transformation function
because it is a natural choice given that computers use binary encoded systems. However, during
the course of this study, we observed that our proposed method is not sensitive to the base value.

Finally, we assume that queries are not empty. In other words, we assume that each query in Q
should involve (i.e., search) at least one of the tables in the database system under consideration.
This assumption is needed only for the purpose of defining valid instances when proving that the
QBP is NP-hard (see the Appendix).

4. The Proposed Approach

In this section, we explain our proposed approach for solving the query batching optimization
problem. Our approach contains three phases as follows.

1. Developing the batch processing time prediction function

2. Developing an optimization model to effectively partition the queries into batches

3. Developing effective solution methods to solve the optimization model

In the remaining of this section, we will provide further details about each phase.

4.1. The Batch Processing Time Prediction Function

In this section, we develop a function P (S′) that serves to predict batch processing time for
any arbitrary query batch S′ of a given database. An ideal function P (S′) has the two following
desired characteristics: (1) The function has high accuracy; and (2) The function is simple as the
complexity of the optimization model for the QBP and its solution approaches highly depend on it.
The use of the QBP is justified only if the sum of the solution time of the QBP and the processing
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time of the batches prescribed by the QBP is dominated by the processing time of the same set of
queries when the QBP is not employed. Accordingly, if one cannot solve the QBP quickly then the
benefit of batching may not be significant.

As mentioned in Section 3, for a given query batch S′, its predicted (indicator of) processing
time, P (S′), depends on the size of the data that must be retrieved for processing batch S′. However,
such information is not known in advance and becomes available only while executing the batch.
Therefore, in our approach we benefit from some other attributes (or features) of S′ that are either
available in advance or easy to compute to predict the processing time of batch S′.

Let T := {1, . . . ,m} denote the index set of all tables in the database (where m is the total
number of tables). To predict the processing time of a batch S′, we introduce |TS′ |+ 1 attributes
associated with batch S′, where TS′ ⊆ T denotes the index set of all tables required by the queries
in batch S′. The first |TS′ | attributes are indicators of the size of tables required for batch S′.
Specifically, we introduce the attribute log2(st) for each t ∈ TS′ with st being the number of
records in table t. Note that the size of tables in a database can be significantly different and hence
the proposed log2-transformation can be helpful in normalizing the size of the tables in such cases.
We also introduce one additional attribute, indicating the number of queries in batch S′, denoted
by n′. Using the proposed attributes, we construct a function that can predict the processing time
of any given batch. This function takes the following form.

P (S′) :=
[
β0 + β1n

′ +
∑
t∈T

βt+1 log2(st)y
′
t

]2
, (1)

where y′t ∈ {0, 1} is a parameter indicating whether table t is required to process queries in batch
S′. Also, β0, β1, . . . , β|T |+1 ∈ R are the coefficients that should be estimated. In Section 5, we will
numerically show that the proposed function has high prediction accuracy on the three different
database benchmarks that we consider. This implies that the proposed function addresses the
first required characteristic, mentioned at the beginning of this section. Additionally, we observe
that the proposed P (S′) is a quadratic function of n′ and y′1, . . . , y

′
m. Despite being a quadratic

function, P (S′) can still be handled easily by commercial solvers such as CPLEX and Gurobi when
used in the optimization model that we develop for the QBP, which satisfies the second desired
characteristic mentioned above. Note that we do not use a linear function of the form,

β0 + β1n
′ +
∑
t∈T

βt+1 log2(st)y
′
t (2)

instead of Eq. (1), since Eq. (2) has a significant weakness when being employed in the QBP. In
Section 4.2, we will explain in detail why such a linear function is not suitable.

We estimate coefficients β0, β1, . . . , β|T | through a training procedure over a large set of randomly
generated batches of queries. In Section 5, we discuss in details how a random batch is generated.
For each batch S′, one can compute the value of each attribute and then actually process the batch
to compute its real processing time, denoted by RealTime. The goal is to estimate the coefficients
of the proposed processing time prediction function P (S′) such that,

P (S′) ≈ [log2(RealTime)]2. (3)

This implies that, √
P (S′) = β0 + β1n

′ +
∑
t∈T

βt+1 log2(st)y
′
t ≈ log2(RealTime).
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This itself implies that in order to estimate the coefficients of the proposed function, one can simply
fit a linear regression function. Specifically, log2(RealTime) can serve as the dependent variable
and the proposed attributes can serve as independent variables. In this study, we employed the
package linear model from sklearn in Python to compute the coefficients based on Ridge linear
regression [11].

4.2. The Optimization Model

In this section, we develop a MBQP to solve the QBP using the proposed processing time
prediction function. In the remaining of this section, it is assumed that coefficients β0, β1, . . . , βm+1

are already estimated and are available as parameters. However, the assignment of the queries to
batches, and consequently the number of queries in each batch and the set of tables required for
processing each batch are unknown and are to be determined by the optimization model. Let
Qt ⊆ {1, . . . , n} be the set of queries that requires table t ∈ T . Note that, by assumptions, each
query requires at least one table. Let k be a user-defined parameter denoting the maximum number
of possible batches that are allowed to be formed. Note that in the worst case the number of batches
equals the number of queries; one batch per query. Hence, one can set k to n if no information about
the value of k is available. Let xij be a binary decision variable that equals 1 if query i ∈ {1, . . . , n}
is assigned to batch j ∈ {1, . . . , k}, and 0 otherwise. Also, let yjt be a binary decision variable
indicating whether table t ∈ T is used by at least one query in batch j ∈ {1, . . . , k}. For each
batch j ∈ {1, . . . , k}, we introduce the continuous variable nj for indicating the number of queries
in batch j. As an aside, although nj is defined as continuous decision variable, it will naturally take
integer values in the proposed formulation for each batch j ∈ {1, . . . , k}. So, one can define nj as an
integer variable in practice for each batch j ∈ {1, . . . , k}. Finally, for each batch j ∈ {1, . . . , n}, we
introduce the binary decision variable zj that takes the value of 1 if at least one query is assigned
to batch j, i.e., batch j is not empty. Using these notations, the query batching problem can be
formulated as the following MBQP,

min

k∑
j=1

[
β0zj + β1nj +

∑
t∈T

βt+1 log2(st)yjt
]2

(4)

s.t.

k∑
j=1

xij = 1 ∀i ∈ {1, 2, . . . , n} (5)

nj =
n∑

i=1

xij ∀j ∈ {1, 2, . . . , k} (6)

xij ≤ yjt ∀t ∈ T, ∀i ∈ Qt, ∀j ∈ {1, 2, . . . , k} (7)

yjt ≤ zj ∀t ∈ T, ∀j ∈ {1, 2, . . . , k} (8)

yjt ≤
∑
i∈Qt

xij ∀j ∈ {1, 2, . . . , k}, ∀t ∈ T (9)

zj ≤ nj ∀j ∈ {1, 2, . . . , k} (10)

nj ≥ 0 ∀j ∈ {1, 2, . . . , k} (11)

xij , yjt, zj ∈ {0, 1} ∀j ∈ {1, 2, . . . , k}, ∀i ∈ {1, . . . , n}, ∀t ∈ T, (12)

where the objective function (4) measures the total predicted processing time of non-empty batches.
Constraint (5) ensures that each query is assigned to exactly one batch. Constraint (6) computes
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the value of nj for any batch j ∈ {1, . . . , k}. Constraint (7) ensures that if table t ∈ T is required
by at least one query in batch j, then yjt = 1. Constraint (8) guarantees that if batch j needs
some tables to be processed, i.e., yjt = 1 for some t ∈ T , then zj = 1 because the batch j must
be non-empty in that case. Constraint (9) ensures that if for any given batch j ∈ {1, . . . , k} table
t ∈ T is not needed, i.e.,

∑
i∈Qt

xij = 0, then we must have that yjt = 0. Finally, Constraint (10)
guarantees that if no query is assigned to a given batch j ∈ {1, . . . , k}, i.e., nj = 0, then we must
have that zj = 0. We note that Constraints (9) and (10) are not necessary for solving the QBP if
β0, β1, . . . , βm+1 ≥ 0. However, for the purpose of studying the computational complexity of the
QBP (see Section 4.2.1) we include them in the formulation. These two additional inequalities
combined with the assumption that each query should involve at least one table guarantee that the
(predicted) processing time of each batch is computed properly even if there exists l ∈ {0, 1, . . . ,m+
1} such that βl < 0. Moreover, these two constraints ensure that if a batch is empty and/or do
not need to explore any table then its associated predicted processing time is zero. Also, if a batch
does not need some of the tables then those will not impact the processing time of that batch. In
the remaining of this paper, we denote the formulation (4)-(12) by MBQP(k) where k is the input
parameter set by users.

Observe that if k = n then the objective function of the proposed formulation simply captures∑n
j=1 P (Sj) where P (Sj) is the quadratic function obtained in Section 4.1. So, it is natural to ask

why cannot P (Sj) be a linear function, i.e., Eq. (2)? Note that the objective of the QBP is to
minimize the total predicted processing time of a set of queries by regrouping them into batches. A
linear function may have high accuracy for predicting the processing time of each batch individually
but when used in the optimization framework for minimizing the total predicted processing time,
it will perform poorly. Specifically, if one uses a linear processing time prediction function, the
objective function of the proposed formulation (when k = n) will change to

n∑
j=1

β0zj + β1nj +
∑
t∈T

βt+1 log2(st)yjt = β1n+

n∑
j=1

β0zj +
∑
t∈T

βt+1 log2(st)yjt.

This implies that the number of queries in the batches will not play any role in the optimization
process because β1n is a constant. In that case, by assuming that β0, β1, . . . , βm+1 ≥ 0 (which
is likely to be the case in practice), the optimal solution for the QBP is to create only one batch
containing all queries. Therefore, such linear functions are not suitable for showing the effectiveness
of batching. Hence, the main purpose of using the proposed quadratic function is that it allows to
capture the importance of the number of queries assigned to different batches. We next present a
technique to strengthen the proposed formulation.

The proposed model can be strengthen by reducing the level of existing symmetry in the for-
mulation. As a result of the existing symmetry, one can expect that commercial solvers such as
CPLEX and Gurobi struggle to solve the proposed MBQP without applying symmetry breaking
techniques [27]. To break the symmetry, we propose to add the following constraints to the model,

xij = 0 ∀i ∈ {1, . . . , n} and ∀j ∈ {i+ 1, . . . , k}. (13)

Observe that without using the proposed symmetry breaking constraints, a query i ∈ {1, . . . , n}
can be assigned to any batch j ∈ {1, . . . , k} in the optimization model. This is in fact one of the main
reasons that symmetry exists in our proposed formulation. Hence, our proposed symmetry breaking
technique limits this flexibility by forcing the optimization model to assign query i ∈ {1, . . . , n} to
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only a batch j ∈ {1, . . . , k} with j ≤ i. This implies that query 1 is only allowed to be assigned to
batch 1, query 2 is only allowed to be assigned to either batch 1 or 2, query 3 is only allowed to be
assigned to either batch 1 or 2 or 3, and so on. This process obviously does not remove any feasible
solution of the QBP and will (partially) break the symmetry in the proposed formulation. Finally, in
terms of implementation, instead of explicitly adding the proposed symmetry breaking constraints,
it would be computationally better not to generate xij for all i ∈ {1, . . . , n} and j ∈ {i+ 1, . . . , k}
when creating the model. This efficient implementation is used in this study.

4.2.1. Computational Complexity

We now explore the computational complexity of the QBP when its objective function is the
proposed quadratic function. We again note that although Constraints (9) and (10) are not nec-
essary for computing optimal solutions for the QBP when β0, β1, . . . , βm+1 ≥ 0, we assume that
they are included in the formulation for the purpose of studying the computational complexity of
the QBP. This is because for identifying the computational complexity of the QBP, the decision
problem of the QBP should be explored. The decision problem of the QBP (when employing the
proposed quadratic function), denoted by QBP, can be stated as follows: does there exist a solution
that can satisfy the following set of constraints,

k∑
j=1

[
β0zj + β1nj +

∑
t∈T

βt+1 log2(st)yjt
]2 ≤ U

(5)− (12)

where U is a given parameter. The QBP is basically a feasibility problem in which the objective
function of the proposed MBQP has changed to a constraint. Therefore, in order to make an
accurate analysis on the computational complexity of the QBP, the objective value of each feasible
solution must be captured accurately in the QBP. That is the main reason that Constraints (9) and
(10) are included in the QBP.

Theorem 1. The query batching problem when employing the proposed processing time prediction
function (1) is NP-hard.

Proof. The proof is rather lengthy and is provided in the appendix. �

4.3. Heuristic Solution Methods

Observe that if k = n then the size of the proposed formulation, i.e., MBQP(n), is O(mn4)
because the number of constraints is O(mn2) and the number of variables is O(n2). This combined
with Theorem 1 implies that there is little hope that the proposed MBQP can be solved quickly
enough for practical-sized instances with possibly thousands of queries and multiple tables. In
Section 5, we will show that instances with up to 500 queries on a database benchmark with 5
tables and around 10 GB of data can be solved to optimality using commercial solvers within
a few hours (on a typical computing node). Obviously, for larger instances, the solution time
for the MBQP is expected to increase significantly. As a result, even if optimal or near optimal
batching can offer some savings in terms of processing time of a set of queries, these savings can be
dominated by long solution time of the MBQP. As a consequence, in this section, we propose two
simple heuristic algorithms permitting us to quickly generate high-quality feasible solutions to the
proposed MBQP.
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We refer to the first algorithm as the Restricted-Cardinality Search Method I (RCSA-I). The
underlying idea of RCSA-I is to set the value of k to values smaller than n. Observe that for such
values the size of MBQP(k) is significantly smaller than the MBQP(n). Hence, one can expect to
solve the MBQP(k) faster than MBQP(n) using commercial solvers when k is smaller than n. To
improve the solution time even further, RCSA-I restricts the formulation even more by adding the
following set of constraints to the MBQP(k),

k∑
j=1

yjt ≤ 1 ∀t ∈ T. (14)

Constraint (14) forces all queries requiring a given table t to be assigned to the same batch.
The addition of Constraint (14) results in a restricted variant of MBQP(k) that we refer to as the
MBQP-I(k) and it plays a key role in RSCA-I. Starting from k = 1, RCSA-I iteratively increases k
with a stepsize one and solves the corresponding MBQP-I(k) in each iteration considering a time
limit. As an aside, we note that the solution for k = 1 is trivial and hence MBQP-I(k) does not
need to be solved for k = 1. If in a given iteration there is an improvement in the obtained objective
value of MBQP-I(k) compared to the previous iteration, the algorithm increases k by one and starts
a new iteration. Otherwise, the algorithm terminates and returns the best solution found and the
corresponding number of batches, k∗. It is worth mentioning that for implementing RCSA-I, three
points should be considered. First, the solution of each iteration can be used as a warm-start for
the next iteration. Second, the proposed symmetry breaking technique developed for strengthening
MBQP(k) can be used for MBQP-I(k). Third, because of Constraint (14), the maximum number
of iterations of RCSA-I is m.

We refer to the second algorithm as the Restricted-Cardinality Search Method II (RCSA-II).
RCSA-II is a two-phase method and its underlying idea is to improve the solution obtained by
RCSA-I further (if possible). Hence, RCSA-II first calls RCSA-I in its first phase. Let k∗ be
the value of k in the last iteration of RCSA-I. For the second phase, the algorithm initializes
k by k∗ and then iteratively solves the MBQP(k), instead of MBQP-I(k). Similar to the first
phase, the algorithm increases the value of k by one as long as some improvements in the obtained
objective value of MBQP(k) is observed (compared to its last iteration). Otherwise, the algorithm
terminates and returns the best solution found. It is worth mentioning that the implementation
points discussed for RCSA-I should also be considered for the RCSA-II.

5. A Computational Study

In this section, we investigate the performance of our proposed approach on three database
benchmarks. For conducing the experiments, we employ SQL Server 2017 and Julia programming
Lagrange 0.6.4. Also, to solve optimization models, we use CPLEX 12.9 and we employ PsiDB
for processing each batch of queries in database. All the computational experiments are conducted
on a workstation with Intel quad-core 3.6GHz i7-7700 processor, 32GB of DDR4-2400 memory,
a 256GB SSD system disk, and a 2TB 7200 RPM hard drive for database storage. Also, in this
study we impose a time limit on each iteration of RCSA-I and RCSA-II. The proposed time limit
is 300 seconds for each iteration. All the data involved are stored on the same hard drive to ensure
consistent Input/Output (I/O) rate across different experimental runs. The workstation runs on
Windows 10 Enterprise Version 1709.
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Figure 4: The structure of a TPC-H database

5.1. Database Benchmark TPC-H

In this section, we employ the well-known TPC-H database benchmark for showing the effec-
tiveness of the QBP and our proposed heuristics [19, 28]. TPC-H database represents a customer-
supplier system. It contains information of the provided parts by the suppliers and the orders by
the customers.

This database benchmark takes a parameter, the so-called Scale Factor (SF), as an input. This
parameter indicates the approximate size (in gigabytes) of the random TPC-H database that will
be generated. In this section, we consider three different values for the SF, i.e., {1, 5, 10}. That
is, we generate three random TPC-H database replicas with the size of approximately 1, 5, and
10 GB, respectively. The generated databases have 5 tables with established relationships between
some of them as shown in Figure 4. The relationships are defined by the so-called foreign keys and
shown by arrows in Figure 4. These relationships are important because PsiDB uses them when
processing a batch of queries. For example, if there is a batch of queries on only tables PART and
SUPPLIER, PsiDB has to also use table PARTSUPP (when joining tables) as it contains both
foreign keys of tables PART and SUPPLIER. As an aside, we note that since there are only 5
tables, in theory, there should be 25 − 1 = 31 scenarios for a query to involve the tables. However,
because of the relationships between tables, only 17 scenarios are feasible. The number of records
in each table for different values of SF are reported in Table 1.

Table 1: The number of records in each table of TPC-H for three values of SF

Table Name SF=1 SF=5 SF=10
LINEITEM 6,001,215 30,006,075 60,012,150
ORDERS 1,500,000 7,500,000 15,000,000

PARTSUPP 800,000 4,000,000 8,000,000
PART 200,000 1,000,000 2,000,000

SUPPLIER 10,000 50,000 100,000

We first attempt to estimate the coefficients of the batch processing time prediction function,
i.e., β = (β0, β1, . . . , βm+1). Since each SF basically defines a new database, the coefficients should
be estimated for each one independently. Hence, for each SF, we randomly generate 2754 data
points, i.e., batches of queries. These data points are divided over 81 classes, each containing 34
batches, based on the number of queries that they involve. Specifically, the number of queries in
each class of batches is taken from the set {50, 75, 100, 125, . . . , 2050}. To create the batches of each
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class, we first generate two random scenarios for showing the percentage of the data that should
be retrieved as the result of processing a batch. Each scenario can take a value from the interval
(0%, 5%]. For each scenario, we create 17 batches. For example, suppose that the first scenario
for the class 50 is 1% and the second scenario is 5%. So, we create 17 (random) batches that each
has 50 queries and requires to return 1% of the total size of the database for processing its queries.
Similarly, we create 17 (random) batches that each has 50 queries and requires to return 5% of the
total size of the database for processing its queries. The reason that we create 17 random batches
for each scenario is that, as mentioned earlier, there are 17 possible ways of utilizing tables in (a
batch of) queries for TPC-H databases. So, for each one, we randomly generate one batch of queries
such that the amount of data that should be retrieved for it matches its associated scenario. For
example, tables PART, PARTSUPP, and SUPPLIER construct one valid combination. So, for the
class 50 and the scenario 1% that we mentioned earlier, one random batch will only utilize tables
PART, PARTSUPP, and SUPPLIER. In other words, to process (all 50 queries of) that batch,
1% of the total size of the database will be returned from only tables PART, PARTSUPP, and
SUPPLIER.

After creating random batches for each SF, we execute them individually and record their
associated values for the dependent and independent variables of linear regression (see Section 4.1).
We randomly pick 70% of data as the training set and use the remaining 30% as the test set.
Overall, the results show that

β = (1.6032, 0.0023, 0.1165, 1.7646, 1.0794, 2.4355, 0.9743, ),

β = (10.8716, 0.0028, 0.1977, 3.0068, 1.9187, 4.0763, 1.6231),

and
β = (17.1205, 0.0028, 0.2480, 3.7526, 2.4400, 5.1369, 2.0199)

for SF=1, SF=5, and SF=10, respectively. Table 2 shows the accuracy of the regression model on
this database for different values of SF where ‘MSE’ refers to Mean Squared Error and ‘MAPE’
refers to Mean Absolute Percentage Error.

Table 2: The statistics of the regression model for different values of SF on TPC-H databases

SF
Training set Test set

R-squared MSE MAPE(%) R-squared MSE MAPE(%)

1 0.94 0.04 3.44 0.94 0.05 3.46

5 0.95 0.04 2.15 0.95 0.04 2.13

10 0.95 0.09 1.83 0.96 0.04 1.82

In order to show the effectiveness of solving the query batching problem, a total of 120 instances
are generated for each SF. An instance includes a specific number of queries on SF 1, 5, or 10 of the
TPC-H database. With SF taking three values 1, 5, and 10, a total of 360 instances are generated
in this experiment. The instances associated with each SF are regrouped into three classes of small,
medium, and large instances. For the small-sized instances (denoted by S), the number of queries
is taken form the set {32, 64}. For the medium-sized instances (denoted by M), the number of
queries is taken form the set {256, 512}. Finally, for the large-sized instances (denoted by L), the
number of queries is taken form the set {2048, 4096}. Therefore, each class of instances contains
two sub-classes. For example, for Class S, the first subclass has instances with 32 queries each
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and the second subclass has instances with 64 queries each. Within each instance subclass, 20
random instances are generated. We note that since TPC-H simulates a customer-supplier system
database in the real world, it comes with some suggested scenarios for generating a set of queries
to make sense in practice (see the details in [19, 28]). Hence, when creating an instance, we follow
the suggested scenarios. Specifically, to generate each instance, we first randomly select a subset
of all 17 valid combinations of employing tables and then generate all randomly queries based on
the selected combinations. Table 3 summarizes the performance of RCSA-I and RCSA-II on all
360 instances of this experiment. Numbers reported in this table for each instance subclass are
averages over 20 instances.

Table 3: Performance of RCSA-I and RCSA-II on TPC-H databases

SF n
Default RCSA-I RCSA-II Imp (%)
Total

Time (s)

# of

batches

Opt

Time (s)
Total

Time (s)

# of

batches

Opt

Time (s)
Total

Time (s)
RCSA-

I
RCSA-

II

1

32 75.0 2.4 0.6 41.4 2.4 0.3 41.3 44.8 45.0
64 130.9 2.3 0.2 83.1 2.3 0.7 83.1 36.5 36.5
256 306.5 2.6 0.2 182.6 2.8 1.0 182.1 40.4 40.6
512 414.6 1.9 0.2 319.9 2.3 2.1 317.8 22.9 23.4
2048 756.7 2.2 4.3 550.2 2.7 40.1 550.6 27.3 27.2
4096 964.4 2.1 13.1 745.1 2.6 353.3 761.8 22.7 21.0

5

32 453.5 2.1 0.2 268.1 2.1 0.2 272.3 40.9 40.0
64 710.2 2.1 0.1 453.7 2.1 0.2 453.7 36.1 36.1
256 1548.1 2.4 0.4 964.3 2.4 1.1 954.5 37.7 38.3
512 2335.7 2.0 0.4 1822.2 2.0 2.9 1822.2 22.0 22.0
2048 3772.3 2.1 1.9 2835.8 2.4 32.3 2873.4 24.8 23.8
4096 5176.5 2.3 9.4 3751.3 2.6 217.1 3787.3 27.5 26.8

10

32 1120.8 2.1 0.1 702.6 2.1 0.1 703.2 37.3 37.3
64 1638.4 2.3 0.1 969.5 2.3 0.2 969.5 40.8 40.8
256 3259.4 2.4 0.2 2057.7 2.4 1.0 2054.2 36.9 37.0
512 4479.9 2.2 0.4 3192.3 2.2 2.8 3192.3 28.7 28.7
2048 8165.0 2.3 2.6 5484.4 2.5 51.0 5460.7 32.8 33.1
4096 10502.2 2.3 10.1 7505.9 2.3 186.4 7507.4 28.5 28.5

In Table 3, the columns labeled ‘# of batches’ report the number of batches obtained by using
a heuristic; the columns labeled ‘Opt Time (s)’ show the solution time of a heuristic in seconds; the
columns labeled ‘Total Time (s)’ show the total processing time of an instance (in seconds) which
include the solution time of a heuristic (if used any) and the processing time of the prescribed
batches by the model; the column labeled ‘Default’ contains the results for the default setting of
PsiDB, which is a single batch containing all queries; Finally, the columns labeled ‘Imp (%)’ report
the percentage improvement in the total time obtained by using a heuristic to solve the QBP. As
an aside, we note that PsiDB is shown to be faster than processing queries one by one by a factor
of around 30 [6]. Consequently, we do not report any results for processing queries individually.

The last two columns of Table 3 reveal an improvement ranging from 21.0% to 45.0% in the
query processing time, based on the proposed heuristic methods when compared to the default
setting. Another interesting outcome from comparing the results of the two heuristics for large
instances is that their total times are close. This implies that the time that RCSA-II’s solution
saves by a better batching is compromised by the additional time it spends in the optimization
phase. For example, the last row of Table 3 shows that the processing time reduction achieved
by potentially improved batching of RCSA-II can barely compensate the 176.3 seconds of extra
computational time that it needs for optimization compared to RCSA-I.

Figure 5 shows the total time of all instances of the subclasses n = 31 and n = 4096 for different
SF values. In the Figure, white bars, gray bars, and black bars represent the total time (in seconds)
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Figure 5: Total time (in seconds) of all 20 instances of the smallest and largest subclasses on TPC-H databases (white
bars: default setting, gray bars: RCSA-I, black bars: RCSA-II)

17



of the default setting, RCSA-I, and RCSA-II, respectively. Observe that batching the queries using
the proposed heuristics reduces the total time except for the cases in which final recommendation
of the optimization model coincides the default setting (assigning all queries to one single batch).

Table 4 shows the (relative) optimality gap between the objective values reported by the heuris-
tic methods and the global dual bounds reported by CPLEX when solving the exact MBQP for-
mulation, i.e., MBQP(n), on instances with n ≤ 512 over a two-hour time limit. In this table,
the column labelled ‘Exact Opt Time (s)’ shows the solution time of CPLEX for solving the exact
MBQP. Again, numbers reported in this table for each instance subclass are averages over 20 in-
stances. CPLEX was able to solve all instances with n ≤ 256 and most instances with n = 512 to
optimality within the imposed time limit. Among the instances with n = 512, only two, three, and
two of them were not solved to optimality for SF= 1, SF = 5, and SF = 10, respectively. From the
table, we observe that RCSA-II was able to generate an optimal solution for all instances that their
optimal solutions were known, i.e., solved within 2 hours time limit by CPLEX. Even for those few
large instances that CPLEX was not able to prove optimality within 2 hours, the RCSA-II relative
optimality gap from the global dual bound is below 5%. This provide evidences that RCSA-II can
at least provide near optimal solutions for such instances. Note that the optimality gaps of RCSA-I
are similar to the optimality gaps of RCSA-II but slightly worse for instances with n = 512. This
explains the observation that we made earlier about the similarity of the total time of RCSA-I and
RCSA-II for large instances in Table 3.

Table 4: Comparing the quality of the solutions obtained by the proposed heuristics with optimal solutions on the
TPC-H

SF n Exact Opt Time (s) RCSA-I gap (%) RCSA-II gap (%)

1

32 0.4 0.00 0.00
64 1.2 0.00 0.00
256 324.1 0.02 0.00
512 2463.0 2.54 2.45

5

32 0.6 0.00 0.00
64 0.9 0.00 0.00
256 309.3 0.00 0.00
512 2887.8 3.37 3.37

10

32 0.5 0.00 0.00
64 1.0 0.00 0.00
256 392.9 0.00 0.00
512 2143.2 2.14 2.14
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Figure 6: The structure of the TPC-DS database
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5.2. Database Benchmark TPC-DS

In this section, we employ another database benchmark, i.e., TPC-DS [? 28], that consists of
10 tables and 5GB of data for showing the effectiveness of the QBP and our proposed heuristics.
The database describes a retail product supplier. The supporting schema contains vital business
information, such as customer, order, and product data. All the tables in this database and their
relationships are shown in Figure 6. Note that while there were only 17 valid combinations for
involving tables in the TPC-H benchmark, the TPC-DS benchmark involves a significantly larger
number of valid combinations. Specifically, the total number of potential combinations is 210 − 1
but because of the relationships between the tables not all combinations are valid. In this section,
we only select 55 valid combinations and employ them for generating instances. These 55 valid
combinations are obtained based on the suggested scenarios that come with the TPC-DS benchmark
to ensure the generated queries make sense in practice (see the details in [? ]).

We again start by estimating the coefficients of the batch processing time prediction function,
i.e., β. We randomly generate 4,455 data points, i.e., batches of queries. We generate the data
points for the TPC-DS benchmark following a similar procedure that we used for the TPC-H
benchmark. Specifically, the data points are divided over 81 classes, each containing 55 batches,
based on the number of queries that they involve. The number of queries in each class of batches
is again taken from the set {50, 75, 100, . . . , 2050}. For each class, we generate a single scenario for
showing the percentage of the data that should be retrieved as the result of processing a batch.
Each scenario can take a value from the interval (0%, 5%]. For each scenario, we created 55 batches.
Specifically, there are 55 selected valid ways of including tables in (a batch of) queries for the TPC-
DS databases. So, for each one, we randomly generate one batch of queries such that the amount
of data that should be retrieved for it matches its associated scenario.

After creating random batches, we execute them individually and record their associated values
for the dependent and independent variables of linear regression (see Section 4.1). We randomly
pick 70% of data as the training set and use the remaining 30% as the test set. Overall, the results
show an R-squared of around 0.86 (see Table 5) can be obtained by setting,

β = (0.3267, 0.0033, 0.0026, 0.0042, 0.0011, 0.0021, 0.0022, 0.0040, 0.0012, 0.0041,−0.0004, 0.0037).

Observe that β11 is negative and close to zero, i.e., the coefficient corresponding to the ninth
table is negative. This is mainly because of the size of this table (which is small) and the structure
of the database.

Table 5: The statistics of the regression model on the TPC-DS

Training set Test set

R-squared MSE MAPE(%) R-squared MSE MAPE(%)

0.87 0.48 10.46 0.86 0.55 10.43

In order to show the effectiveness of solving the query batching problem on the TPC-DS
database, a total of 120 instances are generated. Similar to what we did for the TPC-H database,
the instances are divided over three classes of S, M, and L (based on their number of queries). Each
class contains two subclasses, each with 20 instances. Table 6 shows the results of the proposed
heuristics on the TPC-DS database. Numbers reported in this table for each instance subclass
are averages over 20 instances. From columns ‘Opt Time(s)’, we observe that the solution time of
our proposed heuristics has increased compared to the previous database, i.e., TPC-H. This can be
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Figure 7: Total time (in seconds) of all 20 instances of different subclasses on the TPC-DS (white bars: default
setting, gray bars: RCSA-I, black bars: RCSA-II)

20



Table 6: Performance of RCSA-I and RCSA-II on the TPS-DS

n
Default RCSA-I RCSA-II Imp (%)
Total

Time (s)

# of

batches

Opt

Time (s)
Total

Time (s)

# of

batches

Opt

Time (s)
Total

Time (s)
RCSA-

I
RCSA-

II
32 19.8 1.7 0.1 13.6 1.7 0.5 14.0 31.2 29.2
64 38.1 1.9 0.1 23.0 1.9 0.4 22.5 39.5 41.0
256 137.4 3.0 0.3 58.8 3.4 61.8 112.3 57.2 18.3
512 399.0 3.2 0.6 181.7 4.5 188.4 306.8 54.4 23.1
2048 4524.8 3.3 4.5 2068.4 5.0 668.3 2019.8 54.3 55.4
4096 18049.2 3.8 27.3 7566.9 4.1 532.1 6889.1 58.1 61.8

because more batches are constructed (on average) using our heuristics on the TPC-DS database as
indicated in columns ‘# of batches’. We also observe from the table that our proposed algorithms
can result in processing time reduction of between 18.3% to 61.8% on average. This is much larger
than the improvement that we observed for the TPC-H and can be because of the structure of
the TPC-DS database. Finally, we observe that RCSA-I and RCSA-II are competitive. In some
subclasses of instances RCSA-I is better and in other subclasses of instances RCSA-II is better.
The main reason that RCSA-I is better than RCSA-II in some cases is that the second phase of
RCSA-II has been very time consuming, as shown in columns ‘Opt Time(s)’. Figure 7 highlights
this observation further because it shows the total time of all instances of all subclasses under
default setting, RCSA-I, and RCSA-II. From the figure, we observe that RCSA-II has performed
poorly for the Class M, i.e., instances with n = 256 and n = 512, which is again because the second
phase of RCSA-II has been time consuming. Note that the imposed time limit for each iteration of
RCSA-I/RCSA-II is 300 seconds in our study. Hence, one can make the results of RCSA-II close
to RCAS-I by significantly decreasing the time limit imposed on each iteration of the second phase
of RCSA-II.

Table 7: Comparing the quality of the solutions obtained by the proposed heuristics with optimal solutions on the
TPC-DS

n Exact Opt Time (s) RCSA-I gap (%) RCSA-II gap (%)
32 9.8 0.24 0
64 1144.3 4.53 3.84

Table 7 shows the (relative) optimality gap between the objective values reported by the heuris-
tic methods and the global dual bounds reported by CPLEX when solving the exact MBQP for-
mulation, i.e., MBQP(n), on instances with n ≤ 64 over a two-hour time limit. Note that we did
not report any result for larger instances, e.g., instances with n = 256 or n = 512, because CPLEX
was unable to handle them as their optimality gap was close to 100% in 2 hours (and even hours
beyond that). This observation is not surprising because as we mentioned earlier, even the second
phase of RCSA-II was very time consuming for instances with n = 256 or n = 512. We note that
in Table 7, 39 out of 40 instances were optimally solved within two hours using CPLEX and the
optimality gap of only one instance was 46.53% after two hours. With this mind, we observe that
both RCSA-I and RCSA-II have performed well on generating optimal solutions. Specifically, the
optimality gap of RCSA-II is zero for all 39 instances (that we know an optimal solution) and only
for one instance is non-zero.
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Figure 8: The structure of the JOB database
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5.3. Database Benchmark JOB

The last benchmark we use to test the effectiveness of the QBP and our proposed heuristics
is the Join-Order Benchmark (JOB) [15]. JOB is a fixed-sized database with almost 4GB of data
which is created based on the well-known Internet Movie Database (IMDB). It contains detailed
information about movies and related facts about actors, directors, production companies, etc. This
database contains 23 tables, and relations among them. All the tables in this database and their
relationships are shown in Figure 8. Again note that while there were only 17 valid combinations
for involving tables in the TPC-H benchmark, the JOB benchmark involves a significantly larger
number of valid combinations. Specifically, the total number of potential combinations is 223 − 1
but because of the relationships between the tables not all combinations are valid. In this section,
we only select 165 valid combinations and employ them for generating instances. These 165 valid
combinations are obtained based on the suggested scenarios that come with the JOB benchmark
to ensure the generated queries make sense in practice (see the details in [15]).

Table 8: Performance of RCSA-I and RCSA-II on the JOB

n
Default RCSA-I RCSA-II Imp (%)
Total

Time (s)

# of

batches

Opt

Time (s)
Total

Time (s)

# of

batches

Opt

Time (s)
Total

Time (s)
RCSA-

I
RCSA-

II
32 145.1 2.4 0.2 115.3 1.9 0.3 111.2 20.6 23.3
64 325.4 2.2 0.1 263.9 1.9 0.3 257.4 18.9 20.9
256 1031.0 2.4 0.3 836.5 2.2 1.0 805.7 18.9 21.8
512 1757.6 1.9 0.4 1408.3 1.7 2.8 1377.0 19.9 21.7
2048 3694.3 1.8 1.6 3094.9 1.8 74.5 3083.2 16.2 16.5
4096 4502.8 2.3 14.6 3394.0 2.1 293.8 3765.2 24.6 16.4

Again, we first start by estimating the coefficients of the batch processing time prediction
function, i.e., β. We randomly generate 13,365 data points, i.e., batches of queries. We generate
the data points for the JOB benchmark following a similar procedure that we used for the TPC-H
benchmark. Specifically, the data points are divided over 81 classes, each containing 165 batches,
based on the number of queries that they involve. The number of queries in each class of batches
is again taken from the set {50, 75, 100, . . . , 2050}. For each class, we generate a single scenario for
showing the percentage of the data that should be retrieved as the result of processing a batch.
Each scenario can take a value from the interval (0%, 5%]. For each scenario, we created 165
batches. Specifically, there are 165 selected valid ways of including tables in (a batch of) queries
for the JOB databases. So, for each one, we randomly generate one batch of queries such that the
amount of data that should be retrieved for it matches its associated scenario.

After creating random batches, we execute them individually and record their associated values
for the dependent and independent variables of linear regression (see Section 4.1). We randomly
pick 70% of data as the training set and use the remaining 30% as the test set. Overall, the results
show an R-squared of around 0.98 (see Table 9) can be obtained by setting,

β = (2.3028, 0.0004, 0.0278, 0.3033, 0.2566, 0.2659, 0.2682, 0.2899, 0.2718, 0.2552,

0.2516, 0.2580, 0.2620, 0.2466, 0.2462, 0.2602, 0.2625, 0.2661, 0.2879, 0.3121,

0.3717, 0.3307, 0.3476, 0.2571, 0.2639).

In order to show the effectiveness of solving the query batching problem on the JOB database, a
total of 120 instances are generated. Similar to what we did for TPC-H database, the instances are
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Table 9: The statistics of the regression model on the JOB

Training set Test set

R-squared MSE MAPE(%) R-squared MSE MAPE(%)

0.98 0.04 2.18 0.98 0.04 2.17

60

80

100

120

140

160

180

200

220

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

(a) n = 32

150

200

250

300

350

400

450

500

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

(b) n = 64

400

500

600

700

800

900

1000

1100

1200

1300

1400

1500

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

(c) n = 256

1000

1200

1400

1600

1800

2000

2200

2400

2600

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

(d) n = 512

1500

2000

2500

3000

3500

4000

4500

5000

5500

6000

6500

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

(e) n = 2048

2000

2500

3000

3500

4000

4500

5000

5500

6000

6500

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

(f) n = 4096

Figure 9: Total time (in seconds) of all 20 instances of different subclasses on the JOB (white bars: default setting,
gray bars: RCSA-I, black bars: RCSA-II)
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divided over three classes of S, M, and L (based on their number of queries). Each class contains
two subclasses, each with 20 instances. Table 8 shows the results of the proposed heuristics on
the JOB database. Numbers reported in this table for each instance subclass are averages over 20
instances. The last two columns demonstrate that the proposed heuristics reduce the total time
up to 24.6%. Observe that since the JOB database contains more tables compared to the TPC-H
and TPC-DS databases, the difference between the performances of RCSA-I and RCSA-II is more
noticeable. Although, RCSA-II performs better in small instances (in terms of the total time),
RCSA-I outperforms RCSA-II by around 8.2% for the largest subclass of instances. This can be
mainly because of the significant increase in the optimization time of RCSA-II. Figure 9 highlights
this observation further because (similar to Figure 5) it shows the total time of all instances of all
subclasses under default setting, RCSA-I, and RCSA-II. Another interesting point from Table 8 is
that, unlike the TPC-H databases, the number of batches for RCSA-II is smaller than the number
of batches for RCSA-I. That is, RCSA-II sometimes assigns queries requiring the same table(s) to
different batches, which can potentially result in a smaller number of batches.

Table 10 shows the (relative) optimality gap between the objective values reported by the
heuristic methods and the global dual bounds reported by CPLEX when solving the exact MBQP
formulation on instances with n ≤ 256 over a two-hour time limit. CPLEX was able to solve all
instances with n = 32 and most instances with n = 64 and n = 256 to optimality within the
imposed time limit. Among the instances with n = 64, only 2 instances and among the instances
with n = 256, 8 instances were not solved to optimality. From the table, we observe that both
RCSA-I and RCSA-II performed similarly. They were both able to generate an optimal solution
for all instances that their optimal solutions were known, i.e., solved within 2 hours time limit
by CPLEX. Even for those few large instances that CPLEX was not able to prove the optimality
within 2 hours, both heuristics relative optimality gap from the global dual bound is below 11%,
while their required computational time is a small fraction of the time required by CPLEX.

Table 10: Comparing the quality of the solutions obtained by the proposed heuristics with optimal solutions on the
JOB

n Exact Opt Time (s) RCSA-I gap (%) RCSA-II gap (%)
32 5.9 0.00 0.00
64 726.9 0.93 0.93
256 3938.2 10.10 10.10

6. Final Remarks

In this paper, for the first time (to the best of our knowledge), we studied the query batching
problem. This problem aims at partitioning a given set of queries into some batches before retrieving
them from a database system in order to minimize the total retrieving/processing time. This
optimization problem is challenging because predicting the time required for processing a given
batch of queries is not a trivial task. We developed a generic three-phase approach for solving
the problem for any given database system. In the first phase, using a quadratic function, our
approach attempts to predict the processing time of any batch of queries for the given database. In
the second phase, our approach uses the obtained quadratic function and develops a mixed binary
quadratic programming formulation for the query batching problem accordingly. Finally, in the
last phase, our proposed approach uses two custom-built heuristic approaches, i.e., RCSA-I and
RCSA-II, to quickly solve the obtained formulation in practice. We tested our proposed approach
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on three well-known database benchmarks by conducing a comprehensive computational study.
The results showed that a reduction of up to 61.8% is achievable for the total processing times in
the database benchmarks when employing our proposed approach.

We hope that the simplicity, versatility, and performance of our proposed approach encour-
age practitioners/researchers to consider employing/developing effective query batching optimizers.
There are several future research directions that can be considered for this study. One direction
can be developing better exact or heuristic solution approaches for solving instances with larger
number of queries. Alternatively, developing effective machine learning methods for predicting the
outcome, i.e., an optimal solution, of the proposed mixed binary quadratic program can be an in-
teresting research direction too. Another research direction can be developing some theories and/or
methodologies for identifying an optimal amount of time that one should wait to accumulate queries
before starting to solve the query batching problem.
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Appendix: Proof of Theorem 1

Theorem 1. The query batching problem when employing the proposed processing time prediction
function (1) is NP-hard.

Proof. In order to prove that the QBP is NP-hard, it is sufficient to show that its corresponding
decision problem, QBP, is NP-complete. Note that QBP is obviously in NP and an instance of QBP

can be shown by

[m,n,U, β0, β1, β2 log2(s1), . . . , βm+1 log2(sm), Q1, . . . , Qm].

In the remaining, we show that Partition-Problem is polynomially reducible to QBP, where
Partition-Problem is defined as follows: given a set {c1, . . . , cm′} of positive integers, does there
exist a subset A ⊆ {1, . . . ,m′} such that∑

i∈A
ci =

∑
i∈A\{1,...,m′}

ci.

Observe that an integer programming formulation for Partition-Problem can be stated as
follows (the second constraint is redundant but we keep it for the sake of the proof),

−
∑m′

i=1 ci
2

+

m′∑
i=1

cixi = 0

−
∑m′

i=1 ci
2

+

m′∑
i=1

ci(1− xi) = 0

xi ∈ {0, 1} ∀i ∈ {1, 2, . . . ,m′}
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Now, given an arbitrary instance of Partition-Problem, denoted by [m′, c1, . . . , cm′ ], we con-
struct an instance of QBP by setting,

• m = n = k = m′

• U = 0

• β0 = −
∑m′

t=1 ct
2

• β1 = 0

• βt+1log(st) = ct for all t ∈ {1, . . . ,m′}

• Qt = {t} for all t ∈ {1, . . . ,m′}

Observe that the created instance of QBP is valid in a sense that it can be constructed in polyno-
mial time and each of its queries involves at least one table. Now, we show that an instance of
Partition-Problem, [m′, c1, . . . , cm′ ], is a Yes-instance if an only if its corresponding QBP instance is
a Yes-instance. For doing so, we use the formulation proposed for QBP, i.e., MBQP(k), and we show
that when we plug the constructed instance into it, the formulation will be simplified/equivalent
to the formulation of Partition-Problem.

In light of the above, observe that because β1 = 0 and nj =
∑n

i=1 xij , the formulation of QBP

can be simplified to,

k∑
j=1

[
β0zj +

∑
t∈T

βt+1 log2(st)yjt
]2 ≤ U

k∑
j=1

xij = 1 ∀i ∈ {1, 2, . . . , n}

xij ≤ yjt ∀t ∈ T, ∀j ∈ {1, 2, . . . , k}, ∀i ∈ Qt

yjt ≤ zj ∀t ∈ T, ∀j ∈ {1, 2, . . . , k}

yjt ≤
∑
i∈Qt

xij ∀j ∈ {1, 2, . . . , k}, ∀t ∈ T

zj ≤
n∑

i=1

xij ∀j ∈ {1, 2, . . . , k}

xij , yjt, zj ∈ {0, 1} ∀j ∈ {1, 2, . . . , k}, ∀i ∈ {1, . . . , n}, ∀t ∈ T.

Moreover, since Qt = {t} for all t ∈ {1, . . . ,m′} the term
∑

i∈Qt
xij is equivalent to xtj . So, the

formulation can be simplified to,

k∑
j=1

[
β0zj +

∑
t∈T

βt+1 log2(st)yjt
]2 ≤ U

k∑
j=1

xij = 1 ∀i ∈ {1, 2, . . . , n}
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xtj ≤ yjt ∀t ∈ T, ∀j ∈ {1, 2, . . . , k}
yjt ≤ zj ∀t ∈ T, ∀j ∈ {1, 2, . . . , k}
yjt ≤ xtj ∀j ∈ {1, 2, . . . , k}, ∀t ∈ T

zj ≤
n∑

i=1

xij ∀j ∈ {1, 2, . . . , k}

xij , yjt, zj ∈ {0, 1} ∀j ∈ {1, 2, . . . , k}, ∀i ∈ {1, . . . , n}, ∀t ∈ T.

The formulation can be simplified further to,

k∑
j=1

[
β0zj +

∑
t∈T

βt+1 log2(st)yjt
]2 ≤ U

k∑
j=1

xij = 1 ∀i ∈ {1, 2, . . . , n}

xtj = yjt ∀t ∈ T, ∀j ∈ {1, 2, . . . , k}
yjt ≤ zj ∀t ∈ T, ∀j ∈ {1, 2, . . . , k}

zj ≤
n∑

i=1

xij ∀j ∈ {1, 2, . . . , k}

xij , yjt, zj ∈ {0, 1} ∀j ∈ {1, 2, . . . , k}, ∀i ∈ {1, . . . , n}, ∀t ∈ T.

Consequently, the decision variable yjt can be replaced by xtj since m = n = m′. So, the formulation
can be simplified further to,

m′∑
j=1

[
β0zj +

m′∑
i=1

βi+1 log2(si)xij
]2 ≤ U

m′∑
j=1

xij = 1 ∀i ∈ {1, 2, . . . ,m′}

xij ≤ zj ∀i ∈ {1, . . . ,m′}, ∀j ∈ {1, 2, . . . ,m′}

zj ≤
m′∑
i=1

xij ∀j ∈ {1, 2, . . . ,m′}

xij , zj ∈ {0, 1} ∀i ∈ {1, . . . ,m′}, ∀j ∈ {1, 2, . . . ,m′}.

Now, since U = 0, β0 = −
∑m′

t=1 ct
2 , and βt+1log(st) = ct for all t ∈ {1, . . . ,m′}, the formulation can

be rewritten as,

m′∑
j=1

[
−
∑m′

i=1 ci
2

zj +

m′∑
i=1

cixij
]2 ≤ 0

m′∑
j=1

xij = 1 ∀i ∈ {1, 2, . . . ,m′}
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xij ≤ zj ∀i ∈ {1, . . . ,m′}, ∀j ∈ {1, 2, . . . ,m′}

zj ≤
m′∑
i=1

xij ∀j ∈ {1, 2, . . . ,m′}

xij , zj ∈ {0, 1} ∀i ∈ {1, . . . ,m′}, ∀j ∈ {1, 2, . . . ,m′}.

Since the sum of squares is not positive, each square must be zero. So, the formulation can be
simplified to,

−
∑m′

i=1 ci
2

zj +
m′∑
i=1

cixij = 0 ∀j ∈ {1, 2, . . . ,m′} (15)

m′∑
j=1

xij = 1 ∀i ∈ {1, 2, . . . ,m′} (16)

xij ≤ zj ∀i ∈ {1, . . . ,m′}, ∀j ∈ {1, 2, . . . ,m′} (17)

zj ≤
m′∑
i=1

xij ∀j ∈ {1, 2, . . . ,m′} (18)

xij , zj ∈ {0, 1} ∀i ∈ {1, . . . ,m′}, ∀j ∈ {1, 2, . . . ,m′}. (19)

Observe that Constraints (17) and (18) guarantee that zj = 1 if and only if
∑m′

i=1 xij > 0. This

combined with Constraint (15) ensure that for any j ∈ {1, . . . ,m′},
∑m′

i=1 cixij =
∑m′

i=1 ci
2 if and

only if zj = 1 (or
∑m′

i=1 xij > 0). This itself combined with Constraint (16), which is defined for
partitioning the set of queries, guarantee that (if the instance is feasible then) there will be exactly

two batches j, j′ ∈ {1, . . . ,m′} with j 6= j′ such that
∑m′

i=1 cixij =
∑m′

i=1 ci
2 and

∑m′

i=1 cixij′ =
∑m′

i=1 ci
2 .

Note that the remaining batches must be empty since by assumptions c1, . . . , cm′ > 0. So, the
above formulation is equivalent to,

−
∑m′

i=1 ci
2

+

m′∑
i=1

cixij = 0 ∀j ∈ {1, 2}

2∑
j=1

xij = 1 ∀i ∈ {1, 2, . . . ,m′}

xij ∈ {0, 1} ∀i ∈ {1, 2, . . . ,m′}, ∀j ∈ {1, 2}

This itself is equivalent to,

−
∑m′

i=1 ci
2

+

m′∑
i=1

cixi = 0

−
∑m′

i=1 ci
2

+

m′∑
i=1

ci(1− xi) = 0

xi ∈ {0, 1} ∀i ∈ {1, 2, . . . ,m′}
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This is precisely an integer programming formulation of Partition-Problem. Therefore, the result
follows.
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