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Message from the Chairs

It is our pleasure to present to you, on behalf of the entire conference organizing committee and the
workshop organizers, the proceedings of the Workshops of the EDBT/ICDT 2015 Joint Conference,
held on March 27, 2015, in Brussels, Belgium.

The International Conference on Extending Database Technology (EDBT) and the International
Conference on Database Theory (ICDT) are two prestigious venues for the exchange of the latest
research results in data management and the theoretical foundations of database systems. While
having the same overarching goal of presenting cutting-edge results, ideas, techniques, and theoreti-
cal advances in databases, the workshops of the EDBT/ICDT joint conference are separately tasked
by focusing on emerging topics that complement the areas covered by the main technical program.

This year, our program includes workshops focusing on seven exciting topics:

� Algorithms for MapReduce and Beyond (BeyondMR), aiming to explore algorithms and models
computational for the specialized systems that have recently been developed to serve the needs
of \big data",

� Data (Co-)Processing on Heterogeneous Hardware (DAPHNE), investigating challenges and
opportunities for data processing on existing and upcoming heterogeneous hardware architec-
tures, ranging from multi-core CPUs to massively parallel accelerators, heterogeneous mobile
phone processors to FPGAs,

� Energy Data Management (EnDM), focusing on conceptual and system architecture issues
related to the management of very large-scale data sets speci�cally in the context of the
energy domain,

� Event Processing, Forecasting and Decision-Making in the Big Data Era (EPForDM), bringing
together computer scientists with interests in the �elds of event processing, event forecasting
and event-driven decision-making to present recent innovations, �nd topics of common interest
and stimulate further development of new approaches to make sense of Big Data.

� Querying Graph Structured Data (GraphQ), which aims to encourage discussions on how to
e�ciently and e�ectively support graph queries in di�erent application domains and seeks
to provide the opportunity for cross-fertilization among teams working on graph-structured
data, with a particular focus on the querying issues.

� Linked Web Data Management (LWDM), aiming at stimulating participants to discuss about
data management issues related to the Linked Data and the relationships with other Semantic
Web technologies, and proposes a glance at new issues,

� Privacy and Anonymity in the Information Society (PAIS), which provides a platform for
researchers and practitioners from computer science and other �elds that are interacting with
computer science in the privacy area, such as statistics, healthcare informatics, and law, to
discuss and present research challenges and advances in data privacy and anonymity research.
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This broad range of inciting workshops would not have been possible without the contributions
and the support which we have received. First of all, we would like to thank all workshop organizers
who have put together a highly interesting program as well as to all authors who submitted their
works to the workshops. We specially thank the authors of the accepted papers and the invited
speakers who presented their works in the workshops program. Needless to say, we are grateful to
the members of the workshop program committees and external reviewers who have helped to put
together a high-quality workshops program and we would like to acknowledge the conference orga-
nizers for their invaluable help at various stages of the process. We would also to thank the editors
of the CEUR Workshop Proceedings (CEUR-WS.org) who have agreed to host these proceedings
as well as ACM who are indexing them.

Sincerely,
Peter M. Fischer, Workshops Chair
Gustavo Alonso, EDBT Program Chair
Marcelo Arenas, ICDT Program Chair
Floris Geerts, General Chair

iv



Algorithms for MapReduce and Beyond
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Jedi: A Storage Manager for SIMD-aware, Worst-case
Optimal Join Processing

Christopher Ré,
Stanford University

ABSTRACT
This talk describes a new graph-pattern engine called Jedi.
Using a recent simplification of worst-case optimal join al-
gorithms due to Ngo et al., Jedi translates join queries into
a series of set intersection and union operations. Such set
operations are ideally suited to modern CPUs that provides
single-instruction, multiple data (SIMD) instructions. Using
these ideas, we demonstrate that Jedi outperforms special-
ized graph engines by over an order of magnitude and rela-
tional systems by over two orders of magnitude on standard
graph processing queries over real data.

Short Bio
Christopher (Chris) Re is an assistant professor in the De-
partment of Computer Science at Stanford University and
a Robert N. Noyce Family Faculty Scholar. His work’s goal
is to enable users and developers to build applications that
more deeply understand and exploit data. Chris received
his PhD from the University of Washington in Seattle under
the supervision of Dan Suciu. For his PhD work in proba-
bilistic data management, Chris received the SIGMOD 2010
Jim Gray Dissertation Award. He then spent four wonderful
years on the faculty of the University of Wisconsin, Madison,
before moving to Stanford in 2013. He helped discover the
first join algorithm with worst-case optimal running time,
which won the best paper at PODS 2012. He also helped
develop a framework for feature engineering that won the
best paper at SIGMOD 2014. In addition, work from his
group has been incorporated into scientific efforts including
the IceCube neutrino detector and PaleoDeepDive, and into
Cloudera’s Impala and products from Oracle, Pivotal, and
Microsoft’s Adam. He received an NSF CAREER Award in
2011, an Alfred P. Sloan Fellowship in 2013, and a Moore
Data Driven Investigator Award in 2014.

c©2015, Copyright is with the authors. Published in the Workshop Proceed-
ings of the EDBT/ICDT 2015 Joint Conference (March 27, 2015, Brussels,
Belgium) on CEUR-WS.org (ISSN 1613-0073). Distribution of this paper
is permitted under the terms of the Creative Commons license CC-by-nc-nd
4.0
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Bounds for Overlapping Interval Join on MapReduce
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National Technical University
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ABSTRACT
We consider the problem of 2-way interval join, where we want to
find all pairs of overlapping intervals, i.e., intervals that share at
least one point in common. We present lower and upper bounds
on the replication rate for this problem when it is implemented in
MapReduce. We study three cases, where intervals in the input
are: (i) unit-length and equally-spaced, (ii) variable-length and
equally-spaced, and (iii) equally-spaced with specific distribution
of the various lengths. Our algorithms offer intuition as how to
build algorithms for other cases, especially when we have some
statistical knowledge about the distribution of the lengths of the
intervals. E.g., if mostly large intervals interact with small intervals
and not within themselves, then we believe our techniques can be
extended to achieve better replication rate.

1. INTRODUCTION
MapReduce [3] is a programming model used for parallel
processing of large-scale data. A mapper is an application of a
(user-defined) map function to a single input and provides outputs
in the form of 〈key , value〉 pairs. A reducer is an application of
a (user-defined) reduce function to a single key and its associated
list of values. The reducer capacity — an important parameter —
is an upper bound on the sum of the total number of inputs that are
assigned to the reducer. We denote the capacity of a reducer by q,
and all the reducers have an identical capacity. Interval join using
MapReduce was introduced by Chawda et al. [2].
Example: Employees involved in the phases of a project.
We show an example to illustrate temporal relations (a relation
that stores data involving timestamps), intervals, and the

∗Supported by the project Handling Uncertainty in Data Intensive
Applications, co-financed by the European Union (European Social
Fund) and Greek national funds, through the Operational Program
“Education and Lifelong Learning,” under the program THALES
†Supported by the Rita Altura Trust Chair in Computer Sciences,
Lynne and William Frankel Center for Computer Sciences, Israel
Science Foundation (grant 428/11), the Israeli Internet Association,
and the Ministry of Science and Technology, Infrastructure
Research in the Field of Advanced Computing and Cyber Security.

c©2015, Copyright is with the authors. Published in the Workshop
Proceedings of the EDBT/ICDT 2015 Joint Conference (March 27, 2015,
Brussels, Belgium) on CEUR-WS.org (ISSN 1613-0073). Distribution of
this paper is permitted under the terms of the Creative Commons license
CC-by-nc-nd 4.0
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Figure 1: Two temporal relations (Project(Phase, Duration) and
Employee(EmpId , Name, Duration)) and their representation
on a time diagram.

need for interval join of overlapping intervals. Consider
two (temporal) relations (i) Project(Phase, Duration) that
includes several phases of a project with their durations, and
(ii) Employee(EmpId , Name, Duration) that shows data of
employees according to their involvement in the project’s phases
and their durations; see Figure 1. Here, the duration of a phase or
the duration of an employee’s involvement in a phase is given by an
interval. It is interesting to find all the employee that are involved
in a phase of the project. Formally, a query: find the name of all
employees who worked in a phase of the project; requires us to join
the relations to find all overlapping intervals of the relations. For
example, the answer to the query includes employees U with id e1,
W with id e3, X with id e4, and Y with id e5 are involved in RA
phase the project.
Problem Statement. We consider the problem of interval join of
overlapping intervals, where two relations X and Y are given. Each
relation contains binary tuples that represent intervals, i.e., each
tuple corresponds to an interval and contains the starting point and
ending point of this interval. Each pair of intervals 〈xi, yj〉, where
xi ∈ X and yj ∈ Y , ∀i, j, such that intervals xi and yj share at
least one common time, corresponds to an output.

A MapReduce job can be described by a mapping schema.
A mapping schema, for this problem, assigns each interval to
a number of reducers (via the formation of key-value pairs) so
that (i) for each output (i.e., pair of overlapping intervals), there
exists a reducer that receives the corresponding pair of overlapping
intervals that participate in the computation of this output and (ii)
each reducer has a capacity (denoted by q hereon) that constraints
the total number of intervals assigned to this reducer. The
replication rate of a mapping schema is the average number of
key-value pairs for each interval and is a significant performance
parameter in a MapReduce job. We analyze here lower and upper
bounds on the replication rate for the problem of overlapping
intervals.
Our Contribution. We provide lower and almost matching
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upper bounds for three cases: (i) unit-length and equally-spaced
(Section 3), (ii) variable-length and equally-spaced, and (iii)
equally-spaced with specific distribution of the various lengths
(Section 4.1). In the third case, we assume that one set contains
only small intervals and the other set only large intervals. We
offer an algorithmic simple technique that takes advantage of this
knowledge to build an algorithm that improves the replication rate
of the second case above.
Related Work. Several types of join operations and a detailed
review of join algorithms for temporal relations are given in [4].
MapReduce-based 2-way and multiway interval join algorithms
of overlapping intervals without regarding the reducer capacity
are presented in [2]. However, the analysis of a lower bound on
replication of individual intervals is not presented; neither is an
analysis of the replication rate of the algorithms offered therein.

2. THE SETTING
A (time) interval, i, is represented by a pair of times [T i

s , T i
e ], T i

s <
T i

e , where T i
s and T i

e show the starting-point and the ending-point
of the interval i, respectively. T i

s - T i
e is the length of the interval i.

Two intervals, say interval i and interval j are called overlapping
intervals if the intersection of both the interval is nonempty.
Mapping Schema. A mapping schema is an assignment of
overlapping intervals to some given reducers under the following
two constraints: (i) a reducer is assigned only q intervals, and (ii)
for each output, we must assign the corresponding intervals to at
least one reducer in common.
Replication rate, r: The replication rate [1] is the average number
of key-value pairs created for an interval.

3. UNIT-LENGTH AND
EQUALLY-SPACED INTERVALS

Two relations X and Y , each of n unit-length intervals are given.
We assume that all the intervals have their starting-points in a
closed interval [0, k], i.e., there is no interval that starts before 0
or after k. Thus, the space between every two successive intervals
is k

n
< 1� k. In other words, the first interval starts at time 0, the

second interval starts at time k
n

, the third interval starts at time 2k
n

,
and the last nth interval starts at time k − k

n
; see Figure 2.

The output we want to produce is a set of all pairs of intervals
such that one interval overlaps with the other interval in the pair.
The problem is not really interesting if all these intervals exist on
the input. The real assumption is that some fraction of them exist,
and the reducer capacity q is selected so that the expected number
of inputs that actually arrive at a given reducer is within the desired
limits, e.g., no more than what can be processed in main memory.
In addition, the case of unit-length and equally-spaced interval is
not realistic, but is explored because it gives us an idea of what
optimal algorithms for more general and more realistic cases would
look like.

A solution to the problem of interval join of overlapping
unit-length and equally-spaced intervals is a mapping schema that
assigns each interval of the relation X with all its overlapping
intervals of the relation Y to at least one reducer in common,
without exceeding q. Since every two consecutive intervals have
an equal space ( k

n
), an interval xi ∈ X overlaps with at least

2b1/ k
n
c + 1 = 2bn

k
c + 1 intervals of Y , where at least

⌊
n
k

⌋

intervals of the relation Y have their ending-points between the
starting-point and the ending-point of xi, at least

⌊
n
k

⌋
intervals of

the relation Y have their starting-points between the starting-point
and the ending-point of xi, and an interval yi ∈ Y that have
identical end-points as xi (this inequality does not true for the

0   0.25 0.50 0.75  1    1.25 1.5  1.75  2    2.25

X

Y

Figure 2: An example of unit-length and equally-spaced intervals,
where n = 9 and k = 2.25.

intervals that have starting-points before 1 and after k − 1). In
this section, we will show a lower bound on the replication rate
for interval join of overlapping unit-length and equally-spaced
intervals. After that, we provide an algorithm, its correctness, and
an upper bound on the replication rate obtained by the algorithm.

Theorem 1 (Minimum replication rate) For two relations, X
and Y , of unit-length and equally-spaced intervals, the minimum
replication of an interval, for joining each interval of the relation
X with all its overlapping intervals of the relation Y , is (i) at
least 2 when 2n > q ≥ 2

⌊
n
k

⌋
+ 2, and (ii) at least 2

q

⌊
n
k

⌋
when

2 < q < 2
⌊

n
k

⌋
+ 2, where each relation holds n intervals, q is the

reducer capacity, and k denotes that the starting points of intervals
are in [0, k].

PROOF. First, we consider the case of 2n > q ≥ 2
⌊

n
k

⌋
+ 2.

When q ≥ 2n, a single reducer is enough to hold all the intervals
of both the relations, and hence, the reducer is able to provide
all output pairs (of interval join of overlapping intervals). When
2
⌊

n
k

⌋
+ 1 < q < 2n, a single reducer may hold an interval i ∈ X

and all its 2
⌊

n
k

⌋
+ 1 corresponding overlapping intervals of the

relation Y , and such a reducer is enough to provide all-pairs of
the interval i with its overlapping intervals. However, at the same
time, there must be at least a single interval, say interval j, that is
assigned to the same reducer where the interval i is assigned, but
the interval j is not assigned with all its corresponding overlapping
intervals. Hence, the interval j must be assigned to at least one
more reducer to be coupled with all its 2

⌊
n
k

⌋
+ 1 overlapping

intervals. Therefore, the minimum replication of an interval is at
least 2.

Now, we consider the case of 2 < q < 2
⌊

n
k

⌋
+ 2. Consider

an interval i. Since the interval i has at least 2
⌊

n
k

⌋
+ 1 overlapping

intervals, all these (2
⌊

n
k

⌋
+ 2) intervals cannot be assigned to a

single reducer. The interval i can share a reducer with at most q−1
(< 2

⌊
n
k

⌋
+ 1) intervals (of the relation Y ). In order to assign the

interval i with all the remaining overlapping intervals, it is required
to assign subsets of the 2

⌊
n
k

⌋
+1 intervals, each subset with at most

q−1 intervals. Such an assignment results in at least 2
⌊

n
k

⌋
+1/q−1

subsets of 2
⌊

n
k

⌋
+1 overlapping intervals. Thus, the interval i must

be sent to at least 2
⌊

n
k

⌋
+ 1/q − 1 > 2

q

⌊
n
k

⌋
reducers.

Algorithm 1. We propose an algorithm for interval join of
overlapping intervals, where two relations X and Y (each is of n
intervals of unit-length and equally-spaced) are inputs. Recall that
it is expected that not all possible intervals are present.

We divide the time-range from 0 to k into equal-sized partition
of length w = q−c

3dn/ke , where c =
⌈

n
k

⌉
+ 2. Consider that

by partitioning of the time-range, we have P partitions. We now
arrange P reducers, one for each partition. We consider a partition
pi, 1 ≤ i ≤ P , and assign all the intervals of the relation X
that exist in the partition pi to the ith reducer. In addition, we
assign all the intervals of the relation Y that have their starting or
ending-point in the partition pi to the ith reducer.
Explaining pseudocode of Algorithm 1. A mapper takes an
interval xi ∈ X (line 2) and produces 〈key , value〉 pairs (line 4).
The key represents a partition where the interval xi exists and the

4



Cases Solutions Theorems Replication rate
The lower bounds

Unit-length and
equally-spaced intervals

1 2 or 2
q

⌊
n
k

⌋

Variable-length and
equally-spaced intervals

3 2 or 2
q

⌊ lmin
s

⌋

The upper bounds
Unit-length and
equally-spaced intervals

Algorithm 1 5 3
qT −S

S
2

Variable length and
equally-spaced (big-small)
intervals

Algorithm 2 5 3
qT −S

S
2

Variable length
(different-length) and
equally-spaced intervals

Algorithms 3 and 4 5 3
qT −S

S
2

Table 1: The bounds for interval joins of overlapping intervals.

Algorithm 1: 2-way interval join algorithm for overlapping
intervals of unit-length and equally-spaced intervals.
Inputs: X and Y : two relations, each is of n intervals.
Variables: k: A point on the timeline after that no interval can
have a starting-point; w: The length of a partition w = q−c

3dn/ke ,
where c =

⌈
n
k

⌉
+ 2; P : The total number of partitions and

reducers.
1 Partition the time-range into P partitions, each of length w
2 Function Map_for_X (xi ∈ X ) begin
3 z ← count_partitions(xi)
4 for j ← 1 to z do emit〈j, xi〉 ;

5 Function Map_for_Y (yi ∈ Y ) begin
6 sp← starting_points(yi), ep← ending_points(yi)
7 emit〈sp, yi〉, emit〈ep, yi〉
8 Function reduce(〈key , list_of _values[]〉) begin
9 for j ← 1 to P do

10 Reducer i is having
〈i, list_of _values[xa, xb, . . . , ya, yb, . . .]〉

11 Perform interval join over overlapping intervals

12 Function count_partitions(xi) begin
c← Count the total number of partitions that xi crosses
return c

total number of 〈key , value〉 pairs for the interval xi depends on
the total number of partitions that the interval xi crosses, by calling
function count_partitions() (lines 3 and 12). Also, a mapper
processes an interval yi ∈ Y (line 5) and produces at most two
〈key , value〉 pairs (line 7), where the first pair and the second pair
are corresponding to a partition where yi has the starting-point and
the ending-point, respectively (line 6). The value represents the
interval xi or yi itself. In the reduce phase, a reducer i fetches all
the intervals of the relations X and Y that have a key i (line 10)
and provides the final outputs, line 11.

Theorem 2 (Algorithm correctness) Let c =
⌈

n
k

⌉
+2 and let q =

3w
⌈

n
k

⌉
+c, Algorithm 1 assigns each pair of overlapping intervals

to at least one reducer in common, where each relation, X and
Y , holds n intervals, q is the reducer capacity, k denotes that the
starting points of intervals are in [0, k], and w is the length of a
partition.

PROOF. Since every two successive intervals have k
n

spacing,
an interval i ∈ X can overlap with at most 2

⌈
n
k

⌉
intervals of the

relation Y . First, we consider w < 1; in a partition, p of length
w, an interval i can overlap with at most 2w

⌈
n
k

⌉
intervals of the

relation Y . Note that there are at most w
⌈

n
k

⌉
intervals (of the

relation X) that have their starting-points after the starting-point

of the interval i in the partition p, and we called these intervals
post-intervals of the interval i. Also, there are at most c =

⌈
n
k

⌉

intervals (of the relation X) that have either their ending-points
in the partition p or cross the partition p; we call these intervals
pre-intervals of the interval i.

Thus, for w < 1, q = 3
⌈

n
k

⌉
+ c, we can assign the interval

i, post-intervals of i that lie in the partition p, and pre-intervals of
i that lie in partition p at a single reducer. Such an assignment
occupies w

⌈
n
k

⌉
+ c − 1 capacity of the reducer. The remaining

capacity, 2w
⌈

n
k

⌉
+ 1, of the reducer is used to assign all 2w

⌈
n
k

⌉

overlapping intervals of the interval i and an interval, i′ ∈ Y
that have an identical starting-point as the interval i. (Note that
i′ is an overlapping interval for some of the pre-intervals and the
post-intervals of i.) Thus, the interval i is assigned to a reducer with
all its 2w

⌈
n
k

⌉
overlapping intervals of the relation Y . Further, the

interval i will also be paired with all its remaining 2
⌈

n
k

⌉
− 2w

⌈
n
k

⌉

overlapping intervals at some reducers.
Now, we consider w ≥ 1. In this case, for a partition p,

there must be an interval i ∈ X that can be assigned to a reducer
with all its 2

⌈
n
k

⌉
overlapping intervals of the relation Y . Also,

there are at most
⌈

n
k

⌉
post-intervals and c =

⌈
n
k

⌉
pre-intervals

(of the interval i) that lie in the partition p. Thus, we can assign
interval i, post-intervals of i, and pre-intervals of i at a single
reducer. In addition, an interval, i′ ∈ Y such that i and i′ have an
identical starting-point, is also assigned to the reducer. Therefore,
the interval i is paired with all 2

⌈
n
k

⌉
overlapping intervals (of the

relation Y ) at the reducer.

4. VARIABLE-LENGTH AND
EQUALLY-SPACED INTERVALS

Two relations X and Y , each of n intervals, are given, where
all intervals can have non-identical length but equally-spaced.
We assume that the first interval starts at time 0, and the space
between every two successive intervals is s < 1; see Figure 3,
where a relation X has 6 intervals, and a relation Y has also 6
intervals. A solution to the problem of interval join of overlapping
variable-length and equally-spaced intervals is a mapping schema
such that each pair of overlapping intervals, one from each of
the relations, is sent to at least one reducer in common without
exceeding q.

We consider two types of intervals, as follows: (i) big and
small intervals: one of the relation, say X , is holding most of the
intervals of length l and the other relation, say Y , is holding most
of the intervals of length l′ � l; we call intervals of the relations
X and Y as small intervals and big intervals, respectively; and (ii)
different-length intervals: all the intervals of both the relations are
of different-length (we will consider the second case in Appendix).
In this section, we will provide lower bounds on the replication
rate for both types of intervals. We then provide algorithms for
interval join of overlapping intervals and show a upper bound on the
replication rate. Throughout this section, we will use the following
notations: lmax : the maximum length of an interval, lmin : the
minimum length of an interval, and w: length of a partition.

4.1 Big and small intervals
In this section, we consider a special case of variable-length and
equally-spaced intervals, where all of the intervals of two relations
X and Y have length lmin and lmax , respectively, such that lmin �
lmax ; see Figure 3. We call the intervals of the relations X and Y
as small intervals and big intervals, respectively.

Since every two successive intervals have an equal space, s, an
interval xi ∈ X of length lmin can overlap with at least 2

⌊
lmin

s

⌋
+1

intervals of the relation Y , where at least
⌊

lmin
s

⌋
intervals of the
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Figure 3: An example of big and small length but equally-spaced
intervals, where n = 6 and s = 0.7.

relation Y have their ending-points between the starting and the
ending-points of xi, at least

⌊
lmin

s

⌋
intervals of the relation Y have

their starting-points between the starting and the ending-points of
xi, and an interval yi ∈ Y has an identical starting-point as xi.
In addition, an interval xi ∈ X of length lmax can overlap with
at most 2

⌊
lmax

s

⌋
+ 1 intervals of the relation Y , where at most⌊

lmax
s

⌋
intervals of the relation Y have the ending-points between

the starting and the ending-points of xi and at most
⌊

lmax
s

⌋
intervals

of the relation Y have the starting-points between the starting and
the ending-points of xi, and an interval yi ∈ Y has an identical
starting-point as xi.

Theorem 3 (Minimum replication rate) For a relation X of n
small and equally-spaced intervals and a relation Y of n big and
equally-spaced intervals, the minimum replication of an interval,
for joining each interval of the relation X with all its overlapping
intervals of the relation Y , is (i) at least 2 when 2n > q ≥ 2

⌊
lmin

s

⌋
,

and (ii) at least 2
q

⌊
lmin

s

⌋
when 2 < q < 2

⌊
lmin

s

⌋
, where q is the

reducer capacity, s is the spacing between every two successive
intervals, and lmin is the length of the smallest interval.

PROOF. First we consider the case of 2n > q ≥ 2
⌊

lmin
s

⌋
+ 2.

When q ≥ 2n, all the 2n intervals of the relations X and Y
can be assigned to a single reducer, which is able to provide all
output pairs. When 2

⌊
lmin

s

⌋
+ 2 < q < 2n, a single reducer

cannot hold all the 2n intervals of the relations X and Y . Hence,
at least a single interval, say j, that is not assigned with all its
2
⌊

lmin
s

⌋
+ 1 overlapping intervals must be assigned to another

reducer. Therefore, the minimum replication of an interval is at
least 2.

Now, we consider the case of 2 < q < 2
⌊

lmin
s

⌋
+ 2. Consider

an interval i of length lmin . Since the interval i has at least
2
⌊

lmin
s

⌋
+ 1 overlapping intervals, all these (2

⌊
lmin

s

⌋
+ 2) intervals

cannot be assigned to a single reducer. The interval i can share
a reducer with at most q − 1 intervals of the relation Y . Hence,
in order to assign the interval i with all the remaining overlapping
intervals, it is required to assign subsets of overlapping intervals of
the relation Y such that each subset holds at most q − 1 intervals.
Thus, the interval i must be sent to at least 2

⌊
lmin

s

⌋
+ 1/q − 1 >

2
q

⌊
lmin

s

⌋
reducers.

Algorithm 2. Algorithm 2 for interval join of overlapping intervals
of a relation X of small and equally-spaced intervals and a relation
Y of big and equally-spaced intervals works in a similar fashion
as Algorithm 1 performs the join operation. However, Algorithm
2 creates P partitions of the time-range (from 0 to ns), each of
length of length w = q−c

3dlmin /se , where c =
⌈

lmin
s

⌉
+ 2. Note

that in Algorithm 2, small intervals are assigned to several reducers
corresponding to their partitions that they cross, and large intervals
are assigned to only two reducers corresponding to their stating and
ending points’ partitions. The correctness of Algorithm 2 proves
that each pair of overlapping intervals is assigned to at least one
reducer in common, where q = 3w

⌈
lmin

s

⌉
+c, where c =

⌈
lmin

s

⌉
+

2.

4.2 An upper bound for the general case
In this section, we show an algorithm and an upper bound on the
replication rate for the problem of interval join of variable-length

but equally-spaced intervals. We use the following notations: T :
the length of time in which all intervals exist, i.e., all intervals
begin at some time greater than or equal to 0 and end by time T ;
n: the number of intervals in each of the two relations, X and Y ,
S: the total length of all the intervals in one relation; and w: the
length of time corresponding to one reducer, i.e., we divide T into
T
w

equal-length segments, each of length w.
Algorithm 3. Algorithm 3 works in a manner similar to Algorithms
1 and 2 do. But this algorithm does more than Algorithms 1 and
2. It finds all intervals that intersect, regardless of whether they
overlap, are superimposed, or any other relation. We divide the
time-range into T

w
equal-sized partitions and arrange T

w
reducers,

one for each partition. After that, we follow the same procedure as
followed in Algorithms 1 and 2.

Theorem 4 (Algorithm correctness) Algorithm 3 assigns each
pair of overlapping intervals to at least one reducer in common,
where q = 3nw+S

T
, each of the two relations, X and Y , holds n

intervals, q is the reducer capacity, S is the total length of all the
intervals in one relation, w is the length of a partition, and T is the
length of time in which all intervals exist.

PROOF. Following the algorithm, each of the n intervals of the
relation Y is sent to at most two reducers. Since there are T

w

reducers, a reducer receives 2nw
T

inputs from Y in average. Since
the length of all the intervals of the relation X is S, the average
length of intervals is S

n
. Following the algorithm, an interval of X

is sent to 1 + S
nw

reducers. Since there are T
w

reducers, the reducer
receives (1 + S

nw
) nw

T
inputs from X in average. Thus, a reducer

receives at most 2nw
T

+ nw
t

(1 + S
nw

) = 3nw+S
T

inputs, which is
equal to the given reducer capacity.

Theorem 5 (Replication rate) For q = 3nw+S
T

and two relations,
X and Y , of variable-length but equally-spaced, the replication
rate of an interval, for joining each interval of the relation X with
all its overlapping intervals of the relation Y is 3

qT−S
S
2

.
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APPENDIX
We consider a case of different-length intervals, i.e., all the n
intervals of each relation, X and Y , can have different-length. For
a relation X and a relation Y , each is of n different-length but
equally-spaced intervals, the minimum replication of an interval,
for joining each interval of the relation X with all its overlapping
intervals of the relation Y, is same as given in Theorem 3.
Algorithm 4. We propose an algorithm for interval join of
overlapping different-length and equally-spaced intervals, which
belong to two relations X and Y , each is of n intervals. Algorithm
4 works identically to Algorithms 1, 2, and 3. However, Algorithm
4 is different from Algorithms 1, 2 and 3, when it divides the
time-range from 0 to ns into P partitions, each of length w =

q−c
3dlmax /se , where c =

⌈
lmax

s

⌉
+2. The algorithm correctness shows

that Algorithm 4 assigns each pair of overlapping intervals to at
least one reducer in common, where q = 3w

⌈
lmax

s

⌉
+ c, where

c =
⌈

lmax
s

⌉
+ 2.
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ABSTRACT
The need to analyze massive scientific data sets on the one
hand and the availability of distributed compute resources
with an increasing number of CPU cores on the other hand
have promoted the development of a variety of languages
and systems for parallel, distributed data analysis. Among
them are data-parallel query languages such as Pig Latin or
Spark as well as scientific workflow languages such as Swift
or Pegasus DAX. While data-parallel query languages focus
on the exploitation of data parallelism, scientific workflow
languages focus on the integration of external tools and li-
braries. However, a language that combines easy integration
of arbitrary tools, treated as black boxes, with the ability to
fully exploit data parallelism does not exist yet. Here, we
present Cuneiform, a novel language for large-scale scien-
tific data analysis. We highlight its functionality with re-
spect to a set of desirable features for such languages, in-
troduce its syntax and semantics by example, and show its
flexibility and conciseness with use cases, including a com-
plex real-life workflow from the area of genome research.
Cuneiform scripts are executed dynamically on the work-
flow execution platform Hi-WAY which is based on Hadoop
YARN. The language Cuneiform, including tool support for
programming, workflow visualization, debugging, logging,
and provenance-tracing, and the parallel execution engine
Hi-WAY are fully implemented.

1. INTRODUCTION
Over the recent years, data sets in typical scientific (and
commercial) areas have grown tremendeously. Also, the
complexity of analysis procedures has increased at es-
sentially the same pace. For instance, in the field of
bioinformatics the cost and speed at which data can
be produced is improving steadily [3, 18, 35]. This
makes possible entirely novel forms of scientific discov-
eries which require ever more complex analysis pipelines

c©2015, Copyright is with the authors. Published in the Workshop Pro-
ceedings of the EDBT/ICDT 2015 Joint Conference (March 27, 2015, Brus-
sels, Belgium) on CEUR-WS.org <http://ceur-ws.org/> (ISSN 1613-0073).
Distribution of this paper is permitted under the terms of the Creative Com-
mons license CC-by-nc-nd 4.0

(e.g., personalized medicine, meta-genomics, genetics at
population scale) developed by tens of thousands of sci-
entists around the world. Analysis infrastructures have
to keep up with this development. In particular, they
must be able to scale to very large data sets, and they
must be extremely flexible in terms of integrating and
combining existing tools. Scientific workflow manage-
ment systems have been proposed to deal with the lat-
ter problem [12]. Scientific workflows are descriptions
of data processing steps and the flow of information
between them [10]. Most scientific workflow langua-
ges like Galaxy [17] or Taverna [21] allow the user to
create light-weight wrappers around existing tools and
libraries. In doing so, they avoid the necessity of reim-
plementing these tools to conform with the API of the
execution environment. However, many scientific work-
flow systems do not take advantage of splitting input
data into partitions to exploit data parallelism which
limits their scalability. In contrast, partitioning input
data to achieve data parallelism is a main advantage
of the execution environments underlying data-parallel
query languages like Pig Latin [16, 33] or Spark [45],
thus, addressing the former issue. However, these are
not designed to make native integration of external tools
easy. Instead, they require developers to create heavy
wrappers around existing tools as well as to perform
costly conversion of data from their native formats to
the system-specific data model, or they expect develop-
ers to reimplement all algorithms in their specific data-
parallel languages. While creating wrappers is labori-
ous, error-prone, and incurs runtime penalties, reim-
plementation is infeasible in areas like genomics where
new algorithms, new data types, and new applications
emerge essentially every day.

To the best of our knowledge, a language for large-
scale scientific computing that offers both light-weight
wrapping of foreign tools and high-level data-parallel
structures currently does not exist. Here, we present
Cuneiform, a language that aims at filling this gap. Cu-
neiform is a universal functional workflow language of-
fering all important features currently required in scien-
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tific analysis like abstractions and a dynamic execution
model in a language with implicit state. Its main focus,
however, is (i) the ease with which external tools writ-
ten in any language can be integrated, and (ii) the sup-
port for a rich set of algorithmic skeletons (or second-
order functions) enabling automatic parallelization of
execution. Cuneiform is fully implemented and comes
with decent tool support, including executable prove-
nance traces, visualization of conceptual and physical
workflow plans, and debugging facilities. Cuneiform
workflows can be executed on the workflow execution
engine Hi-WAY which builds on Hadoop YARN. To-
gether, Cuneiform and Hi-WAY form a fully functional,
scalable, and easily extensible scientific workflow sys-
tem.

The remaining parts of this paper are structured in
the following way: Section 2 introduces characteristics
of workflow languages important for scientific analysis
that drove the design of Cuneiform. We introduce Cu-
neiform by example in Section 3. In Section 4 we explain
the implementation of two exemplary workflows in Cu-
neiform to highlight its versatility and expressive power.
Hi-WAY is briefly introduced in Section 5.1 Related
work is presented in Section 6, and Section 7 concludes
the paper.

2. LANGUAGE CHARACTERIZATION
In this section we outline the language properties that
we consider important for parallel scientific analysis and
that drove the design of Cuneiform. We categorize dif-
ferent types of languages and discuss important lan-
guage features.

First, we can distinguish languages with implicit state
and explicit state [36]. Implicit state languages do not
have mutable memory. Purely functional languages like
Haskell or Miranda have implicit state. In these lan-
guages variables are only place-holders for immutable
expressions. In contrast, imperative languages like C or
Java and multi-paradigm languages like Scala or Lisp
have explicit state. In these languages variables can
change their values throughout the execution of a pro-
gram.

Scientific workflow languages are typically implicit
state languages while Spark [44, 45], FlumeJava [7], or
DryadLINQ [14, 43] inherit explicit state from their re-
spective host languages. There are arguments promot-
ing either of both approaches: Implicit state languages
profit from their ability to fully exploit task parallelism
because the order of tasks is constrained only by data
dependencies [6].2 Explicit state is preferable if func-
1Note that the focus of this paper is on Cuneiform, while a
complete description of Hi-WAY will be published elsewhere.
2Taverna is an exception as it introduces control links to
explicitly constrain the task execution order in addition to
data dependencies.

tions need to learn from the past and change their be-
havior [36]. However, the introduction of explicit state
incurs additional constraints on the task execution or-
der, thereby, limiting the ability to automatically infer
parallelism.

In the following we outline the requirements towards
a scalable workflow specification language. By focusing
on this specific set of requirements, we define the scope
for the discussion of Cuneiform and for the compari-
son of different languages. This list of requirements is,
however, not comprehensive.

Abstractions In the Functional Programming (FP)
paradigm the term abstraction refers to an expres-
sion that binds one (or more) free variables in its
body. When a value is applied to the expression,
the first bound variable is replaced with the ap-
plied value. In scientific workflows, abstractions
are referred to as subworkflows where the subwork-
flow’s input ports represent the bound variables.
While abstractions are common in functional lan-
guages for distributed computation (like Eden [5,
26]) or distributed multi-paradigm languages (like
Spark), some scientific workflow languages do not
allow for the definition of abstractions in the form
of subworkflows, e.g., Galaxy [17]. Other scientific
workflow languages like Pegasus DAX [13], KN-
IME [4], Swift, or Taverna do provide subwork-
flows. Pig Latin [16, 33] introduces abstractions
through its macro definition feature. Since ab-
stractions facilitate the reuse of reoccurring pat-
terns, they are an important feature of any high-
level programming model.

Conditionals A conditional is a control structure that
evaluates to its then-branch only if a condition
is true and otherwise evaluates to its else-branch.
Like abstractions, conditionals are common in func-
tional and multi-paradigm languages. Many sci-
entific workflow languages provide conditionals as
top-level language elements [2], e.g., KNIME, Tav-
erna, or Swift. However, in some other scientific
workflow languages they are omitted, e.g., Galaxy
or Pegasus DAX. Also, Pig Latin comes without
conditionals that would allow for alternate exe-
cution plans depending on a boolean condition.
Spark, on the other hand, inherits its conditionals
from Scala. Conditionals are important when a
workflow has to follow a different execution path
depending on a computational result that cannot
be anticipated a priori. For instance, consider a
scenario where two algorithms can be employed to
solve a problem. One algorithm performs compa-
rably better on noisy input data, while the other
performs better on clean data. If assessing the
quality of the data is part of the workflow then
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the decision what algorithm to use has to be made
at execution time. Another example is the appli-
cation of an iterative learning algorithm. If the
exit condition of the algorithm is determined by
some convergence criterion, the number of itera-
tions cannot be anticipated a priori. This way,
conditionals introduce uncertainty in the concrete
workflow structure making it impossible to infer
a workflow’s invocation graph prior to execution.
Nevertheless, conditionals are an important lan-
guage feature.

Composite data types Composite data types are da-
ta structures composed of atomic data items. Lists,
sets, or bags are composite data types. In many
cases, languages with support for composite data
types also provide algorithmic skeletons (see be-
low) to process them, e.g., map, reduce, or cross
product. Swift, KNIME, and Taverna are scien-
tific workflow languages with support for compos-
ite data types. Other scientific workflow langua-
ges, like Galaxy or Pegasus DAX, support only
atomic data types. Data-parallel query languages,
like Spark or Pig Latin, however, provide exten-
sive support for composite data types. Note that
composite data types, like conditionals, introduce
uncertainty in the concrete workflow structure be-
fore its actual execution. For instance, if a task
outputs a list with an unknown size and each list
item is consumed by a proper subsequent task, the
number of such tasks is unknown prior to execu-
tion. This calls for a dynamic, adaptive approach
to task scheduling. Using composite data types is
a powerful and elegant way to specify data-parallel
programs.

Algorithmic skeletons Algorithmic skeletons are sec-
ond order functions that represent common pro-
gramming patterns. From the perspective of im-
perative languages, they can be seen as templates
that outline the coarse structure of a computa-
tion [8]. To exploit the capabilities of parallel, dis-
tributed execution environments, a language can
emphasize parallelizable algorithmic skeletons and
de-emphasize structures that could impose unnec-
essary constraints on the task execution order. For
instance, expressing the application of a function
to each element of a list as a for-loop with an exit
condition dismisses the parallel character of the
operation. Expressing the exact same operation
as a map, on the other hand, retains the paral-
lelism of the operation in its language represen-
tation. Some scientific workflow languages, like
Pegasus DAX or Galaxy, do not provide any algo-
rithmic skeletons. In contrast, Taverna, Swift, or
KNIME provide algorithmic skeletons in various

forms. For instance, Taverna implicitly iterates
lists if an unary task is applied to a list. Moreover,
Taverna provides cross- and dot product skeletons.
Swift provides the foreach and iterate-until skele-
tons. Algorithmic skeletons are particularly im-
portant in Scala. Thus, Spark exposes a number of
algorithmic skeletons to control distributed com-
putation [44]. Pig Latin uses algorithmic skele-
tons based on the SQL model of execution. Like
general abstractions, algorithmic skeletons facili-
tate the reuse of reoccurring algorithmic patterns.
Such patterns commonly appear in scientific data
analysis applications.

Foreign Function Interface (FFI) An FFI allows a
program to call routines written in a language other
than the host language. Many programming lan-
guages provide an FFI with the goal of accelerating
common subroutines by interfacing with machine-
oriented languages like C. Scientific workflow lan-
guages provide FFIs in the form of simple wrap-
pers for external tools. For instance, Swift and
Pegasus DAX allow language users to integrate
Bash scripts. Taverna provides Beanshell and R
services, and KNIME provides snippet-nodes for
Java, R, Perl, Python, Groovy, and Matlab. These
FFIs do not have the purpose to accelerate rou-
tines but to integrate existing tools and libraries
with minimum effort. In Pig Latin or Meteor [19],
User Defined Functions (UDFs) are provided in the
form of Java libraries which need to be wrapped
by an extra layer of code providing particular data
transformations from the tools native file formats
to the system’s data model and back. Similar
wrappers have to be implemented to use foreign
tools in Spark. The FFI is the language feature
that makes integration of external tools and li-
braries easy. It is the entry point for any piece
of software that has not been written in the host
language itself. A general and light-weight FFI
enables researchers to reuse their tools in a data-
parallel fashion without further adaptation or the
additional layer of complexity of a custom wrap-
per.

Universality Universal languages can express any com-
putable function. Most general purpose program-
ming languages are universal. Scientific workflow
languages including Swift, Galaxy, Taverna, and
Pegasus DAX are not universal. Additionally, some
data-parallel query languages like Pig Latin are
not universal. In contrast, Skywriting is an exam-
ple for a universal language for distributed compu-
tation [28]. Spark inherits the universality prop-
erty from Scala. Similarly, FlumeJava and Dryad-
LINQ inherit the universality property from their
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respective host languages Java and C#. We do not
consider universality a requirement for a workflow
specification language. Nonetheless, it is a lan-
guage property worth investigating.

3. CUNEIFORM
In this section we present Cuneiform. We show that
it is simple to express data-parallel structures and to
integrate external tools in Cuneiform. Furthermore, we
demonstrate fundamental language features by example
and discuss how Cuneiform workflows are evaluated and
mapped to distributed compute resources for scheduling
and execution.

Cuneiform is a Functional Programming (FP) lan-
guage with implicit state. Cuneiform has in common
with scientific workflow languages its light-weight, ver-
satile FFI allowing users to directly use external tools or
libraries from scripting languages including Lisp, Mat-
lab, Octave, Perl, Python, and R. In principle, Cunei-
form can interface with any programming language that
has support a string and list data type. Cuneiform has
in common with data-parallel query languages that it
provides facilities to exploit data parallelism in the form
of composite data types and algorithmic skeletons to
process them. Cuneiform comes in the form of a uni-
versal FP language providing abstractions and condi-
tionals.

In the following, we introduce important concepts of
Cuneiform by example. We highlight the interplay of
Cuneiform’s features using more complex workflows in
Section 4, while Section 5 briefly sketches the Hi-WAY
execution environment.

3.1 Task definition and Foreign Function In-
terface

The deftask statement lets users define Cuneiform tasks,
which are the same as functions in FP languages. It
expects a task name and a prototype declaring the in-
put/output variables a task invocation consumes/pro-
duces. A task definition can be either in Cuneiform or
in any of the supported foreign scripting languages. In
the following example we define a task greet in Bash
which consumes an input variable person and produces
an output variable out.

deftask greet( out : person )in bash *{
  out="Hello $person"
}*

The task defined in this listing can be applied by bind-
ing the parameter person to a value. In this example
we bind it to the string “Peter”.

greet( person: 'Peter' );

The value of this expression is the string “Hello Peter”.
Cuneiform assumes foreign tasks to be side effect-free.

I.e., the result of a task should be deterministic and
depend only on the value of its arguments. However
Cuneiform has no way of enforcing this behavior.

3.2 Lists
Cuneiform has one built-in composite data type: the
list. There is no atomic data type. In the following
example, we define a variable friends to be a list of two
strings being “Jutta” and “Peter”.

friends = 'Jutta' 'Peter';
greet( person: friends );

Applying the function greet to this list, evaluates to a
list with two string elements: “Hello Jutta” and “Hello
Peter”. Thus, the standard way of applying a task to a
single parameter, is to map this task to all elements in
the list.

To consume a list as a whole, we have to aggregate
the list. We can mark a parameter as aggregate by sur-
rounding it with angle brackets. The following listing
defines the task cat that takes a list of files and con-
catenates them.

deftask cat
  ( out( File ) : <inp( File )> )in bash *{
  cat ${inp[@]} > $out
}*

When a list is aggregated in a foreign task call, Cu-
neiform has to hand over this list as a whole. Thus,
Cuneiform loses control over the way data parallelism
is exploited in processing this list. Furthermore, the in-
terpreter has to defer the aggregating task unless the
whole list has been computed.

3.3 Parallel algorithmic skeletons
Cuneiform provides three basic algorithmic skeletons:
aggregate, n-ary cross product, and n-ary dot product.
A map can be viewed as any unary product. These ba-
sic skeletons are the building blocks to form arbitrarily
complex skeletons. If a task has multiple parameters,
the standard behaviour is to apply the function to the
cross product of all parameters.

Suppose there is a command line tool sim that takes
a temperature in ◦C and a pH value, performs some
simulation, and outputs the result in the specified file.
We could wrap and call this tool in the following way:

deftask simulate
  ( out( File ) : temp ph )in bash *{
  sim -o $out -t $temp -p $ph
}*

temp = -5 0 5 10 15 20 25 30;
ph = 5 6 7 8 9;

simulate( temp: temp ph: ph );
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This script performs a parameter sweep from −5 to
30◦C and from pH value 5 to 9. Herein, each of the
8 temperature values is paired with each of the 5 pH
values resulting in 40 invocations of the sim tool. How
multiple lists are combined is generally determined by
the prototype of a task. The cross product is the default
algorithmic skeleton to combine task parameters.

Lastly, suppose we are given two equally long lists of
strings. We want to concatenate each string from the
first list with each string from the second list separated
by a white space character. A dot product between two
or more parameters is denoted in the task prototype by
surrounding them with square brackets. We choose to
perform the string concatenation in Python.

deftask join( c : [a b] )in python *{
c = a+' '+b
}*

In the following listing we define the variables a and b
to be a pair of two-element lists and call the previously
defined task join on them. The result of this operation
is a two-element list with the members "Hello world"
and "Goodnight moon".

a = 'Hello' 'Goodnight';
b = 'world' 'moon';

join( a: a b: b );

3.4 Execution semantics
Cuneiform workflow scripts are parsed and transformed
into a graph representation prior to interpretation. Vari-
ables are associated not with concrete values but with
uninterpreted expressions thereby constituting a call-
by-name evaluation strategy. Consequently, an expres-
sion is evaluated only if that expression is actually used
(lazy evaluation). This ensures, not only, that all com-
putation actually contributes to the result, but also,
since evaluation is deferred to the latest possible mo-
ment, that parallelization is performed on the level of
the whole workflow rather than the level of only subex-
pressions. Furthermore, instead of traversing the work-
flow graph during execution, Cuneiform performs work-
flow graph reduction. This means that subexpressions
in the workflow graph are continuously replaced with
what they evaluate until the result of the computation
remains. Accordingly, workflow execution is dynamic,
i.e., the order in which which tasks are evaluated is
determined only at runtime, a model which naturally
supports data dependent loops and conditions. This as-
pect discerns Cuneiform from many other systems that
require a fixed execution graph to be compiled from
the workflow specification. Herein, Cuneiform resem-
bles Functional Programming language interpretation.

When an expression involves external software, a ticket

groupby

wc

untar

'corpus.tar'
untar

groupby

wc

Figure 1: Static call graph (left) and invocation
graph (right) for canonical word count with a
corpus of 2 text files.

is created and passed to the execution environment. Ex-
pressions depending on that ticket are deferred while
other expressions continue to be evaluated. A ticket,
encapsulating a concrete task on a concrete input, thus,
is the basic computational unit in Cuneiform. For any
given point in time, the set of available tickets may be
evaluated in any order. This order has to be detem-
ined by the scheduler of the runtime environment, tak-
ing into account the currently available resources. Each
time the execution environment finishes evaluation of
a ticket, the result is reported back to the Cuneiform
interpreter which then continues reduction of the re-
spective expression. When there are no more tickets to
evaluate and the expression cannot be further reduced,
execution stops and the workflow result is returned.

4. WORKFLOW EXAMPLES
In this section we present two example workflows in Cu-
neiform. The first, a canonical word count example, is
chosen for its simplicity and comparability with other
programming models (e.g., MapReduce [11]). The sec-
ond workflow performs variant calling on Next-Genera-
tion Sequencing data [34].

4.1 Canonical word count
The canoncical word count workflow consumes a corpus
of text files and, for each file, counts the occurrences of
words. It outputs a table that sums up the occurrences
of words in all files. The workflow consists of two steps.
In the first step, words are counted individually in each
file. In a second step, the occurrence tables are ag-
gregated by summing up the corresponding occurrence
counts. Figure 1 displays (a) the static call graph auto-
matically derived from the workflow script and (b) the
invocation graph that unfolds during workflow execu-
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tion. Herein, the static call graph is a visualization
that takes into account only the unevaluated workflow
script. In contrast, the invocation graph is derived from
the workflow execution trace. Each yellow line in the
invocation graph stands for a single data item. Each
blue line stands for a task invocation. A task invoca-
tion depends only on its predecessors connected to it
via directed edges.

To specify the word count workflow we express both
tasks separately as R scripts. First, we use R’s table
function to extract word counts from a string:

deftask wc( csv( File ) : txt( File ) )in r *{
  dtm <- table( scan( txt, what='character' ) )
  df  <- as.data.frame( dtm )
  write.table( df, csv, col.names=FALSE,
    row.names=FALSE )
}*

Next, we use the function rbind to concatenate the list
of tables, generated in the previous step and aggregate
the resulting table using ddply which is part of the R
library plyer.

deftask groupby
  ( result( File ) : <csv( File )> )in r *{

  library( plyr )
  all <- NULL
  for( i in csv )
    all <- rbind( all,
             read.table( i, header=FALSE ) )
  x <- ddply( all, .( V1 ), summarize,
         count=sum( V2 ) )
  write.table( x, result, col.names=FALSE,
    row.names=FALSE )
}*

To extract all files in an archive holding the text corpus
to be analyzed we use the following task definition:

deftask untar
  ( <list( File )> : tar( File ) )in bash *{
  tar xf $tar
  list=`tar tf $tar`
}*

The workflow definition calls the tasks untar, wc, and
groupby in order. Finally, we query the workflow result:

txt = untar( tar: 'corpus.tar' );
csv = wc( txt: txt );
result = groupby( csv: csv );
result;

Called this way, wc is invoked once for each file. Each
invocation is processed in parallel by Hi-WAY. In con-
trast, the tasks groupby and untar each have a single
invocation.

Note that the two tasks, wc and groupby, implement a
complete word count, including file I/O, parsing, dictio-

annovar

varscan

samtools-mpileup

samtools-sort

samtools-view

bowtie2-align

gunzip

'..' '..'

gunzip

'..' '..'

bowtie2-build

untar

samtools-faidx

'hg38/hg38.tar'

'annodb/hg38db.tar' 'hg38'

Figure 2: Static call graph for variant calling
workflow

nary management, and two-phase counting. No other
tools are needed. Furthermore, we are free to choose
the programming language. For instance, in a differ-
ent implementation we might use Perl libraries or the
command line tool awk.

4.2 NGS variant calling
The second workflow demonstrates how variant calling
in the application domain of Next-Generation Sequenc-
ing (NGS) can be performed in Cuneiform. In this
workflow, a set of DNA sequence read files in FastQ
format is mapped against a reference genome. Subse-
quently, the alignments are sorted, a multiple pileup
is performed, and variants are called and annotated.
As typical for scientific analysis pipelines, all steps are
performed by external command line tools [34]. Fig-
ure 2 shows the static call graph and Figure 3 shows
the invocation graph for this workflow. In the following
discussion we omit all foreign task definitions.3

The input to the workflow is a reference genome, a
set of sample files, as well as an annotation database.
The workflow calls two nested subworkflows per-sample
and per-chromosome which reflect the data paralleliza-
tion scheme. Up to this point, we defined only variable
assignments which would not trigger any computation.
Thus, we need to query the variables fun and exonicfun
to define the workflow output.

3The full workflow can be downloaded from https://
github.com/joergen7/cuneiform/blob/master/cuneiform-
dist/src/main/cuneiform/variant-call11.cf
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hg38-tar = 'hg38/hg38.tar';

fastq1-gz =
  '1000genomes/SRR062634_1.filt.fastq.gz'
  '1000genomes/SRR062635_1.filt.fastq.gz';
fastq2-gz =
  '1000genomes/SRR062634_2.filt.fastq.gz'
  '1000genomes/SRR062635_2.filt.fastq.gz';

db = 'annodb/hg38db.tar';

deftask per-chromosome(
    vcf( File )
  : fa( File )
    [fastq1( File ) fastq2( File )] ) {

  bt2idx = bowtie2-build( fa: fa );
  fai = samtools-faidx( fa: fa );

  sam = bowtie2-align(
    idx:    bt2idx
    fastq1: fastq1
    fastq2: fastq2 );

  bam = samtools-view( sam: sam );

  sortedbam = samtools-sort( bam: bam );

  mpileup = samtools-mpileup(
    sortedbam: sortedbam
    fa:        fa
    fai:       fai );

  vcf = varscan( mpileup: mpileup );
}

deftask per-sample(
    fun exonicfun
  : <fa( File )> db( File )
    [fastq1( File ) fastq2( File )] ) {

  vcf = per-chromosome(
    fa:     fa
    fastq1: fastq1
    fastq2: fastq2 );

  fun exonicfun = annovar(
    vcf:      vcf
    db:       db
    buildver: 'hg38' );
}

In this workflow parallelism is exploited along two di-
mensions: (i) Each self-contained region in the refer-
ence genome can be processed individually and (ii) each
sample can be processed individually. Consequently,
the workflow interpreter performs a cross-product of ref-
erence regions and samples. This leads to a high degree
of parallelism not only for read alignment, which is the
computationally most expensive task, but also for all
subsequent tasks. The cross product behavior needs no

fa = untar( tar: hg38-tar );
fastq1 = gunzip( gz: fastq1-gz );
fastq2 = gunzip( gz: fastq2-gz );

fun exonicfun = per-sample(
  fa:     fa
  fastq1: fastq1
  fastq2: fastq2
  db:     db );
fun exonicfun;

Figure 3: Invocation graph for variant calling
workflow

extra denotation in the task prototypes since it is the
default behavior. Thus, we can exploit data parallelism
in variant calling to execute the workflow in a parallel,
distributed compute environment while reusing estab-
lished tools.

5. EXECUTION PLATFORM
In this section we describe Hi-WAY, an execution en-
vironment for Cuneiform workflows. Cuneiform, as a
workflow specification language, depends on an execu-
tion environment that executes tasks in parallel. To
this end, the Cuneiform interpreter can either execute a
script on a single, multi-threaded machine (using a sim-
ple built-in greedy task scheduler) or feed a distributed
workflow engine. Currently, it interfaces only with Hi-
WAY, a novel scientific workflow management system
running on top of Apache Hadoop. Hi-WAY offers fea-
tures like adaptive scheduling and, this way, embraces
the dynamic nature of Cuneiform workflows. By us-
ing Hi-WAY as its distributed execution environment,
Cuneiform takes advantage of the Hadoop ecosystem,
including the distributed file system HDFS, multi-user
resource management, job monitoring, and failure re-
covery. Details on Hi-WAY will be published in a sep-
arate publication.

As a proof-of-concept, the variant calling workflow
described in Section 4.2 has been executed using Cu-
neiform and Hi-WAY on a Hadoop YARN cluster com-
prising 24 Xeon E52620 2GHz nodes each representing
one Hadoop YARN container with 24GB main mem-
ory and 24 logical cores at its disposal (as well as 2
additional master nodes). 12 Samples from the 1000
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Figure 4: Workflow runtime with increasing
number of containers

genomes project [38] amounting to 10GB of compressed
input data have been processed. Figure 4 shows the
runtime behaviour for the variant calling workflow for
different cluster sizes. Within the limits of this experi-
ment the workflow shows a linear scaling behaviour with
an increasing number of available containers.

6. RELATED WORK
A number of scientific workflow systems have emerged,
some with a particular focus on large scale data analy-
sis. The exponential growth of data sets in many scien-
tific areas, such as Next-Generation Sequencing (NGS),
promotes scientific workflow systems that run in par-
allel and distributed environments, like e-Science Cen-
tral [20], Pegasus [13], or Swift [42]. Some scientific
workflow systems have been extended to this end, e.g.,
Kepler [41] or Galaxy [17]. These systems, however,
either do not take full advantage of partitioning input
data to exploit data parallelism or their integration with
data-parallel compute platforms is only partial.

The advent of data-parallel query languages enabled
researchers to exploit parallel, distributed compute in-
frastructures to analyze large-scale data sets. A num-
ber of dataflow systems with their according query lan-
guages have been proposed, most notably Pig [16, 33],
FlumeJava [7], Flink [1], DryadLINQ [14, 43], and Spark
[44, 45]. Their aptitude for NGS problems has been as-
sessed [46] and they are the underlying execution envi-
ronments for a number of emerging workflow systems
like Nova [32] or Oozie [22]. However, the integration
of external tools in these systems can be achieved only
through wrapping or reimplementing the external tools.
The speed-up potential from data parallelism has been
exploited in many scientific application domains and
particularly in NGS: CloudBurst [37] is a read align-

ment implementation for Hadoop. Crossbow [25] wraps
the read aligner Bowtie [24] to run on Hadoop. Both
Adam [27], an alignment processor, and Avocado [30],
a variant caller, are algorithm reimplementations for
Spark. The BioPig [29] project extends Pig Latin by
providing User Defined Functions (UDFs) that wrap
tools commonly used in NGS data analysis. These ap-
proaches show that it is feasible to integrate diverse sci-
entific algorithms in data-parallel programming models
either through wrapping or reimplementing. However,
in use cases in which the cost for tool reimplementation
is prohibitive (and in which the scientific community is
very reluctant to accept algorithm reimplementations
from outside their domain), the optimal programming
model is one that minimizes the effort to create wrap-
pers for existing tools.

Scientific workflow systems and data-parallel query
languages are linked to Functional Programming (FP).
Pig Latin maps execution plans to MapReduce, a pro-
gramming model inspired by the algorithmic skeletons
map and reduce which originate from FP [11, 15]. Spark
extends Scala, a multi-paradigm language that com-
bines concepts from Object Orientation and FP [31].
Furthermore, Scala provides a large number of algorith-
mic skeletons, of which Spark uses a subset including
map, reduceByKey, and crossProduct to derive paral-
lelism and distribute computation [44]. The scientific
workflow language Taverna has its semantics defined in
functional terms [40] and Kelly et al. [23] showed that
scientific workflow languages can be considered a sub-
set of FP. A number of FP languages are designed for
parallel, distributed environments. For instance, Sky-
writing is a universal functional scripting language for
distributed computation [28]. GUM [39] is a parallel
implementation of Haskell and Eden [5, 26] extends
Haskell with parallel algorithmic skeletons. However,
in many parallel, distributed FP languages the user has
to take control over the way parallelism is exploited,
how processes are created, or how computation is dis-
tributed.

7. CONCLUSION
We presented Cuneiform4, a functional workflow lan-
guage for parallel and distributed execution that facili-
tates the reuse of existing tools and libraries. Cuneiform
can process large-scale data sets by providing data par-
allel algorithmic skeletons operating on lists. Further-
more, it can integrate foreign tools in a straightforward
way by providing a versatile Foreign Function Interface
and offers many of the high-level language features com-
monly encountered in Functional Programming langua-
ges. We have contrasted the advantages and disadvan-
tages of current scientific workflow languages and data-
parallel query languages and discussed their relation to
4https://github.com/joergen7/cuneiform
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Functional Programming. We demonstrated the ver-
satility and power of Cuneiform using two exemplary
workflows. In its current implementation Cuneiform
can be executed locally on a single machine or using
Hi-WAY5, a scientific workflow execution environment
running on Hadoop YARN. In future work, we intend
to integrate Cuneiform with scientific computing plat-
forms other than Hadoop like, e.g, HTCondor [9] which
enjoys wide adoption. Furthermore, we intend to create
compilers that consume Pegasus or Galaxy workflows
and generate Cuneiform scripts. This way, researchers
may run their existing Pegasus and Galaxy workflows
in any data-parallel execution environment supporting
Cuneiform without extra effort.
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ABSTRACT
Several areas, such as science, economics, finance, busi-
ness intelligence, health, and others are exploring big data
as a way to produce new information, make better decisions,
and move forward their related technologies and systems.
Specifically in health, big data represents a challenging pro-
blem due to the poor quality of data in some circumstances
and the need to retrieve, aggregate, and process a huge amount
of data from disparate databases. In this work, we focused
on Brazilian Public Health System and on large databases
from Ministry of Health and Ministry of Social Development
and Hunger Alleviation. We present our Spark-based ap-
proach to data processing and probabilistic record linkage of
such databases in order to produce very accurate data marts.
These data marts are used by statisticians and epidemiolo-
gists to assess the effectiveness of conditional cash transfer
programs to poor families in respect with the occurrence of
some diseases (tuberculosis, leprosy, and AIDS). The case
study we made as a proof-of-concept presents a good per-
formance with accurate results. For comparison, we also
discuss an OpenMP-based implementation.

Categories and Subject Descriptors
J.1 [Administrative data processing]: Government;
D.1.3 [Concurrent Programming]: Distributed pro-
gramming.
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1. INTRODUCTION
The term big data [18] was coined to represent the

large volume of data produced daily by thousands of de-
vices, users, and computer systems. These data should
be stored in secure, scalable infrastructures in order
to be processed using knowledge discovery and analy-
tics tools. Today, there is a significant number of big
data applications covering several areas, such as finance,
entertainment, e-government, science, health etc. All
these applications require performance, reliability, and
accurate results from their underlying execution envi-
ronments, as well as specific requisites depending on
each context.

Healthcare data come from different information sys-
tems, disparate databases, and potential applications
that need to be combined for diverse purposes, inclu-
ding the aggregation of medical and hospital services,
analysis of patients’ profile and diseases, assessment of
public health policies, monitoring of drug interventions,
and so on.

Our work focuses on the Brazilian Public Health Sys-
tem [23], specifically on supporting the assessment of
data quality, pre-processing, and linkage of databases
provided by the Ministry of Health and the Ministry of
Social Development and Hunger Alleviation. The data
marts produced by the linkage are used by statisticians
and epidemiologists in order to assess the effectiveness
of conditional cash transfer programs for poor families
in relation to some diseases, such as leprosy, tuberculo-
sis, and AIDS.

We present a four-stage workflow designed to pro-
vide the functionalities mentioned above. The second
(pre-processing) and third (linkage) stages of our work-
flow are very data-intensive and time-consuming tasks,
so we based our implementation in the Spark scalable
execution engine [41] in order to produce very accu-
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rate results in a short period of time. The first stage
(assessment of data quality) is made through SPSS [17].
The last stage is dedicated to the evaluation of the data
marts produced by our pre-processing and linkage algo-
rithms and is realized by statisticians and epidemiolo-
gists. Once approved, they load these data marts into
SPSS and Stata [6] in order to perform some specific
case studies.

We evaluate our workflow by linking three databases:
CadÚnico (social and economic data of poor families
— approximately 76 million records), PBF (payments
from “Bolsa Famı́lia” program), and SIH (hospitaliza-
tion data from the Brazilian Public Health System —
56,059 records). We discuss the results obtained with
our Spark-based implementation and also a comparison
with an OpenMP-based implementation.

This paper is structured as follows: Section 2 presents
the Brazilian Healthcare System to contextualize our
work. In Section 3 we discuss some related works spe-
cially focusing on record linkage. Our proposed work-
flow is detailed in Section 4 and its Spark-based im-
plementation is discussed in Section 5. We present re-
sults obtained from our case study, both in Spark and
OpenMP, in Section 6. Some concluding remarks are
presented in Section 7.

2. BRAZILIAN HEALTHCARE SYSTEM
As a strategy to combat poverty, the Brazilian go-

vernment implemented cash transfer policies for poor
families, in order to facilitate their access to educa-
tion and healthcare, as well as to offer them allowances
for consuming goods and services. In particular, the
“Bolsa Famı́lia” Program [25] was created under the
management of the Ministry of Social Development and
Hunger Alleviation to support poor families and pro-
mote their social inclusion through income transfers.

Socioeconomic information about poor families are
kept in a database called CadastroÚnico (CadÚnico) [24].
All families with a monthly income below half the mi-
nimum wage per person or a total monthly income of
less than three minimum wages can be enrolled in the
database. This registration must be renewed every two
years in order to keep updated data. All social pro-
grams from the federal government should select their
recipients based on data contained in CadÚnico.

In order to observe the influence of certain social in-
terventions and their positive (or negative) effects for
their beneficiaries, rigourous impact evaluations are re-
quired. Individual cohorts [19] have emerged as the
primary method for this purpose, supporting the pro-
cess of improving public policies and social programs
in order to qualify the transparency of public invest-
ments. It is expected that these transfer programs can
positively contribute to the health and the education of
beneficiary families, but studies capable to prove this

are highly desirable and necessary for the evaluation of
public policies.

From an epidemiological standpoint, tuberculosis and
leprosy are major public health problems in Brazil, with
poverty as one of their main drivers. In addition, there
is a broad consensus on the bidirectional relationship
between these infectious diseases and poverty: one can
lead to another. It is therefore clear that to reduce
morbidity and mortality from poverty-related diseases
is necessary to plan interventions that address their so-
cial determinants.

This work pertains to a project involving the longi-
tudinal study of CadÚnico, PBF (“Bolsa Famı́lia” pro-
gram), and three databases from the Brazilian Public
Health System (SUS): SIH (hospitalization), SINAN
(notifiable diseases), and SIM (mortality). Table 1 shows
these databases with their years of coverage to which we
have access. The main goal is to relate individuals in
the existing SUS databases with their counterparts in
the PBF and CadÚnico, through a process called lin-
kage (or pairing). After linkage, the resulting databases
(data marts) are used by statisticians and epidemiolo-
gists to analyze the incidence of some diseases in fami-
lies benefiting from “Bolsa Famı́lia” compared to non-
beneficiary families.

Databases Years

SIH (hospitalization) 1998 to 2011
SINAN (notifications) 2000 to 2010
SIM (mortality) 2000 to 2010

CadÚnico (socieconomic data) 2007 to 2013
PBF (payments) 2007 to 2013

Table 1: Brazilan governmental databases.

The major obstacle for linkage is the absence of com-
mon identifiers (key attributes) in all databases, which
requires the use of probabilistic linkage algorithms, re-
sulting in a significant number of comparisons and in a
large execution time. In addition, handling these data-
bases requires the use of secrecy and confidentiality poli-
cies for personal information, especially those related to
health data. Therefore, techniques for data transforma-
tion and anonymisation should be employed before the
linkage stage.

The longitudinal study requires the pairing of all avai-
lable versions for certain databases within the period
to be analyzed. In the scope of our project, we must
link versions of CadÚnico, PBF, and SIH between 2007
and 2011 to allow a retrospective analysis of the inci-
dence of diseases in poor families and, thereafter, draw
up prospects for the coming years. In this scenario, the
amount of data to be analyzed, processed, and anonymi-
sed tends to increase significantly.
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3. CHALLENGES AND RELATED WORK
Record linkage is not a new problem and its classic

method was first proposed by [13]. This approach is the
basis for most of the models developed later [5]. The
basic idea is to use a set of common attributes present in
records from different data sources in order to identify
true matches.

In [32], probabilistic and deterministic record linkage
methods were used to evaluate the impact of the ”Bolsa
Famı́lia” program in education, using some informa-
tion also contained in CadÚnico. They have proven
the importance of database relationships as a tool ca-
pable of allowing an integrated view of the information
available from various sources, ensuring efficient compa-
rative analysis and increasing the quality and quantity
of information required for a search. In public health,
many studies use matching records to evaluate impacts
or to find patterns [27].

In [11], the authors used probabilistic methods to
match records from two SUS databases — SIH (hos-
pitalization) and SIM (mortality) — to identify deaths
from ill-defined causes. They developed routines for
standardizing variables, blocking based on identification
keys, comparison algorithms, and calculation of simila-
rity scores, They also used RecLink [4] to check du-
bious records for reclassification (as true pairs or not)
purposes.

A crucial point is that as the size of databases in-
creases, and therefore the number of comparisons re-
quired for record matching, traditional tools for data
processing and analysis may not be able to run such
applications in a timely manner. In the midst of se-
veral studies on software for record linkage, there are
few that discuss issues related to the parallelization of
processes and data distribution. In [33], some ways to
parallelize matching algorithms are discussed, showing
good scalability results.

MapReduce paradigm and following technologies have
contributed to advance the big data scenario. Some
methods to adapt the MapReduce model to deal with
record matching are discussed in [16]. Despite these ef-
forts, it is still difficult to find references addressing the
problem of matching records using the advantages of
MapReduce or similar tools.

Computation techniques related to the preparation
steps for record linkage, such as data cleansing and
standardization, are still few discussed in the literature.
In [31], the authors claim that the cleansing process can
represent 75% of the total linkage effort. In fact, prepa-
ration steps can directly affect the accuracy of results.

It is possible to observe that management and some
aspects of service provision in this context are not yet
sufficiently explored [22]. Regarding databases under

coordination of public sectors, as CadÚnico and SUS
databases, we can observe a high sensitivity and strict

requirements for processing and storing such databases
in private clusters. Also, there is a lack, mainly in
Brazil, of probabilistic matching references over large
databases that use the benefits of big data tools.

4. PROPOSED WORKFLOW
Our workflow is divided in four stages, further dis-

cussed in the following sections. The first stage cor-
responds to the analysis of data quality, aiming at to
identify, for each database, the attributes more suit-
able for the probabilistic record linkage process. The
set of attributes is chosen based on metrics such as mis-
sing values or misfiled records. This step is performed
with the support of SPSS software. For security and
privacy reasons, the ministries do not allow direct ac-
cess to their databases; instead, they give us flat files
extracted from the databases listed in Table 1. Two
people of our team are the ones that manipulate these
data based on a strict confidentiality term.

The next stage is pre-processing, being responsible
for applying data transformation and cleansing routines
in these attributes. We based our implementation on
ETL (extract, transform, and load) techniques com-
monly found in data warehouse tools for standardizing
names, filling null/missing fields with default values,
and removing duplicate records.

An important step within this stage regards data pri-
vacy. We apply a technique based on Bloom filters [34]
to anonymize relevant fields prior to the record lin-
kage stage. As stated before, pre-processing is a time-
consuming, data-intensive stage, so we use Spark to
perform data transformation, cleansing, anonymization,
and blocking.

The record linkage stage applies deterministic and
probabilistic algorithms to perform pairing. Between
CadÚnico and PBF databases, we can use a determi-
nistic algorithm for record linkage based on a common
attribute called NIS (social number ID). All beneficiaries

of PBF are necessarily registered in CadÚnico and there-
fore have this attribute. Linkage between CadÚnico
and any SUS database (SIH, SINAN, and SIM) must
be done through probabilistic algorithms, since there
are no common attributes to all databases.

Within SUS databases, the occurrence of incomplete
records is quite high, since many records correspond to
children or homeless people, which do not always have
identification documents or are not directly registered
in CadÚnico. In such cases, we try to find a record
of an immediate family member, when available. Ano-
ther very common problem regards incomplete or ab-
breviated names, which difficults pairing. Again, we
use Spark to execute our linkage algorithms in a timely
manner and produce the resulting data marts (files with
matched and non-matched records).

The last stage is performed by statisticians and epi-

3

19



demiologists with the support of statistical tools (Stata
and SPSS). The goal is to evaluate the accuracy of the
data marts produced by the linkage algorithms, based
on data samples from the databases involved. This step
is extremely important to validate our implementation
and provide some feedback for corrections and adjust-
ments in our workflow.

In the following sections, we discuss a case study on
the linkage of CadÚnico and SIH databases made as
a proof-of-concept of our workflow. The goal was to
generate a data mart covering such databases that is
used to analyze the incidence of tuberculosis in PBF
beneficiaries and non-beneficiaries families. We chose
the databases of the year 2011, respectively with ap-
proximately 76 million records and 56,059 records.

4.1 Data Quality Assessment
Attributes suitable for probabilistic matching should

be chosen taking into account their coexistence in all
databases, their discriminatory capacity, and their qua-
lity in terms of filling requirements and constraints. The
occurrence of null or missing values is the major pro-
blem considered at this stage. This problem can occur
by omission or negligence of the operator responsible for
filling out forms or by the faulty implementation of the
involved information systems. The analysis of missing
values is extremely important, because using a variable
that has a high incidence of empty fields brings little or
no benefit to the matching process.

In our case study, we analyzed the occurrence of null
and missing values in the CadÚnico and SIH databases.
Tables 2 and 3 show the results obtained for the most
significant attributes in each database. Based on the re-
sults, we chose three attributes: NOME (person’s or pa-
tient’s name), NASC (date of birtyp), and MUNIC RES
(city of residence).

Attribute Description Missing (%)

NIS Social number ID 0,7
NOME Person’s name 0

DT NASC Date of birth 0
MUNIC RES City of residence 55,4

SEXO Gender 0
RG General ID 48,7

CPF Individual taxpayer ID 52,1

Table 2: CadÚnico — missing values.

4.2 Data Pre-processing
Datamarts produced in our case study are composed

of linked information that reflect the pairing process
output. They should contain information about people
hospitalized in 2011 with a primary diagnosis of tuber-
culosis and their socioeconomic data, if registered in

Attribute Description Missing (%)

MUNIC RES City of residence 0
NASC Date of birth 0
SEXO Gender 0
NOME Patient’s name 0
LOGR Street name 0,9

NUM LOGR House number 16,4
COMPL LOGR Address’ complement 80,7

Table 3: SIH — missing values.

CadÚnico, relevant for epidemiological studies.
To facilitate the linkage and increase accuracy, the va-

lues of NOME attribute are transformed to uppercase
and accents (and possible pontuaction) are removed,
so as not to influence the similarity degree between
two records. Attributes with null or missing values are
treated through a simple substitution to predefined va-
lues. This ensures all records are in the same format
and contain the same information pattern.

A fundamental concern in our work is confidentiality.
We must use privacy policies to guarantee that per-
sonal data is protected throughout the workflow. Lin-
kage routines should not be able to identify any person
in any database. To accomplish this, we use Bloom
filters for record anonymization. Bloom filter is an ap-
proach that allows to check if an element belongs to a
set. An advantage of this method is that it does not
allow false negatives: if a record belongs to the set, the
method always returns true. Furthermore, false posi-
tives (two records that do not represent the same en-
tity) are allowed. This could be advantageous if the
goal is to include records containing small differences in
the matched pairs.

The construction of Bloom filters is described in [34]
and involves a vector initially populated with 0’s. De-
pending on each attribute, specific positions of this vec-
tor, determined by hash functions, are replaced with 1’s.
Our approach considers an array of 110 positions that
maps each bigram (two characters) of the attributes in-
volved. Each attribute affects a fraction of the vector:
NOME comprises the first 50 bits, NASC comprises the
following 40 bits, and MUNIC RES the last 20 bits, as
shown in Figure 1.

Fractions were chosen considering two aspects: the
ideal size a filter must have in order to represent an
attribute with a minimum probability error and the in-
fluence (or “weight”) each field has in the matching de-
cision. Accuracy depends on the filter size (and thus the
weight of each attribute), the number of hash functions,
and the number of elements added to the filter [36].
The smaller the filter, more errors and false positives
are expected because different records can generate very
similar vectors with 1’s coincidentally mapped in same
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Figure 1: Bit vector generated by Bloom filter.

positions. So, there is a classic tradeoff between size
and performance: the vector must be large enough to
increase accuracy and, at the same time, small enough
to not overload the similarity tests.

For testing our Bloom filter, we constructed three
controlled scenarios and use two databases with 50 and
20 records, respectively. The idea was to determine the
best vector size and the distribution (number of bits
for each field) that provides the best accuracy. Ta-
ble 4 shows our simulation results. In scenario 3, we
simulated filling errors. We can observe that when one
attribute has similarity index lower than the expected
value, pairing can be saved by the other two attributes
that have satisfactory similarity index.

Among all distributions that provide correct results,
the distribution with 50, 40, and 20 bits is better for
all scenarios. In this sense, the attribute MUNIC RES
must have less influence than NOME because the pro-
bability that the same value for NOME in different
databases refers to the same person is more significant
than two identical values for city.

Another important task performed during the pre-
processing stage is blocking construction. The record
linkage process requires all records from both databases
be compared in order to determine whether they match
or not. So, it demands M x N comparisons, being M
and N the sizes of the databases. However, most of the
comparisons will result in non-matched records.

In our case study, the number of comparisons between
CadÚnico (approximately 76 million records) and SIH
(56,059 records) could be quite prohibitively, so we de-
cide to group records in each database according to a
similarity criterion. We chose the MUNIC RES (city
of residence) attribute as blocking key, so that only in-
dividuals who live in the same city will be compared.
As blocking strategies are a difficult problem, we are
also considering another approaches such as adaptative
blocking [2], predicates, and phonetic codes (such as
Soundex [38], Metaphone [30], and BuscaBR [7]).

4.3 Calculation of Similarity
The decision on pairing two records depends on the

analysis of their similarity factor. In this work, we use
the Sørensen index [35], also known as Dice [9], to cal-
culate the similarity based on bigrams (two characters)

extracted from the bit vector generated by the Bloom
filter.

Given a pair of records similar to those shown in Fig-
ure 1, the similarity test runs through every bit from
both vectors in order to find three metrics: h — re-
presenting the count of 1’s in the same position in both
vectors, a and b — representing the total of 1’s in the
first and second vectors, respectively, regardless their
positions. With these values, it is possible to calculate
the Sørensen index using the following formula:

Da,b = 2h / (|a| + |b|)
Perfect result expects the number of 1’s contained in

the first vector added to the second vector be exactly
equal to twice the number of common 1’s. When this
happens, we have a result equal to 1 (great accuracy).
If two records turn out different, the value of h decreases
and the ratio starts to be smaller than 1.

We use a product by 10,000 to represent the Dice
coefficient, therefore values ranging from 0 to 10,000
are used to represent the similarity degree between two
vectors. Records are inserted in three distinct groups, as
depicted in Figure 2. Every pair whose similarity degree
is less than 9,000 is considered non-matched. Values
between 9,000 and 9,600 are included in an indecison
group for manual analysis, whereas values above 9,600
are considered true matches.

Figure 2: Similarity degrees for Dice calculation.

4.4 Record Linkage
Practical applications of record linkage exist in se-

veral areas. For the impact assessment of strategies, for
example, it is often necessary to use individual search
methods to prove if a specific situation happens in the
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Total size
and weight
distribution

Scenario 1
No matched

records expected

Scenario 2
Five perfectly matched

records expected

Scenario 3
Expected five matched records
with one incorrect character

Expected
pairings

Pairings
found

Expected
pairings

Pairings
found

Expected
pairings

Pairings
found

20x20x20 0 310 5 347 5 348
30x30x30 0 29 5 41 5 42
40x40x40 0 11 5 17 5 16
50x50x50 0 0 5 5 5 5
50x50x40 0 0 5 5 5 5
50x40x40 0 0 5 5 5 5
50x40x30 0 0 5 5 5 5
50x30x30 0 2 5 6 5 6
50x40x20 0 0 5 5 5 5

Table 4: Comparison of different vector sizes and weight distributions.

whole group being analysed. Therefore, record linkage
is a suitable method to follow cohorts of individuals
by monitoring databases that contain continuous out-
comes [32]. The interest group can be individually ob-
served in order to obtain more accurate results or to
identify variations in the characteristics of each indivi-
dual. This situation is called a longitudinal study [19].

Probabilistic approaches can be used to match records
without common keys from disparate databases. To
succeed, we must use a set of attributes for which a
probability of pairing can be set. This method requires
a careful choice of the keys involved in matching or inde-
terminancy decisions [10]. This is the case, for example,
of determining whether the records ”Maria dos Santos
Oliveira, Rua Caetano Moura, Salvador” and ”Maria
S. Oliveira, R. Caetano Moura, Salvador” refer to the
same person. The main disadvantages of probabilistic
approaches are their long execution times and the debug
complexity they impose.

One of the big challenges in probabilistic record lin-
kage is to link records with different schemas and get
a good accuracy [11]. There are many problems that
hinder pairing, such as abbreviations, different naming
conventions, omissions, transcription, and gathering er-
rors. Another big issue is scaling algorithms for large
data sets. Transformation and similarity calculation
are important challenges for the execution environment
when scaled for large databases.

5. SPARK-BASED DESIGN ISSUES
The pioneering programming model capable of han-

dling hundreds or thousands of machines in a cluster,
providing fault tolerance, petascale computing, and high
abstraction in building applications was MapReduce [8],
further popularized by its open-source implementation
provided by Hadoop [1]. Basically, this model proposed

the division of the input data into splits that must be
processed by threads, cores or machines in a cluster
responsible for implementing map or reduce functions
written by the developer. Intermediate data generated
by the first phase are stored on the local disks of pro-
cessing machines and are accessed remotely by machines
performing reduce jobs.

Hadoop was responsible for driving a number of varia-
tions seeking to meet specific requirements. Hive [37],
Pig [28], GraphLab [20], and Twister [12] are exam-
ples of initiatives classified as ”beyond Hadoop” [26],
which basically keep the MapReduce paradigm but in-
tend to generate new levels of abstractions. However,
some authors have indicated significant lacks in MapRe-
duce specially for applications that need to process large
volumes of data with strong requirements regarding ite-
rations, machine learning or even with different perfor-
mance requisites. New frameworks classified as ”be-
yond MapReduce”, such as Dremel [21], Jumbo [15],
Shark [39], and Spark [41], were created to deal with
these new requirements.

Spark is a framework that allows the design of appli-
cations based on working sets, the use of some general-
purpose languages (such as Java, Scala, and Python),
in-memory data processing and a new data distribution
model called RDD (resilient distributed dataset) [40].
RDD is a collection of read-only objects partitioned
across a set of machines that can be rebuilt if a par-
tition is lost.

The main benefits of using Spark are related to the
creation of a RDD for a dataset that must be processed.
There are two basic ways to create a RDD, both use
the SparkContext class: parallelizing a vector of iterable
items created at runtime or referencing a dataset in an
external storage system (such as a shared filesystem),
HDFS [3], HBase [14], or any data source offering a
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Hadoop-like InputFormat interface [41].
RDDs can be used through two classes of basic ope-

rations: transformations, which creates a new dataset
from an existing one; and actions, which returns a value
to the driver program after running a computation on
the dataset. The first class is implemented using lazy
evaluation and is intended to provide better perfor-
mance and management of large data sets. Transfor-
mations are only computed when an action requires a
value to be returned to the driver program [41]. Table 5
shows the main features of Spark framework we used to
implement our probabilistic record linkage algorithms.

Transformation Meaning
Returns a new RDD by

map(func) passing each element of
the source through func
Similar to map, but runs

mapPartitions(func) separately on each partition
(block) of the RDD.

Action Meaning
Returns all the elements of

collect() the dataset as an array at
the driver program.

count() Returns the number of
elements in the dataset.

Table 5: RDD API used for record linkage.

Another advantage of Spark is its ability to perform
tasks in-memory. Views generated during execution are
kept in memory, avoiding the storage of intermediate
data on hard disks. Spark’s developers claim that it is
possible to reduce the execution time up to 100 times
thanks to the use of working sets, and up to 10 times
if hard disks are used. So, our choice to use Spark
is justified by its performance, scalability, RDD’s fault
tolerance, and a very comfortable learning curve due to
its compatibility with different programming languages.

The pre-processing stage follows Algorithm 1, which
shows how this flow is implemented by the processing of
input data transformations using map functions calling
other procedures. The intention is that the function
map(blocking) starts running as map(normalize) deli-
vers its results; so we use the collect() action to ensure
this. It is important to highlight the use of the cache()
function that fits the memory with the splits extracted
from the input files.

Algorithm 1 PreProcessing

1: Input← OriginalDatabase.csv
2: Output← TreatedDatabaseAnom.bloom
3: InputSparkC← sc.textFile(Input)
4: NameSize← 50
5: BirthSize← 40
6: CitySize← 20
7: ResultBeta← InputSparkC.cache().map(normalize)
8: Result← ResultBeta.cache().map(blocking).collect()
9: for line in Result :

10: write line in Output
11: procedure normalize(rawLine)
12: splitedLine← rawLine.split(;)
13: for fields in splitedLine:
14: field← field.normalized(UTF8) return splited-

Line.join(;)

15: procedure blocking(treatedLine)
16: splLine← treatedLine.split(;)
17: splLine[0]← applyBloom(splLine[0], NameSize)
18: splLine[1]← applyBloom(splLine[1], BirthSize)
19: splLine[2] ← applyBloom(splLine[2], CitySize)

return splitedLine.join()

20: procedure applyBloom(field, vectorSize)
21: instanceInitialVectorWithSize← vectorSize
22: for n-grams in field :
23: bitsVector← Calculate positions of 1s in Vector

return bitsVector

Algorithm 2 Record linkage

1: InputMinor← TreatedDatabaseAnom1.bloom
2: InputLarger← TreatedDatabaseAnom2.bloom
3: InputSC1← sc.textFile(InputMinor)
4: InputSC2← sc.textFile(InputLarger)
5: var← InputSC1.cache().collect()
6: varbc← sc.broadcast(var)
7: InterResult← InputSC2.cache().map(compare)
8: Result← InputSC2.cache().collect()
9: for line in recordLinkageResult :

10: write line in Output
11: procedure compare(line)
12: for linebc in varbc.value:
13: get Dice index of (linebc) and (line) comparison
14: decide about the similarity
15: if Dice = 9000 then return line
16: else return None

Algorithm 2 shows our record linkage flow. We use a
RDD object, since it is read-only, to map the smallest
database (SIH). We also use a shared variable, called
broadcast by Spark, to give every node a copy of the
largest database (CadÚnico) in an efficient manner, pre-
venting communication costs, file loads, and split mana-
gement. A comparsion procedure calculates the Dice
index and decides about matching.
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6. PERFORMANCE EVALUATION
In order to evaluate the proposed workflow, we ran

out our Spark implementation on a cluster with 8 pro-
cessors Intel Xeon E74820, 16 cores, 126 GB of RAM
and a storage machine with up to 10 TB disks connected
by the NFS protocol. We compared this implementa-
tion with our OpenMP version of the same workflow,
also considering other multicore machines: an i5 pro-
cessor with 4 GB of RAM and 300 GB of hard disk and
an i7 processor with 32 GB of RAM and 350 GB of hard
disk.

6.1 Spark
For Spark, we chose three samples from CadÚnico

and SIH databases, each representing all the cities from
the states of Amapá (Sample A), Sergipe (Sample B),
and Tocantins (Sample C). These samples represent the
smallest Brazilian states in terms of number of records
in CadÚnico. Based on them, we can get an idea of the
number of comparisons and the rise in the execution
time in each case, as shown in Table 6.

Sample Size (in lines) Comparisons Exec. Time

Name CadÚnico x SIH (millions) (seconds)
A 367,892 x 147 54,0 96,26
B 1,6 mi x 171 289,5 479
C 1,02 mi x 389 397,63 656,79

Table 6: Spark results for record linkage.

These preliminary results are very promising if we
consider the possibility of scaling up the number of ma-
chines involved in data processing. Table 7 details the
time spent in each stage of the workflow. Standardiza-
tion, anonymization, and blocking stages are detailed by
Algorithm 1 and take only a few minutes in the larger
database, while the similarity test and the decision on
pairing require a longer running time. The last step
consists in recovering a pair of linked records for crea-
ting a data mart. Together, all steps do not take more
than 12 hours of execution.

CadÚnico SIH
Size (lines) approx. 87 mi approx. 61 k
Standardization

2310.4 s 36.5 sAnonymization
Blocking
Record Linkage 9,03 hours
Paired Recovery 1,31 hours

Table 7: Execution time within the workflow.

6.2 OpenMP
The OpenMP interface [29] was chosen due to its syn-

tax simplicity. This kind of implementation divides a

task between threads that execute simultaneously, dis-
tributed through processors or functional units. The
OpenMP API supports C, C++ and Fortran program
languages. The C language was chosen because of its
worldwide understanding.

The database sets used for this implementation were
files containing the results from the Bloom filter applied
during the pre-processing stage. These files have N bits
in each line (record). The goal is to make the record
linkage by calculating the Dice coefficient for each pair
of records and writing out the positive Dice results and
its respectives lines in an output file.

Access to the database sets in C language is made
through pointer types. When a parallel region of the
code is initialized, it is necessary to specify global and
local variables to the threads. If a pointer is global to
the threads, there is a race condition problem if they try
to access different positions from the same file. This
problem was solved by making these pointers private
to each thread. As it is not possible to pass pointer
types (only native types), they are created for every
line (record) from one of the files. As the files have
always the same N bits in each line, it is possible to
specify each thread to access uniquely some lines from
these files.

Tools i5 i7 Cluster
Spark 507.5 s 235.7 s 96.26 s

OpenMP 104.9 s 65.5 s 13.36 s

Table 8: OpenMP x Spark metrics (Sample A).

Table 8 shows the execution time achieved by OpenMP
for our Sample A. The machines we used have the fol-
lowing configuration: i5 (4 cores, 8 execution threads),
i7 (8 cores, 16 execution threads). The cluster has been
described in section 6. The execution time over i7 pro-
cessor was 37% shorter than i5, showing that the exe-
cution time could be even shorter when using computers
with more threads per core. Despite its shorter exe-
cution time, this approach does not provide a number
of advantages offered by Spark, such as scalability and
fault tolerance.

The number of matching record was 245. The results
were very satisfactory, taking into account that the ap-
plication runs in only one computer. This shows that
the OpenMP implementation is indicated for small lin-
kages or bigger linkages blocked by smaller parts. We
are also considering the use of OpenMP for generating
the Bloom filter and grouping records to compose the
data marts.

7. CONCLUDING REMARKS
The development of a computational infrastructure

to support projects focusing on big data from health
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systems, like the case study discussed here, was moti-
vated by two factors. First, the need to provide a tool
capable of link disparate databases with socioeconomic
and healthcare data, serving as a basis for decision-
making processes and assessment of the effectiveness
of governmental programs. Second, the availability of
recent tools for big data processing and analytics, such
as those mentioned in this work, with interesting capa-
bilities to deal with new requirements imposed by the
applications.

Among the available tools, we chose Spark due to
its in-memory facility, its scalability, and ease of pro-
gramming. Our preliminary tests present very promis-
ing results, reinforcing the need for some adjustments in
our implementation. New features recently included in
Spark could help us, such as the SparkR extension for
data quality assessment. We are also testing other tech-
niques throughout the workflow, like phonetic codes,
predicates (for blocking) and multi-bit trees.

We plan to continue our tests with OpenMP in or-
der to identify scenarios for which it can provide good
performance. The exploration of hybrid architectures
(multicore + multi-GPUs) is also in our roadmap.

The execution platform developed in this work repre-
sents a major advance in the face of existing solutions
for record linkage in Brazil. It will serve as a basis ar-
chitecture for the installation of a Referral Center for
Probabilistic Linkage, and should be supplemented with
new features regarding privacy, security, storage, among
others.

8. REFERENCES
[1] Apache. Apache Hadoop, 2014. [Online; accessed

12-december-2014].
[2] M. Bilenko, B. Kamath, and R. J. Mooney.

Adaptive blocking: learning to scale up record
linkage. In ICDM, pages 87–96. IEEE Computer
Society, 2006.

[3] D. Borthakur. HDFS architecture guide. Hadoop
Apache Project, http://hadoop. apache.
org/common/docs/current/hdfs design.pdf, 2008.

[4] K. R. Camargo Jr. and C. M. Coeli. RecLink:
aplicativo para o relacionamento de bases de
dados, implementando o método probabilistic
record linkage. Cadernos de Saúde Pública, 16:439
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uma aplicação para o Programa Bolsa Famı́lia.
Doutorado, UFMG/Cedeplar, 2008.

[33] W. Santos. Um algoritmo paralelo e eficiente para
o problema de pareamento de dados. Mestrado,
Universidade Federal de Minas Gerias, 2008.

[34] R. Schnell, T. Bachteler, and J. Reiher.
Privacy-preserving record linkage using Bloom
filters. BMC Medical Informatics and Decision
Making, 9:41, 2009.

[35] T. Sørensen. A method of establishing groups of
equal amplitude in plant sociology based on
similarity of species and its application to analyses
of the vegetation on Danish commons. Kongelige
Danske Videnskabernes Selskab, 5(4), 1948.

[36] S. Tarkoma, C. E. Rothenberg, and E. Lagerspetz.
Theory and practice of Bloom filters for
distributed systems. IEEE Communications
Surveys and Tutorials, 14(1), 2012.

[37] A. Thusoo, J. S. Sarma, N. Jain, Z. Shao,
P. Chakka, S. Anthony, H. Liu, P. Wyckoff, and
R. Murthy. Hive: a warehousing solution over a
map-reduce framework. Proceedings of the VLDB
Endowment, 2(2):1626–1629, 2009.

[38] U.S. National Archives and Records
Administration. The soundex indexing system,
2007. [Online; accessed 13-december-2014].

[39] R. S. Xin, J. Rosen, M. Zaharia, M. J. Franklin,
S. Shenker, and I. Stoica. Shark: SQL and rich
analytics at scale. In Proceedings of the 2013
international conference on Management of data,
pages 13–24. ACM, 2013.

[40] M. Zaharia, M. Chowdhury, T. Das, A. Dave,
J. Ma, M. McCauley, M. J. Franklin, S. Shenker,
and I. Stoica. Resilient distributed datasets: a
fault-tolerant abstraction for in-memory cluster
computing. In Proceedings of the 9th USENIX
conference on Networked Systems Design and
Implementation, pages 2–2. USENIX Association,
2012.

[41] M. Zaharia, M. Chowdhury, M. J. Franklin,
S. Shenker, and I. Stoica. Spark: cluster
computing with working sets. In Proceedings of
the 2Nd USENIX Conference on Hot Topics in
Cloud Computing, HotCloud’10, pages 10–10,
Berkeley, CA, USA, 2010. USENIX Association.

10

26



Communication Cost in Parallel Query Processing

Dan Suciu, University of Washington

ABSTRACT
Fix a full, conjunctive query, and consider the following
problem: what is the amount of communication required
to compute the query in parallel, on p servers, over a large
database instance? We define the Massively Parallel Com-
munication (MPC) model, where the computation proceeds
in rounds consisting of local computations followed by a
global reshuffling of the data. Servers have unlimited com-
putational power and are allowed to exchange any data, the
only cost parameters are the number of rounds and the max-
imum amount of communication per server. I will describe
tight bounds on the amount of communication for the case
of a single round and data without skew, then discuss ex-
tensions to skewed data and multiround.
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ABSTRACT
A MapReduce algorithm can be described by a mapping schema,
which assigns inputs to a set of reducers, such that for each
required output there exists a reducer that receives all the inputs
that participate in the computation of this output. Reducers have a
capacity, which limits the sets of inputs that they can be assigned.
However, individual inputs may vary in terms of size. We consider,
for the first time, mapping schemas where input sizes are part
of the considerations and restrictions. One of the significant
parameters to optimize in any MapReduce job is communication
cost between the map and reduce phases. The communication cost
can be optimized by minimizing the number of copies of inputs
sent to the reducers. The communication cost is closely related
to the number of reducers of constrained capacity that are used
to accommodate appropriately the inputs, so that the requirement
of how the inputs must meet in a reducer is satisfied. In this
work, we consider a family of problems where it is required that
each input meets with each other input in at least one reducer.
We also consider a slightly different family of problems in which,
each input of a set, X , is required to meet each input of another
set, Y , in at least one reducer. We prove that finding an optimal
mapping schema for these families of problem is NP-hard, and
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present several approximation algorithms for finding a near optimal
mapping schema.

1. INTRODUCTION
MapReduce (was introduced by Dean and Ghemawat [6]) is a
programming system used for parallel processing of large-scale
data. Input data is processed by the map phase that applies a
user-defined map function to produce intermediate data (of the
form 〈key, value〉). Afterwards, intermediate data is processed
by the reduce phase that applies a user-defined reduce function to
keys and their associated values. The final output is provided by the
reduce phase. A detailed description of MapReduce can be found
in Chapter 2 of [11].
Reducers and Reducer Capacity. An important parameter to be
considered in MapReduce algorithms is the “reducer capacity.” A
reducer is an application of the reduce function to a single key
and its associated list of values. The reducer capacity is an upper
bound on the sum of the sizes of the values that are assigned to the
reducer. For example, we may choose the reducer capacity to be the
size of the main memory of the processors on which the reducers
run. We always assume in this paper that all the reducers have an
identical capacity, denoted by q.

The term reducer capacity is introduced, here, for the first time.
There are various works in the field of MapReduce algorithms
design (e.g., [10, 13, 2, 7, 12, 3]); none of them considers the
reducer capacity.
Motivation and Examples. We demonstrate a new aspect of the
reducer capacity in the scope of several special cases. One useful
special case is where an output depends on exactly two inputs. We
present two examples where each output depends on exactly two
inputs and define two problems that are based on these examples.
Similarity-join. Similarity-join is used to find the similarity
between any two inputs, e.g., Web pages or documents. A set
of m inputs (e.g., Web pages) WP = {wp1, wp2, . . . , wpm},
a similarity function sim(x, y), and a similarity threshold t are
given, and each pair of inputs 〈wpx, wpy〉 corresponds to one
output such that sim(wpx, wpy) ≥ t.

It is necessary to compare all-pairs of inputs when the
similarity measure is sufficiently complex that shortcuts like
locality-sensitive hashing are not available. Therefore, it is
mandatory that every two inputs (Web pages) of the given input
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Figure 1: Similarity-join example.

set (WP ) are compared. The similarity-join is useful in various
applications, mentioned in [4], e.g., near-duplicate document
detection and collaborative filtering.

In Figure 1, an example of similarity-join is given as it is
applied to Web pages. We are given a set of m Web pages, and a
mapper (a mapper is an application of the map function to a single
input) would take only a single Web page, and a reducer produces
pairs of every two Web pages and their similarity score.
Skew join of two relations X(A, B) and Y (B, C). The join of
relations X(A, B) and Y (B, C), where the joining attribute is
B, provides the output tuples 〈a, b, c〉, where (a, b) is in X and
(b, c) is in Y . One or both of the relations X and Y may have
a large number of tuples with the same B-value. A value of the
joining attribute B that occurs many times is known as a heavy
hitter. In skew join of X(A, B) and Y (B, C), all the tuples of both
the relations with the same heavy hitter should appear together to
provide the output tuples.

In Figure 2, b1 is considered as a heavy hitter, hence, it is
required that all the tuples of X(A, B) and Y (B, C) with the
heavy hitter, b1, should appear together to provide the desired
output tuples, 〈a, b1, c〉 (a ∈ A, b1 ∈ B, c ∈ C), which depend
on exactly two inputs. It is worth noting that all the tuples of both
the relations that have a common value of the joining attribute B,
except b1, are now also required to appear together to provide the
remaining output tuples.
Problem Statement. We define two problems where exactly two
inputs are required for computing an output, as follows:
All-to-All problem. In the all-to-all (A2A) problem, a set of inputs

is given, and each pair of inputs corresponds to one output.
Computing common friends on a social networking site,
similarity-join [4, 15, 14], the drug-interaction problem [13],
and the Hamming distance 1 problem [2] are examples of
tasks for which an output depends on exactly two inputs, and
the set of outputs requires us to consider each pair of inputs.

X-to-Y problem. In the X-to-Y (X2Y) problem, two disjoint sets
X and Y are given, and each pair of elements 〈xi, yj〉, where
xi ∈ X, yj ∈ Y, ∀i, j, of the sets X and Y corresponds to
one output. Skew join and outer product or tensor product
are examples.

The communication cost, i.e., the total amount of data
transmitted from the map phase to the reduce phase, is a
significant factor in the performance of a MapReduce algorithm.
The communication cost comes with tradeoff in the degree of
parallelism, however.

A reducer of large enough capacity can be used to
accommodate all the given inputs, and provide the desired outputs.
This results in the minimum communication cost but also in
the minimum parallelism. Higher parallelism requires more
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Figure 2: Skew join example for a heavy hitter, b1.

reducers (hence, of smaller reducer capacity), and hence a larger
communication cost (because the copies of the given inputs are
required to be assigned to more reducers).

A substantial level of parallelism can be achieved with fewer
reducers, and hence, yield a smaller communication cost. Thus,
we focus on minimizing the total number of reducers, for a given
reducer capacity q. A smaller number of reducers results in a
smaller communication cost. Thus, the reducer capacity, q, reflects
also the degree of parallelism we want, since if we want more
parallelism we can explore the problem in question for smaller q.
Related Work. Afrati et al. [2] presents a model for MapReduce
algorithms where an output depends on two inputs, and shows a
tradeoff between communication cost and parallelism. In [3], the
authors consider the case where each pair of inputs produces an
output and present an upper bound that meets the lower bound on
communication cost as a function of the total number of inputs sent
to a reducer. However, both in [2] and [3] the authors regard the
reducer capacity in terms of the total number of inputs (assuming
each input is of an identical size) sent to a reducer. Our setting
is closely related to the settings given by Afrati et al. [2] but we
allow the input sizes to be different. Thus, we consider a more
realistic setting for MapReduce algorithms that can be used in
various practical scenarios.
Our Contribution. In this paper, we provide:
•Mapping schemas for the A2A and the X2Y problems, which take
into account the fact that inputs have different sizes, while all the
reducers have an identical and fixed capacity (Section 2).
• A tradeoff between the reducer capacity and the total number
of reducers, which is demonstrated using similarity-join and skew
join (Section 2). A tradeoff between the reducer capacity and the
parallelism at the reduce phase, and a tradeoff between the reducer
capacity and the communication cost is detailed in Section 2 as
well.
• A proof that the A2A mapping schema problem for one and
two reducers has a polynomial solution, and the same problem
is NP-hard in the case of more than two reducers of an identical
capacity (Section 3). Also, we prove that the X2Y mapping schema
problem for one reducer has a polynomial solution, and the same
problem is NP-hard in the case of more than one reducer of an
identical capacity (Section 3).
• A set of heuristics, for the A2A mapping schema problem and the
X2Y mapping schema problem, that is based on First-Fit Decreasing
(FFD) or Best-Fit Decreasing (BFD) bin-packing algorithm, and a
pseudo polynomial bin-packing algorithm (Sections 4 and 5).

2. MAPPING SCHEMA AND TRADEOFFS
Our system setting is an extension of the standard system setting [2]
for MapReduce algorithms, where we consider, for the first time,
inputs of different sizes. The system setting is suitable for a variety
of problems where exactly two inputs are required for an output.
To demonstrate the influence of the extra considerations, we define
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Figure 3: An example to the A2A mapping schema problem.

mapping schema and consider the communication cost tradeoff, as
we elaborate next.
Mapping Schema. A mapping schema is an assignment of the
set of inputs to some given reducers under the following two
constraints:
• A reducer is assigned inputs whose sum of the sizes is less than
or equal to the reducer capacity q.
• For each output, we must assign the corresponding inputs to at
least one reducer in common.
Tradeoffs. The following tradeoffs appear in MapReduce
algorithms and in particular in our setting:
• A tradeoff between the reducer capacity and the total number of
reducers. For example, large reducer capacity allows the use of a
smaller number of reducers.
• A tradeoff between the reducer capacity and the parallelism. For
example, large reducer capacity results in less parallelism.
• A tradeoff between the reducer capacity and the communication
cost.

In the subsequent subsections, we present two types of
mapping schema problems with fitting examples and explain the
three tradeoffs.

2.1 The A2A Mapping Schema Problem
The A2A mapping schema problem is defined in terms of a set of
inputs, a size for each input, a set of reducers, and a mapping from
outputs to sets of inputs. An instance of the A2A mapping schema
problem consists of a set of m inputs whose input size set is W =
{w1, w2, . . . , wm} and a set of z reducers of capacity q. A solution
to the A2A mapping schema problem assigns every pair of inputs to
at least one reducer in common, without exceeding q at any reducer.
Example. We are given a set of seven inputs
I = {i1, i2, . . . , i7} whose size set is W =
{0.20q, 0.20q, 0.20q, 0.19q, 0.19q, 0.18q, 0.18q} and reducers of
capacity q. In Figure 3, we show two different ways that we can
assign the inputs to reducers. The best we can do to minimize the
communication cost is to use three reducers. However, there is less
parallelism at the reduce phase as compared to when we use six
reducers. Observe that when we use six reducers, then all reducers
have a lighter load, since each reducer may have capacity less than
0.8q.
Explanation of tradeoffs. Similarity-join is an example of the A2A
mapping schema problem, and the tradeoffs can also be explained
with the help of similarity-join example. Consider that m Web
pages are of w1, w2, . . . , wm sizes. A single reducer of capacity
q = w1 + w2 + . . . + wm is able to find the similarity between
every pair of Web pages. The use of only one reducer results in no
parallelism at the reduce phase. But at the same time, the use of
a single reducer yields the minimum possible communication cost.
On the other hand, in case q is small but is still greater than or equal
to wi + wj , for any i and j, then more reducers are required, and
a higher level of parallelism is obtained. But, at the same time, the
communication cost is higher, since every input is communicated
to m− 1 reducers.

𝑤1 = 𝑤2 = 0.25𝑞, 𝑤3 = 𝑤4 = 0.24𝑞, 𝑤5 = 𝑤6 = 0.23𝑞,
𝑤7 = 𝑤8 = 0.22𝑞, 𝑤9 = 𝑤10 = 0.21𝑞, 𝑤11 = 𝑤12 = 0.20𝑞

𝑤1, 𝑤2, 𝑤1
′ , 𝑤2

′

𝑤3, 𝑤4, 𝑤1
′ , 𝑤2

′

𝑤5, 𝑤6, 𝑤1
′ , 𝑤2

′

𝑤7, 𝑤8, 𝑤1
′ , 𝑤2

′

𝑤9, 𝑤10, 𝑤1
′ , 𝑤2

′

𝑤11, 𝑤12, 𝑤1
′ , 𝑤2

′
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′
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′

𝑤7, 𝑤8, 𝑤3
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′

𝑤9, 𝑤10, 𝑤3
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′
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′ , 𝑤4

′
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′
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′
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′

𝑤1, 𝑤2, 𝑤3, 𝑤2
′

𝑤4, 𝑤5, 𝑤6, 𝑤2
′

𝑤7, 𝑤8, 𝑤9, 𝑤2
′
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′

𝑤1, 𝑤2, 𝑤3, 𝑤3
′

𝑤4, 𝑤5, 𝑤6, 𝑤3
′

𝑤7, 𝑤8, 𝑤9, 𝑤3
′

𝑤10, 𝑤11, 𝑤12, 𝑤3
′

𝑤1, 𝑤2, 𝑤3, 𝑤4
′

𝑤4, 𝑤5, 𝑤6, 𝑤4
′

𝑤7, 𝑤8, 𝑤9, 𝑤4
′

𝑤10, 𝑤11, 𝑤12, 𝑤4
′

𝑤1
′ = 𝑤2

′ = 0.25𝑞, 𝑤3
′ = 𝑤4

′ = 0.24𝑞

Inputs of set 𝑋

Inputs of set 𝑌

The first way to assign inputs

using 12 reducers

The second way to assign inputs

using 16 reducers

Figure 4: An example to the X2Y mapping schema problem.

2.2 The X2Y Mapping Schema Problem
The X2Y mapping schema problem is defined in terms of two
disjoint sets X and Y of inputs, a size for each input, a set of
reducers, and a mapping from outputs to sets of inputs. An instance
of the X2Y mapping schema problem consists of two disjoint sets
X and Y and a set of reducers of capacity q. The inputs of the
set X are of sizes w1, w2, . . . , wm, and the inputs of the set Y are
of sizes w′1, w′2, . . . , w′n. A solution to the X2Y mapping schema
problem assigns every two inputs, the first from one set, X , and the
second from the other set, Y , to at least one reducer in common,
without exceeding q at any reducer.
Example. We are given two sets X of 12 inputs and Y of 4 inputs,
see Figure 4, and reducers of capacity q. We show that we can
assign each input of the set X with each input of the set Y in two
ways. In order to minimize the communication cost, the best way
is to use 12 reducers. Note that we cannot obtain a solution for the
given inputs using less than 12 reducers. However, the use of 12
reducers results in less parallelism at the reduce phase as compared
to when we use 16 reducers.
Explanation of tradeoffs. Skew join of two relations X(A, B)
and Y (B, C) for a heavy hitter is an example of the X2Y mapping
schema problem. We also explain the tradeoffs using the example
of skew join. We assume that both the relations X(A, B) and
Y (B, C) have only a single heavy hitter, say b1. Note that we
do not consider tuples with no heavy hitter.

A reducer of capacity q that is sufficient to hold all the tuples
of X(A, B) and Y (B, C) with the heavy hitter results in the
minimum communication cost. However, due to a single reducer,
there is no parallelism at the reduce phase. In addition, a single
reducer takes a long time to produce all the desired output tuples of
the heavy hitter.

In order to decrease the time (or when q is small but still
enough to hold only two tuples, the first from X(A, B) and the
second from Y (B, C), which have the common B-value), we can
restrict reducers in a way that they can hold many tuples, but not
all the tuples with the heavy-hitter-value. In this case, we use more
reducers, which result in a higher level of parallelism at the reduce
phase. But, there is a higher communication cost, since each tuple
with the heavy hitter must be sent to more than one reducer.

3. INTRACTABILITY OF FINDING A
MAPPING SCHEMA

In this section, we will show that the A2A and the X2Y mapping
schema problems do not possess a polynomial solution. In other
words, we will show that the assignment of two required inputs
to the minimum number of reducers to find solutions to the A2A
and the X2Y mapping schema problems cannot be achieved in
polynomial time.
NP-hardness of the A2A Mapping Schema Problem. A set
of inputs I = {i1, i2, . . . , im} whose input size set is W =
{w1, w2, . . . , wm} and a set of reducers R = {r1, r2, . . . , rz}, are
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an input instance to the A2A mapping schema problem. The A2A
mapping schema problem is a decision problem that asks whether
or not there exists a mapping schema for the given input instance
such that every input, ix, is assigned with every other input, iy , to
at least one reducer in common. An answer to the A2A mapping
schema problem will be “yes,” if for each pair of inputs (〈ix, iy〉),
there is at least one reducer that holds them.

Now we prove that the A2A mapping schema problem has a
polynomial solution to one and two reducers. If there is only one
reducer, then the answer is “yes” if and only if the sum of the input
sizes

∑m
i=1 wi is at most q. On the other hand, if q <

∑m
i=1 wi,

then the answer is “no.” In case of two reducers, if a single reducer
is not able to accommodate all the given inputs, then there must be
at least one input that is assigned to only one of the reducers, and
hence, this input is not paired with all the other inputs. In that case,
the answer is “no.” Therefore, we achieve a polynomial solution to
the A2A mapping schema problem for one and two reducers. Next,
we will prove that the A2A mapping schema problem is an NP-hard
problem for z > 2 reducers.

Theorem 1 The problem of finding whether a mapping schema of
m inputs of different input sizes exists, where every two inputs are
assigned to at least one of z ≥ 3 identical-capacity reducers, is
NP-hard.

Proof is omitted from here and given in [1].
NP-hardness of the X2Y Mapping Schema Problem. Two sets
of inputs, X = {i1, i2, . . . , im} whose input size set is Wx =
{w1, w2, . . . , wm} and Y = {i′1, i′2, . . . , i′n} whose input size
set is Wy = {w′1, w′2, . . . , w′n}, and a set of reducers R =
{r1, r2, . . . , rz} are an input instance to the X2Y mapping schema
problem. The X2Y mapping schema problem is a decision problem
that asks whether or not there exists a mapping schema for the given
input instance such that each input of the set X is assigned with
each input of the set Y to at least one reducer in common. An
answer to the X2Y mapping schema problem will be “yes,” if for
each pair of inputs, the first from X and the second from Y , there
is at least one reducer that has both those inputs.

The X2Y mapping schema problem has a polynomial solution
for the case of a single reducer. If there is only one reducer, then the
answer is “yes” if and only if the sum of the input sizes

∑m
i=1 wi +∑n

i=1 w′i is at most q. On the other hand, if q <
∑m

i=1 wi +∑n
i=1 w′i, then the answer is “no.” Next, we will prove that the

X2Y mapping schema problem is an NP-hard problem for z > 1
reducers.

Theorem 2 The problem of finding whether a mapping schema of
m and n inputs of different input sizes that belongs to set X and
set Y , respectively, exists, where every two inputs, the first from
X and the second from Y , are assigned to at least one of z ≥ 2
identical-capacity reducers, is NP-hard.

Proof is omitted from here and given in [1].

4. HEURISTICS FOR THE A2A MAPPING
SCHEMA PROBLEM

Since the A2A Mapping Schema Problem is NP-hard, in polynomial
time we cannot assign each pair of inputs to the minimum number
of reducers, which results in the optimum communication between
the map phase and the reduce phase. In this section, we propose
several heuristics for the A2A mapping schema problem that are
based on bin-packing algorithms, selection of a prime number p,
and division of inputs into two sets based on their sizes. In addition,

the proposed heuristics assume that a fixed reducer capacity q is
given. The heuristics have two cases depending on the sizes of the
inputs, as follows:
1. Input sizes are upper bounded by q

2
,

2. One input is of size, say wi, greater than q
2

, but less than q, and
all the other inputs have size less than or equal to q − wi,

The idea of the heuristics is: if the two largest inputs are greater
than the given reducer capacity q, then there is no solution to the
A2A mapping schema problem because these two inputs cannot be
assigned to a single reducer in common.
Parameters for bounds analysis. We analyze our heuristics on
three parameters, as follows:
1. Minimum number of reducers, r(m, q). The minimum
number of reducers of capacity q that can solve the A2A (and X2Y)
mapping schema problem(s) for the given inputs with certain size
restrictions.
2. Replication of individual inputs. Inputs of different sizes need
to be replicated at different numbers of reducers. We therefore
need to consider the minimum number of reducers to which each
individual input is sent.
3. The total communication cost, c. The total communication
cost is defined to be the sum of all the bits that are required to
transfer from the map phase to the reduce phase.

4.1 All the inputs sizes are upper bounded by
q
2

We first consider the case where all the input sizes are at most q
2

size. We consider the following two cases in this section: (i) all the
inputs are potentially of different sizes but at most size q

2
, and (ii)

all the inputs sizes are almost equal or there are a lot of inputs of
very small size. Particularity, all the inputs are of size at most q

k
,

where k > 1,

4.1.1 Different-sized inputs but at most size q
2

We first provide a heuristic for inputs of potentially different sizes,
where the largest input can have at most size q

2
. The heuristic uses

a bin-packing algorithm to place the given m inputs into bins of
size q

2
. Before going into details of the heuristic, we look at the

lower bound on the replication of an input i (of size wi), the total
number of reducers, and the total communication cost between the
map phase and the reduce phase. The bounds are given in Table 1.

Theorem 3 (Replication of individual inputs) For a set of m
inputs and a given reducer capacity q, an input i of size wi < q
is required to be sent to at least

⌈
s−wi
q−wi

⌉
reducers for a solution to

the A2A mapping schema problem, where s is the sum of all the
input sizes.

PROOF. Consider an input i of size wi. The input i can share a
reducer with inputs whose sum of the sizes is at most q − wi. In
order to assign the input i with all the remaining m − 1 inputs, it
is required to assign subsets of the m − 1 inputs, each subset with
sum of sizes at most size q − wi. Such an assignment results in
at least

⌈
s−wi
q−wi

⌉
subsets of the m − 1 inputs. Thus, the input i is

required to be sent to at least
⌈

s−wi
q−wi

⌉
reducers to be paired with all

the remaining m− 1 inputs.

Theorem 4 (The total communication cost and number of
reducers) For a set of m inputs and a given reducer capacity q, the
total communication cost and the total number of reducers, for the
A2A mapping schema problem, are at least s2

q
and s2

q2 , respectively,
where s is the sum of all the input sizes.
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PROOF. Since an input i is replicated to at least
⌈

s−wi
q−wi

⌉

reducers, the communication cost for the input i is wi × d s−wi
q−wi

⌉
.

Hence, the total communication cost for all the inputs will be at
least

∑m
i=1 wi

s−wi
q−wi

. Since s ≥ q, we can conclude s−wi
q−wi

≥ s
q

.

Thus, the total communication cost is at least
∑m

i=1 wi
s
q

= s2

q
.

Since the total communication cost, the total number of bits to
be assigned to reducers, is at least s2

q
, and a reducer can hold inputs

whose sum of the sizes is at most q, the total number of reducers
must be at least s2

q2 .

Bin-packing-based Heuristic. First-Fit Decreasing (FFD) and
Best-Fit Decreasing (BFD) [5] are most notable bin-packing
algorithms. We use the FFD or BFD bin-packing algorithm to
place the given m inputs to bins of size q

2
. Assume that FFD or

BFD bin-packing algorithm needs x bins to place m inputs, and
now, each of such bins is considered as a single input of size q

2
.

Since the reducer capacity is q, any two bins can be assigned to a
single reducer. Hence, the heuristic uses at most r(m, q) = x(x−1)

2
reducers; see Figure 5. There also exists a pseudo polynomial
bin-packing algorithm, suggested by Karger and Scott [9], that can
place the m inputs in as few bins as possible of size q

2
.

w1 = w2 = w3 = 0.20q, w4 = w5 = 0.19q,
w6 = w7 = 0.18q

w1, w2

Four bins, each of size q
2

w3, w4 w5, w6 w7

w1, w2 w3, w4

Six reducers

w1, w2 w5, w6

w1, w2 w7

w3, w4 w5, w6

w3, w4 w7

w5, w6 w7

1

Figure 5: Bin-packing-based heuristic.

Total required
reducers. FFD and
BFD bin-packing
algorithms provide
an 11

9
· OPT

approximation
ratio [8], i.e.,
if any optimum
bin-packing
algorithm needs
OPT bins to place
(m) inputs in the
bins of a given size
(say, q

2
), then FFD and BFD bin-packing algorithms always use

at most 11
9
· OPT bins of the same size (to place the given m

inputs). Since we require at most x(x−1)
2

reducers for a solution to
the A2A mapping schema problem, the heuristic requires at most

r(m, q) =
( 11

9
·OPT)

2

2
reducers.

Note that, here in this case, OPT does not indicate the optimum
number of reducers to assign m inputs that satisfy the A2A mapping
schema problem; OPT indicates the optimum number of bins of size
q
2

that are required to place m inputs.
The following theorem gives the upper bounds that this

heuristic achieves on the replication of an inputs, the total
communication cost and the number of reducers.

Theorem 5 (Upper bounds from the heuristic) The above
heuristic using a bin size b = q

2
where q is the reducer capacity

achieves the following three upper bounds: The total number
of reducers, the replication of individual inputs, and the total
communication cost, for the A2A mapping schema problem, are at
most 8s2

q2 , at most 4 s
q

, and at most 4 s2

q
, respectively, where s is the

sum of all the input sizes.

PROOF. A bin i can hold inputs whose sum of the sizes is at
most b. Since the total sum of the sizes is s, it is required to divide
the inputs into at least s

b
bins. Since the FFD or BFD bin-packing

algorithm ensures that all the bins (except only one bin) are at least
half-full, each bin of size q

2
has at least inputs whose sum of the

sizes is at least q
4

. Thus, all the inputs can be placed in at most

w1 = 0.20q, w2 = 0.20q, w3 = 0.20q, w4 = 0.19q, w5 = 0.19q,
w6 = 0.18q, w7 = 0.18q

w1, w2

Four bins, each of size q
2

w3, w4 w5, w6 w7

w1, w2 w3, w4

Bin-packing-based solution Another way to assign the inputs

w1, w2 w5, w6

w1, w2 w7

w3, w4 w5, w6

w3, w4 w7

w5, w6 w7

w1, w2, w3, w4, w7

w1, w2, w5, w6, w7

w3, w4, w5, w6, w7

1

Figure 7: Comparison between the bin-packing-based heuristic and
the proposed algorithms for almost equal-sized inputs.

s
q/4

bins of size q
2

. Since each bin is considered as a single input,
we can assign every two bins at a reducer, and hence, we require
at most 8s2

q2 reducers. Since each bin is replicated to at most 4 s
q

reducers, the replication of individual inputs is at most 4 s
q

and the

total communication cost is at most
∑

1≤i≤m wi×4 s
q

= 4 s2

q
.

4.1.2 Almost equal-sized inputs
In this section, we provide two algorithms for m almost equal-sized
( q

k
, where k > 1) inputs to assign each pair of inputs to reducers

of capacity q. In other word, we are given a lot of inputs of very
small sizes as compared to q. We pack all these inputs to bins of
unit size, and then consider each bin as a single input of unit-size.
Equivalently, we can take the reducer capacity to be q and the inputs
to be of unit size. In what follows, we will continue to use q as the
reducer capacity and assume all inputs are of unit size.

The two algorithms can be summarized as follows: 2-step
algorithms (Algorithm 1 and Algorithm 2) handle the case of m
unit-sized inputs and odd-even values of the reducer capacity q.
Algorithms 1 and 2 assume that q is an odd or an even number,
respectively.

Aside. Algorithms 1 and 2 have an advantage over the
bin-packing-based heuristic (Section 4.1.1). When inputs of almost
identical sizes are given, the bin-packing-based heuristic uses more
reducers as compared to Algorithms 1 and 2. For example, we
are given a set of seven inputs I = {i1, i2, . . . , i7} whose size
set is W = {0.20q, 0.20q, 0.20q, 0.19q, 0.19q, 0.18q, 0.18q}. In
this case, the bin-packing-based heuristic uses at least six reducers
while we can assign them to three reducers, see Figure 7.

Our goal to use Algorithms 1, 2, 3, and 4 is to minimize the
communication cost between the map and reduce phases for a given
number of unit-sized inputs and the reducer capacity q. Before
going into details of algorithms for q > 2, we look at the lower
bound on the total communication cost between the map and reduce
phases. The case of m inputs of size one and reducers of capacity
two is trivial. In this case, we can assign every pair of inputs to a
single reducer, which results in r(m, q) = m(m−1)

2
reducers, and

moreover, it is clearly impossible to use fewer reducers.

Theorem 6 (Replication of individual inputs) For a given
reducer capacity q > 1 and a set of m inputs of size one, an input
i required to be sent to at least

⌈
m−1
q−1

⌉
reducers for a solution to

the A2A mapping schema problem.

PROOF. Consider an input i. The input i can share a reducer
with only q − 1 inputs. In order to assign the input i with all the
remaining m − 1 inputs, it is required to create disjoint subsets of
the remaining m− 1 inputs such that each subset can hold at most
q − 1 inputs. In this manner, there are at least

⌈
m−1
q−1

⌉
subsets of
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Cases Solutions Sections Theorems Replication of individual inputs Reducers Communication cost

The lower bounds for the A2A mapping schema problem

Different-sized inputs 4.1.1 3 and 4 s
q

s2

q2
s2

q

Almost equal-sized inputs 4.1.2 6 and 7
⌈

m−1
q−1

⌉ ⌊
m
q

⌋⌈
m−1
q−1

⌉
m

⌈
m−1
q−1

⌉

The lower bounds for the X2Y mapping schema problem

Different-sized inputs 5 13 and 14 sumx
q ,

sumy
q

2·sumx·sumy

q2
2·sumx·sumy

q

The upper bounds for the A2A mapping schema problem

Different-sized inputs Bin-packing-based heuristic 4.1.1 5 4s
q

8s2

q2
4s2

q

Almost equal-sized inputs
Algorithm 1 4.1.2 9

⌈
2m
q−1

⌉
− 1 (

⌈
2m

(q−1)

⌉
)2/2 m

(⌈
2m

(q−1)

⌉
− 1

)

Algorithm 2 4.1.2 11
⌈

2m
q

⌉
− 1 (

⌈
2m

q

⌉
)2/2 m

(⌈
2m

q

⌉
− 1

)

An input of size > q
2 Bin-packing-based heuristic 4.2 12 m − 1 m − 1 + 8s2

q2 (m − 1) · q + 4s2

q

The upper bounds for the X2Y mapping schema problem

Different-sized inputs, q = 2b Bin-packing-based heuristic 5 15 2·sumx
b ,

2·sumy
b

4·sumx·sumy

b2
4·sumx·sumy

b

Table 1: The bounds for heuristics for the A2A and the X2Y mapping schema problems.

Algorithm 1, with q = 3, divides m unit-sized inputs into two disjoint sets A and B of y and x ≤ y − 1 inputs respectively. (The
selection of the value of y will be described later. But, note that we prefer y to be a power of 2, and if y 6= 2i and y > 4, i > 2, then we
add unit-sized dummy inputs so that y is a power of 2.) When q = 3, we organize (y − 1) ×

⌈
y
2

⌉
reducers (each of capacity three) in

the form of y− 1 teams of
⌈

y
2

⌉
players (or reducers) in each team, and these reducers are used to assign each input of the set A with all

the remaining inputs of the sets A and B. Note that a team must have each of the inputs of the set A occurring exactly once among the
reducers of that team, and this fact will be clear soon.
There are (y − 1) ×

⌈
y
2

⌉
pairs of inputs of the set A (each of size two) and there are the same number of reducers (each of capacity

three); hence, it is possible to assign one pair to each reducer, and these two inputs become two of the three inputs allowed to each
reducer. Once, we assign every pair of inputs of the set A to (y− 1)×

⌈
y
2

⌉
reducers, then we assign ith input of the set B to all the

⌈
y
2

⌉

reducers of ith team. Further, we follow a similar procedure on inputs of the set B to assign each pair of the remaining x inputs.

4, 8, 9

Team 1

3, 7, 9

2, 6, 9

1, 5, 9

4, 5, 10

Team 2

3, 8, 10

2, 7, 10

1, 6, 10

4, 6, 11

Team 3

3, 5, 11

2, 8, 11

1, 7, 11

4, 7, 12

Team 4

3, 6, 12

2, 5, 12

1, 8, 12

6, 8, 13

Team 5

5, 7, 13

2, 4, 13

1, 3, 13

6, 7, 14

Team 6

5, 8, 14

2, 3, 14

1, 4, 14

7, 8, 15

Team 7

5, 6, 15

3, 4, 15

1, 2, 15

I = {1, 2, . . . , 15}
A = {1, 2, . . . , 8}
B = {9, 10, . . . , 15}

1

Team 8

10, 12, 13

9, 11, 13

Team 9

10, 11, 14

9, 12, 14

Team 10

11, 12, 15

9, 10, 15 13, 14, 15I1 = {9, 10, . . . , 15}
A1 = {9, 10, 11, 12}
B1 = {13, 14, 15} An additional reducer

1

Example. We are given 15 inputs (I = {1, 2, . . . , 15}) of size one and q = 3. We create two sets, namely A of y = 8 inputs and B
of x = 7 inputs, and arrange (y − 1) ×

⌈
y
2

⌉
= 28 reducers in the form of 7 teams of 4 players (or reducers) in each team. These 7

teams assign each input of the set A with all the remaining inputs of the set A and the set B. We pair every two inputs of the set A and
assign them to exactly one of 28 reducers. (All these pairs of the inputs of the set A are created and assigned using lines 10, 12, and 13
of Algorithm 1.) Once every pair of y = 8 inputs of the set A is assigned to exactly one of 28 reducers, then we assign ith input of the
set B to all the four reducers of ith team, see Team 1 to Team 7. Of course, the third input in ith team is ith input of the set B.
Now note that the first four teams pair inputs 1-4 with inputs 5-8. The first team (Team 1) has pairs {1, 5}, {2, 6}, {3, 7}, and {4, 8}.
Team 2-4 has pairs by rotation of the 5-8 inputs. Teams 5 and 6 handle pairs of 1-2 with 3-4 and 5-6 with 7-8, respectively, in the same
way, and the last team has pairs {1, 2}, {3, 4}, . . . , {7, 8}.
Next, we implement the same procedure on 7 inputs of the set B. We create two sets, say A1 = {9, 10, 11, 12} of y1 = 4 inputs and
B1 = {13, 14, 15} of x1 = 3. Then, we arrange (y1 − 1)×

⌈
y1
2

⌉
= 6 reducers in the form of 3 teams of 2 reducers in each team. We

assign each pair of inputs of the set A1 to these 6 reducers, and then ith input of the set B1 to all the two reducers of a team, see Team 8
to Team 10. Further, we assign the remaining inputs of the set B1 to a single reducer. The assignment of inputs to Teams 8-10 follows
the same procedure as we did for Teams 1-7.
We have three claims, as follows: (i) each input of the set A appears exactly once in each team, (ii) the set B holds x ≤ y − 1 inputs
when q = 3, and (iii) the given algorithm assigns each pair of inputs to at least one reducer. We will prove these claims in algorithm
correctness.

Figure 6: 2-step algorithm (Algorithm 1) for the reducer capacity q = 3 and m = 15.
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m − 1 inputs. Hence, the input i is required to be sent to at least⌈
m−1
q−1

⌉
reducers.

Theorem 7 (The total communication cost and number of
reducers) For a given reducer capacity q > 1 and a set of m inputs
of size one, the total communication cost and the total number
of reducers, for the A2A mapping schema problem, are at least
m
⌈

m−1
q−1

⌉
and at least

⌊
m
q

⌋⌈
m−1
q−1

⌉
, respectively.

PROOF. Since an input i is required to be sent to at least
⌈

m−1
q−1

⌉

reducers, the sum of the number of copies of (m) inputs sent to
reducers is at least m

⌈
m−1
q−1

⌉
, which result in at least m

⌈
m−1
q−1

⌉

communication cost.
There are at least m

⌈
m−1
q−1

⌉
total number of copies of (m)

inputs to be sent to reducers and a reducer can hold at most q inputs;
hence, at least

⌊
m
q

⌋⌈
m−1
q−1

⌉
reducers are required.

Algorithm 1: 2-step algorithm when the reducer capacity q is
an odd number. For the sake of understanding and presentation,
we first present two examples, where q = 3, i.e, a reducer can
hold at most three unit-sized inputs; see Figure 6 (and q = 5, i.e.,
a reducer can hold at most five unit-sized inputs; see Figure 11
in [1]).

Following the example given for q = 3 (in Figure 6), we
present our algorithm (see Algorithm 1) that handles any odd value
of q. The algorithm consists of five steps as follows:
1. Divide m inputs into two sets A and B of size y =

⌊
q
2

⌋
(
⌊

2m
q+1

⌋
+

1) and x = m− y, respectively.
2. Group the y inputs into u =

⌈
y

q−dq/2e
⌉

disjoint groups, where
each group holds

⌈
q−1

2

⌉
inputs. (We consider each of the u (=⌈

y
q−dq/2e

⌉
) disjoint groups as a single input that we call the derived

input. By making u disjoint groups1 (or derived inputs) of y inputs
of the set A, we turn the case of any odd value of q to a case where
a reducer can hold only three inputs, the first two inputs are pairs
of the derived inputs and the third input is from the set B.)
3. Organize (u − 1) ×

⌈
u
2

⌉
reducers, each of capacity q, in the

form of u − 1 teams of
⌈

u
2

⌉
reducers in each team. Assign every

two groups to one of (u − 1) ×
⌈

u
2

⌉
reducers. To do so, we will

prove the following Lemma 1, and its proof is omitted from here
due to space and given in [1].

Lemma 1 Each pair of u = 2i, i > 0, inputs can be assigned
to 2i − 1 teams of 2i−1 reducers in each team, where the reducer
capacity is q and the size of each input is

⌈
q−1

2

⌉
.

4. Once every pair of the derived inputs are assigned, then assign
ith input of the set B to all the reducers of ith team.
5. Apply (the above mentioned) steps 1-4 on the set B until there
is a solution to the A2A mapping schema problem for the x inputs.
Algorithm description. Algorithm 1 provides a solution to the A2A
mapping schema problem for unit-sized inputs when q is an odd
number. First, we divide m inputs into two sets A and B. Then,
we make u =

⌈
y

q−dq/2e
⌉

disjoint groups of y inputs of the set A

such that each group holds q−1
2

inputs, lines 1, 2. (Now, each of
the groups is considered as a single input that we call the derived
1We suppose that u is a power of 2. In case u is not a power of
2 and u > q, we add dummy inputs each of size

⌈
q−1

2

⌉
so that u

becomes a power of 2. Consider that we require d dummy inputs.
If groups of inputs of the set B each of size

⌈
q−1

2

⌉
are less than

equal to d dummy inputs, then we use inputs of the set B in place
of dummy inputs, and the set B will be empty.

input.) We do not show the addition of dummy inputs and assume
that u is a power of 2. Function 2_step_odd_q(lower, upper)
recursively divides the derived inputs into two halves, line 4.
Function Assignment(lower , mid , upper) (line 8) pairs every
two derived inputs and assigns them to the respective reducers
(line 10). Each reducer of the last team is assigned using function
Last_Team(groupA[]), lines 14, 15.

Note that functions 2_step_odd_q(lower, upper),
Assignment(lower , mid , upper), and
value_b(lower, t, mid, upper) take two common parameters,
namely lower and upper where lower is the first derived
input and upper is the last derived input (i.e., uth group) at
the time of the first call to functions, line 3. Once all-pairs of
the derived inputs are assigned to reducers, line 10, function
Assign_input_from_B(T eam[]) assigns ith input of the set
B to all the

⌈
u
2

⌉
reducers of ith team, lines 16, 17. After that,

algorithm is invoked over inputs of the set B to assign each pair of
the remaining inputs of the set B to reducers until every pair to the
remaining inputs is assigned to reducers.
Algorithm correctness. The algorithm correctness proves that every
pair of inputs is assigned to reducers. Specifically, we prove that all
those pairs of inputs, 〈i, j〉 and 〈i′, j′〉, of the set A are assigned to
a team whose i 6= i′ and j 6= j′ (Claim 1). Then that all the inputs
of the set A appear exactly once in each team (Claim 2). We then
prove that the set B holds x ≤ y−1 inputs, when q = 3 (Claim 3).
At last we conclude in Theorem 8 that Algorithm 1 assigns each
pair of inputs to reducers.

Note that we are proving all the above mentioned claims for
q = 3; the cases for q > 3 can be generalized trivially where we
make u =

⌈
y

q−dq/2e
⌉

derived inputs from y inputs of the set A

(and assign in a manner that all the inputs of the A are paired with
all the remaining m− 1 inputs).

Claim 1 Pairs of inputs 〈i, j〉 and 〈i′, j′〉, where i 6= i′ or j 6= j′,
of the set A are assigned to a team.

PROOF. First, consider i = i′ and j 6= j′, where 〈i, j〉 and
〈i′, j′〉 must be assigned to two different teams. If j 6= j′, then
both the j values may have an identical value of lower and mid
but they must have two different values of t (see lines 12, 13 of
Algorithm 1), where j = lower + t + mid or j = lower + t.
Thus, for two different values of j , we use two different values of
t, say t1 and t2, that results in an assignment of 〈i, j〉 and 〈i′, j′〉
to two different teams t1 and t2, (note that teams are also selected
based on the value of t, (y − 2 · mid + 1) + t, see line 10 of
Algorithm 1, where for q = 3, we have u = y). Suppose now that
i 6= i′ and j = j′, where 〈i, j〉 and 〈i′, j′〉 must be assigned to two
different teams. In this case, we also have two different values of
t, and hence, two different t values assign 〈i, j〉 and 〈i′, j′〉 to two
different teams ((y − 2 ·mid + 1) + t, line 10 of Algorithm 1).

Hence, it is clear that pairs 〈i, j〉 and 〈i′, j′〉, where i 6= i′ and
j 6= j′, are assigned to a team.

Claim 2 All the inputs of the set A appear exactly once in each
team.

PROOF. There are the same number of pairs of inputs of the set
A and the total number of reducers ((y − 1)

⌈
y
2

⌉
) that can provide

a solution to the A2A mapping schema problem for the y inputs of
the set A. Note that if there is a input pair 〈i, j〉 in team t, then the
team t cannot hold any pair that has either i or j in the remaining⌈

y
2

⌉
− 1 reducers. For the given y inputs of the set A, there are at

most
⌈

y
2

⌉
disjoint pairs 〈i1, j1〉, 〈i2, j2〉, . . ., 〈idy/2e, jdy/2e〉 such

that i1 6= i2 6= . . . 6= idy/2e 6= j1 6= j2 6= . . . 6= jdy/2e. Hence,
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Algorithm 1: 2-step algorithm for an odd value of q.
Inputs:
m: total number of unit-sized inputs
q: the reducer capacity.
Variables:
A: A set A, where the total inputs in the set A is y =

⌊
q
2

⌋
(
⌊

2m
q+1

⌋
+ 1).

B: A set B, where the total inputs in the B is x = m− (
⌈

y
q−dq/2e

⌉
− 1).

Team[i, j] : represents teams of reducers, where index i indicates ith team and index j indicates jth reducer in ith team. Consider
u =

⌈
y

q−dq/2e
⌉
. There are u− 1 teams of v =

⌈
u
2

⌉
reducers in each team.

groupA[] : represents disjoint groups of inputs of the set A, where groupA[i] indicates ith group of
⌈

q−1
2

⌉
inputs of the A.

1 Function create_group(y) begin
2 for i← 1 to u do groupA[i]← 〈i, i + 1 . . . , i + q−1

2
− 1〉, i← i + q−1

2
;

3 2_step_odd_q(1, u), Last_Team(groupA[]), Assign_input_from_B(T eam[])

4 Function 2_step_odd_q(lower, upper) begin
5 if

⌊
upper−lower

2

⌋
< 1 then return;

6 else
7 mid←

⌈
upper−lower

2

⌉
, Assignment(lower , mid , upper), 2_step_odd_q(lower, mid), 2_step_odd_q(mid + 1, upper)

8 Function Assignment(lower , mid , upper) begin
9 while mid > 1 do

10 foreach (a, t) ∈ [lower, lower + mid− 1]× [0, mid− 1] do
Team

[
(u− 2 ·mid + 1) + t, a−

⌊
a−1
mid

⌋
· mid

2

]
← 〈groupA[a], groupA[value_b(a, t, mid, upper)]〉 ;

11 Function value_b(a, t, mid, upper) begin
12 if a + t + mid < upper + 1 then return (a + t + mid) ;
13 else if a + t + mid > upper then return (a + t) ;

14 Function Last_Team(lower , mid , upper) begin
15 foreach i ∈ [1, v] do Team[u− 1, i]← groupA[2× i− 1], groupA[2× i] ;

16 Function Assign_input_from_B(T eam[]) begin
17 foreach (i, j) ∈ [1, u− 1]× [1, v] do Team[i, j]← B[i] ;

all y inputs of the set A are assigned to a team, where no input is
assigned twice in a team.

Claim 3 When the reducer capacity q = 3, the set B holds at most
x ≤ y − 1 inputs.

PROOF. Since a pair of inputs of the set A requires at most q−1
capacity of a reducer and each team holds all the inputs of the set
A, an input from the set B can be assigned to all the reducers of
the team. In this manner, all the inputs of the set A are also paired
with an input of the set B. Since there are y − 1 teams and each
team is assigned an input of the set B, the set B can hold at most
x ≤ y − 1 inputs.

Theorem 8 Algorithm 1 assigns each pair of the given m inputs to
reducers.

PROOF. We have (y − 1)
⌈

y
2

⌉
pairs of inputs of the set A of

size q − 1, and there are the same number of reducers; hence, each
reducer can hold one input pair. Further, the remaining capacity
of all the reducers of each team can be used to assign an input of
B. Hence, all the inputs of A are paired with every other input and
every input of B (as we proved in Claims 2 and 3). Following the
fact that the inputs of the set A are paired with all the m inputs, the
inputs of the set B is also paired by following a similar procedure
on them. Thus, Algorithm 1 assigns each pair of the given m inputs
to reducers.

Theorem 9 Algorithm 1 requires at most (
⌈

2m
(q−1)

⌉
)2/2 reducers

and results in at most m
(⌈

2m
(q−1)

⌉
− 1
)

communication cost.

PROOF. There are at most x =
⌈

2m
q−1

⌉
groups (derived inputs)

of the given m inputs. In order to assign each pair of the
derived inputs, each derived input is required to assign to at most
x − 1 reducers. This fact results in at most m

(⌈
2m

(q−1)

⌉
− 1

)

communication cost, and there are at most (
⌈

2m
(q−1)

⌉
)2/2 pairs of

the derived inputs that require at most (
⌈

2m
(q−1)

⌉
)2/2 reducers.

Algorithm 2: 2-step algorithm when the reducer capacity q is
an even number. We present our algorithm (see Algorithm 2) that
handles any even value of q. For the sake of understanding and
presentation, we first present an example where q = 4, namely the
case in which a reducer can hold at most four unit-sized inputs, as
demonstrated in Figure 8 (Figure 8 is self-explainable; however,
interested readers may refer to Figure 12 in [1] for details). Note
that unlike the algorithm for odd values of q (Algorithm 1) the
algorithm for even values of q (Algorithm 2) does not divide the
m inputs into two sets. The algorithm consists of two steps, as
follows:
1. Group the given m inputs into u =

⌈
2m
q

⌉
disjoint groups,

2. Organize (u−1)× u
2

reducers, each of capacity q, in the form of
u− 1 teams of u

2
reducers in each team. Assign every two groups

to one of (u−1)× u
2

reducers. We use Lemma 1 for the assignment
of every two groups.

Note that we consider each of the u (=
⌈

2m
q

⌉
) groups as a

single input that we call the derived input. By making u disjoint
groups of the m inputs, we turn the case of any even value of q
to a case when q = 2 (i.e., a reducer can hold only two unit-sized
inputs) and assign every two derived inputs to reducers. In this
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Team 1

I = {1, 2, . . . , 16} 1, 2 3, 4 5, 6 7, 8 9, 10 11, 12 13, 14 15, 16

1, 2 9, 10

3, 4 11, 12

5, 6 13, 14

7, 8 15, 16

Team 2

1, 2 11, 12

3, 4 13, 14

5, 6 15, 16

7, 8 9, 10

Team 3

1, 2 13, 14

3, 4 15, 16

5, 6 9, 10

7, 8 11, 12

Team 4

1, 2 15, 16

3, 4 9, 10

5, 6 11, 12

7, 8 13, 14

Team 5

1, 2 5, 6

3, 4 7, 8

9, 10 13, 14

11, 12 15, 16

Team 6

1, 2 7, 8

3, 4 5, 6

9, 10 15, 16

11, 12 13, 14

Team 7

1, 2 3, 4

5, 6 7, 8

9, 10 11, 12

13, 14 15, 16

8 groups

1

Figure 8: 2-step algorithm (Algorithm 2) when the reducer capacity q = 4.

Algorithm 2: 2-step algorithm for an even value of q.
Inputs: m: total number of unit-sized inputs.
q: the reducer capacity.
Variables: Team[i, j] : represents teams of reducers, where index
i indicates ith team and index j indicates jth reducer in ith team.
Consider u =

⌈
2m
q

⌉
. There are u− 1 teams of

⌈
u
2

⌉
reducers in

each team.
groupA[] : represents disjoint groups of inputs of the set A, where
groupA[i] indicates ith group of

⌈
q
2

⌉
inputs of the set A.

1 Function create_group(m) begin
2 for i← 1 to u do

groupA[i]← 〈i, i + 1 . . . , i + q
2
− 1〉, i← i + q

2
;

3 2_step_even_q(1, u), Last_Team(1 ,
⌈

u−1
2

⌉
, u)

4 Function 2_step_even_q(lower, upper) begin
5 if

⌊
upper−lower

2

⌋
< 1 then return;

6 else
7 mid←

⌈
upper−lower

2

⌉
,

Assignment(lower , mid , upper),
2_step_even_q(lower, mid),
2_step_even_q(mid + 1, upper),

manner, each input of the set A is assigned with all the remaining
m− 1 inputs.
Algorithm description. Algorithm 2 provides a solution to the
A2A mapping schema problem for unit-sized inputs when q is
an even number. Recall that Algorithm 1 and Algorithm 2 are
almost similar except Algorithm 2 does not create two sets A
and B. We first make u =

⌈
2m
q

⌉
disjoint groups of the given

m inputs such that each group holds q
2

inputs (lines 2), (and
consider each of the groups as a single input, the derived input).
Function 2_step_even_q(lower, upper) recursively divides the
derived inputs into two halves, lines 4 and 7. Function
Assignment(lower , mid , upper) (line 7) is a similar function as
given for Algorithm 1 (see line 8 of Algorithm 1) and makes
pairs of every two derived inputs. Function Last_Team(group[])
(lines 3) assigns inputs to the last team, i.e., team u− 1. Note that
function Last_Team(group[]) is same as given for Algorithm 1
(see line 14 of Algorithm 1).
Algorithm correctness. We show that every pair of inputs is
assigned to reducers. Specifically, Algorithm 2 satisfies two claims,
as follows:

Claim 4 Pairs of derived inputs 〈i, j〉 and 〈i′, j′〉, where i 6= i′ or
j 6= j′, are assigned to a team.

Claim 5 All the given m inputs appear exactly once in each team.

Theorem 10 Algorithm 2 assigns each pair of the given m inputs
to reducers.

Theorem 11 Algorithm 2 requires at most (
⌈

2m
q

⌉
)2/2 reducers

and results in at most m
(⌈

2m
q

⌉
− 1
)

communication cost.

Claim 4, Claim 5, Theorems 10, and 11 can be proved in
a similar manner as Claim 1, Claim 2, Theorems 8, and 9,
respectively. Detailed proofs are given in [1].

4.2 A big input of size greater than q
2

We now consider the case of an input of size wi, q
2

< wi < q;
we call such an input as a big input. Note that if there are two
big inputs, then they cannot be assigned to a single reducer, and
hence, there is no solution to the A2A mapping schema problem.
We assume m inputs of different sizes are given. There is a big
input and all the remaining m − 1 inputs, which we call the small
inputs, have at most size q − wi.

We use FFD or BFD bin-packing algorithm to place the small
inputs to bins of size q −wi. Now, we consider each of the bins as
a single input of size q − wi. Let x bins are used. We assign each
of the x bins to one reducer with a copy of the big input. Further,
we assign the small inputs to bins of size q

2
, and consider each of

such bins as a single input of size q
2

. Now, we can assign each pair
of bins (each of size q

2
) to reducers. In this manner, each pair of

inputs is assigned to reducers.

Theorem 12 (Upper bounds from the heuristic) For a set of m
inputs where a big input, i, of size q

2
< wi < q and for a given

reducer capacity q, q < s′ < s, an input is replicated to at most
m−1 reducers for the A2A mapping schema problem, and the total
number of reducers and the total communication cost are at most
m−1 + 8s2

q2 and (m−1)q + 4s2

q
, respectively, where s′ is the sum

of all the input sizes except the size of the big input and s is the sum
of all the input sizes.

PROOF. The big input i can share a reducer with inputs whose
sum of the sizes is at most q − wi. In order to assign the input i
with all the remaining m − 1 small inputs, it is required to assign
a subset of m− 1 inputs whose sum of the sizes is at most q −wi.
If all the small inputs are of size almost q − wi, then a reducer can
hold the big input and one of the small inputs. Hence, the big input
is required to be sent to at most m − 1 reducers that results in at
most (m− 1)q communication cost.

Also, each pair of all the small inputs is assigned to reducers
(by first placing them to bins of size q

2
using FFD or BFD

bin-packing algorithm). The assignment of all the small inputs
results in at most 8s′2

q2 < 8s2

q2 reducers and at most 4s′2
q

< 4s2

q

communication cost (Theorem 5). Thus, the total number of
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reducers are at most m − 1 + 8s2

q2 and the total communication

cost is at most (m− 1)q + 4s2

q
.

5. A HEURISTIC FOR THE X2Y MAPPING
SCHEMA PROBLEM

We propose a heuristic for the X2Y mapping schema problem that is
based on bin-packing algorithms. The proposed heuristic assumes
a fixed reducer capacity q. Two sets, X of m inputs and Y of n
inputs, are given. We assume that the sum of input sizes of the sets
X , denoted by sumx, and Y , denoted by sumy , is greater than q.
We analyze the heuristic on criteria given in Section 4. We look at
the lower bounds in Theorems 13 and 14, and Theorem 15 gives an
upper bound from a heuristic. The bounds are given in Table 1.

Theorem 13 (Replication of individual inputs) For a set X of m
inputs, a set Y of n inputs, and a given reducer capacity q, an input
i of the set X is required to be sent to at least sumy

q
reducers and an

input j of the set Y is required to be sent to at least sumx
q

reducers
for a solution to the X2Y mapping schema problem.

Theorem 14 (The total communication cost and number of
reducers) For a set X of m inputs, a set Y of n inputs, and a
given reducer capacity q, the total communication cost and the
total number of reducers, for the X2Y mapping schema problem,
are at least 2·sumx·sumy

q
and 2·sumx·sumy

q2 , respectively.

Bin-packing-based heuristic for the X2Y mapping schema
problem. A solution to the X2Y mapping schema problem
for different-sized inputs can be achieved using bin-packing
algorithms. Let a fixed reducer capacity q, two sets X of m inputs,
and Y of n inputs are given. The heuristic will not work when a
set holds an input of size wi and the another set holds an input of
size greater than q − wi, because these inputs cannot be assigned
to a single reducer in common. Let the size of the largest input, i,
of the set X is wi; hence, all the inputs of the set Y have at most
size q−wi. We place inputs of the set X to bins of size wi, and let
x bins are used to place m inputs. Also, we place inputs of the set
Y to bins of size q − wi, and let y bins are used to place n inputs.
Now, we consider each of the bins as a single input, and a solution
to the X2Y mapping schema problem is obtained by assigning each
of the x bins with each of the y bins to reducers. In this manner,
we require x · y reducers.

Theorem 15 (Upper bounds from the heuristic) For a bin size b,
a given reducer capacity q = 2b, and with each input of sets X
and Y being of size at most b, the total number of reducers, the
replication of an individual input of the set X (resp. Y ), and the
total communication cost, for the X2Y mapping schema problem,
are at most 4·sumx·sumy

b2 , at most 2·sumy

b
(resp. at most 2·sumx

b
),

and at most 4·sumx·sumy

b
, respectively.

Proofs of Theorems 13, 14, and 15 are given in [1].

6. CONCLUSION
Two new important practical aspects in the context of MapReduce,
namely different-sized inputs and the reducer capacity, are
introduced for the first time. The capacity of a reducer is defined in
terms of the reducer’s memory size. We note that processing time
is typically proportional to the memory capacity. All reducers have
an identical capacity, and any reducer cannot hold inputs whose

input sizes are more than the reducer capacity. We demonstrated
the importance of the capacity aspect by considering two common
mapping schema problems of MapReduce, A2A mapping schema
problem – every two inputs are required to be assigned to at least
one common reducer – X2Y mapping schema problem – every two
inputs, the first input from a set X and the second input from a
set Y – is required to be assigned to at least one common reducer.
Unfortunately, it turned out that finding solutions to the A2A and
the X2Y mapping schema problems that use the minimum number
of reducers is not possible in polynomial time. On the positive
side, we present near optimal heuristics for the A2A and the X2Y
mapping schema problems.
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ABSTRACT
We present two algorithms, each depending on a different
data fragmentation of the XML tree. They both compute
XPath queries in MapReduce, by first computing subqueries
and then combining their results. We compute the replica-
tion rate of each algorithm and show it is less than 2.

1. INTRODUCTION
In this paper, we study how to use MapReduce to compute
XPath queries on large XML files. We focus on optimizing
the communication cost. It is known that the sequential
complexity of evaluating XPath queries on XML trees falls
into lower complexity classes with high parallelizable prob-
lems [3]. The tree structure of both the data and the query
facilitate the low sequential complexity. However, when it
comes to using a distributed computational environment to
evaluate such queries, and especially when using the MapRe-
duce framework, rigorous work that optimizes the significant
performance measures is missing. In starting such an inves-
tigation, first we note that, unlike relational databases, XML
files have a hierarchical structure that makes distribution to
compute-nodes special, in that chunks of data in HDFS are
already structured. This structure can be used already in
the mappers to compute partial answers to the query [9, 10,
6, 7, 5]. Another approach (which is not discussed in this
work) would be to view the data as a collection of one binary
relation and a set of unary relations which are distributed to
the compute-nodes (mappers) randomly, thus the tree struc-
ture of the data cannot be used. This approach however does
not seem to have an obvious advantage – although it may
be worth being investigated rigoursly in order to figure out
its limits.

Communication cost is the size of data transferred among
the compute-nodes during a MapReduce job and it affects
performance. Communication cost per input is the replica-
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tion rate [4] (one node counts as one input).

In this paper, we give lower bounds on the replication rate
for XPath queries on XML trees, taking into account a limit
on the size of each compute-node. The size of a compute-
node is the number of XML tree nodes stored. The lower
bounds we derive for each round are smaller than 2. Actu-
ally we give proof of the validity of these lower bounds, by
providing an algorithm that achieves this replication rate.

The algorithms presented here use more than one rounds
of MapReduce. In the first round, the data are distributed
to the compute nodes and subqueries are computed. The
next round(s) combine the partial results of the subqueries
to compute the final result. For each of the algorithms
we assume a different fragmentation of the XML tree. We
do not discuss how to implement this fragmentation, which
would be necessary for these algorithms to derive also upper
bounds on the replication rate.

In particular we present two algorithms, one in Sec. 3, where
we do the assumption that a path from the root to any leaf
of the XML tree fits in one compute-node, so descendant
edges of the query are accommodated. The other algorithm
(Sec. 4) accommodates descendant edges in the next rounds
after partial descendant-free subqueries are evaluated.

2. PRELIMINARIES
2.1 XML trees and XPath Queries
Consider a directed, rooted, labeled tree t, where its labels
come from an infinite set Σ. We denoteN (t) and E(t) the set
of nodes and edges, respectively, of t, and we write label(n)
to denote the label of a node n of t. The number d of
edges of the unique path through which n is reachable from
root of t is said to be the depth of n. We define children
and descendants of a node if there is an edge or a path,
respectively.

We consider two types of trees, those that represent XML
documents and those that represent XPath queries. An
XML document is represented by a tree (also called XML
tree) having labels from Σ on its nodes. XPath queries are
different from XML trees in three aspects. First, the labels of
a query come from the set Σ∪{∗}, where ∗ is the “wildcard”
symbol. Second, a query P has two types of edges: E/(P )
is the set of child edges (represented by a single line) and
E//(P ) is the set of descendant edges (represented by a dou-
ble line). Third, a non-Boolean query P has an output node,
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denoted by out(P ), and is represented by a circled node. A
Boolean XPath query does not have any output node. With-
out loss of generality, we will only consider Boolean queries
here. A subquery of Q is a single XPath query having a
subset of both the nodes and the edges of Q. Furthermore,
given an XML tree t and a node n of t, we say that the tree
rooted at n is a subtree of t. A subquery is Boolean or has
the same output as the query if the output node is in the
subquery.

The result of applying a query Q on an XML tree t is based
on a set of mappings from the nodes of Q to the nodes
of t, called embeddings. An embedding from Q to t is a
mapping e : N (Q) → N (t) with the following properties:
(1) Root preserving: e(root(Q)) = root(t), (2) Label pre-
serving: For all nodes n ∈ N (Q), either label(n) = ∗ or
label(n) = label(e(n)), (3) Child preserving: For all edges
(n1, n2) ∈ E/(Q), we have that (e(n1), e(n2)) ∈ E(t), and
(4) Descendant preserving: For all edges (n1, n2) ∈ E//(Q),
the node e(n2) is a proper descendant of the node e(n1).

The result Q(t), now, of applying a non-Boolean query Q
on a tree t is formally defined as follows:

Q(t) = {e(out(Q))|e is an embedding from Q to t)}.
If Q is a Boolean query then the result Q(t) is “true”, only
if there is an embedding from Q to t. A partial embedding
of the query is an embedding of a subtree of the query on
the data tree.

According to Dewey encoding system [1], a unique identifier
of the form x0.x1.x2. . . . .xd can be assigned to each node n
of an XML tree. These labels help to decide whether one
node is descendant of another (if and only if the Dewey label
of the latter is a prefix of the Dewey label of the former), or
what is the distance between nodes on the XML tree.

2.2 MapReduce
We will assume that the reader is familiar with MapReduce
(details can be found in [2]). However, we need to explain
our setting. Typically, each MapReduce job has a map phase
and a reduce phase. If we have a sequence of such jobs, then
the reducers of the first job send their data to the map-
pers of the second job, etc. However, the reducers of the
first job may act also as mappers of the second job (if it
is convenient for the problem at hand) and thus, distribute
the data themselves to the reducers of the second job. This
is the approach we take here. Hence, we will talk about
compute-nodes, instead of distinguishing between mappers
and reducers. There is another unconventionality we adopt.
Since we use the algorithms we present to argue for lower
bounds on the replication rate, we assume that the mappers
of the first job have the ability to send any subtree of the
XML to the first reducers. This is not totally unrealistic,
since many experiments on XML data do a similar fragmen-
tation as ours, because it is a natural way to obtain XML
data from HDFS.

3. XML TREE OF SHORT DEPTH
In this section, we consider XML trees where the root-to-
leafs paths fit into main memory of compute-nodes; i.e., the
size of each compute-node is larger than the depth of the
XML tree.

3.1 Data Fragmentation
The fragmentation of the XML tree is done so that in each
compute-node we include one subtree of the data tree. Each
subtree is rooted in some data node u and all its leaves are
leaves of the data tree. We also include the path from the
root of the XML tree to u. As we will prove later, including
this path adds little extra cost to the replication rate – while,
apparently, prunes more nodes.

3.2 Computing and Combining Subqueries
We name the nodes of the query tree by ni, i = 1, 2, . . ..
E.g., in Figure 1, the tree on the left is an XPath query with
23 nodes.

Definition 1. If there is a partial embedding from the
query to the XML tree that maps node ni of the query to
node u of the data tree such that all the descendants of ni

participate (are mapped on some data node) in the partial
embedding, then we say that node u is a ni-node.

Note that the same node can be both a ni-node and nj-
node, for distinct i and j. Thus, by considering partial em-
beddings, we say that we create adorned nodes, where the
adornment is a nonempty set of nodes from the query tree.
Hence, if ni is in the adornment set of a data node mj then
mj is a ni-node.

After distributing the data, each compute-node calculates
partial embeddings of the query and finds maximal ni-nodes,
for all i, i.e., the parent of a maximal ni-node is not a nj-
node where nj is the parent of ni on the query tree.

We only distribute to the compute-nodes of second round a)
the adorned nodes which have at least one maximal adorn-
ment in their adornment set and b) all their ancestors (re-
member they are in the same compute-node). If we can
afford to send all such data nodes to one compute-node,
then we begin to adorn more nodes as follows: If a node u
with a non maximal adornment ni has children, each child
with adornment nij , for all the nij , j = 1, 2, . . . children of
the query node ni, then we maximally adorn u with ni. We
terminate this procedure when we find no more nodes to
maximally adorn.

If we decide to apply multiple rounds to combine the partial
results from the first round, then use the following observa-
tion:

• We call a node candidate ni-node if some of its children
are adorned accordingly maximally.

• If a data node u is a candidate ni-node then all its
maximally adorned children must meet in the same
compute-node in the next round (otherwise “progress”
is not made).

The above multi-round distribution is feasible because we
do in each compute-node a special kind of deduplication, so
that it never emits two siblings with the same adornment.
Now, in the following subsection we calculate the replication
rate that results from the kind of data fragmentation we
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do. This calculation applies to both the data fragmentation
method in this section and to each of the next necessary
rounds that combine the subqueries, since in all cases we
distribute similarly structured data (only less, when non-
adorned nodes are not distributed).

3.3 Analysis of replication rate
We examine the replication rate of the phase where we dis-
tribute the data to the compute-nodes. We analyze in detail
two special cases in this section.

3.3.1 Two level XML tree with high degree
Here, we assume that the XML tree has a root with m0

children and each child ci of the root has qmi children itself,
where q is the size of a compute-node. These are all leaves
of the XML tree. Thus the XML tree T has n = 1 + m0 +
qΣm0

1 mi nodes in total. For convenience in the calculations
below, we assume that each compute-node has size q + 2.

Each compute-node is identified by a number from 1 to M =
Σm0

1 mi. We send each child of the root ci to mi compute-
nodes and each leaf to one compute-node. We send the root
to all the compute-nodes. The total number of compute-
nodes we use is Σm0

1 mi.

In particular child ci is sent to a number of compute-nodes
with identifiers (here i can be thought of as the second dot
in the Dewey label):

x + Σi−1
j=1mj , x = 1, 2, . . . , mi

Each leaf li is sent only to one compute-node. The commu-
nication cost is:

C = Σm0
1 mi + Σm0

1 mi + qΣm0
1 mi

The first term corresponds to the root, the second term to
the children of the root and the final term to the leaves. The
replication rate is r = C/n. Since m0 ≤ Σm0

1 mi, it is easy
to prove that r ≤ 1 + 1

q
.

3.3.2 XML tree being a full binary tree
Here, we assume the XML tree is a full binary tree with n
nodes. Since we have assumed that the size q of a compute-
node is larger than the length of the path from the root to
a leaf, we have here that q > log n. Again for convenience
in the calculations, we assume that the compute-node size
is q + log n− log q with q > log n.

In this case, each compute-node gets a whole subtree (with
its leaves being all leaves of the XML tree) of size q. Thus
the depth of this subtree is log q. The nodes in the XML tree
that are closer to the root than log n − log q are replicated
a number of times. In particular, the nodes at distance
log n − log q − i (i = 1, . . . , log n − log q − 1) from the root
are replicated 2i times. Thus communication for each level
(distance from root) is:

2log n−log q−i × 2i = 2log n−log q =
n

q

Hence the total communication cost is:

(n− n

q
) +

n

q
× (log n− log q)

The first term counts for the nodes that are replicated once.
By dividing the above by n, replication rate is

(1− 1

q
) +

1

q
× (log n− log q)

This is approximately log n/q. Since the assumption is that
a path from the root to any leaf of the XML tree fits in one
compute-node, log n < q.

3.3.3 General Remarks
In order to calculate the replication rate in the general case
we combine the intuition from the two cases we analyzed
in detail. The calculation is based on the following remark
for the case where all roots (call them primary roots) in the
data tree that define compute-nodes are in the same level
(as in the cases we studied in detail, e.g., full binary tree).
We believe that this remark can be extended for the general
case too.

• The total communication cost for all nodes at any level
is the same.

In order to prove this remark, we consider a node in the data
tree that is a parent of some primary root. This node adds
as much to the communication cost as add all its children,
because it is sent to exactly all compute-nodes its children
are sent (and no two children are sent to the same compute-
node).

4. TALL XML TREES
Here we assume that a root-leaf path may not fit in one
compute-node but a neigborhood of radius dQ in the XML
tree can fit, where dQ is the maximum acceptable depth of
a descendant-free (to be defined shortly) subquery.

4.1 Data fragmentation
Consider an XML tree t of depth dt. Since there are root-to-
leaf paths that cannot fit into main memory of the compute-
nodes, we aim to split the root-to-leaf paths. Considering a
positive number m (which will depend on compute-node size
q), we construct a set of fragments for each i = 1, . . . , d dt

m
e

which contains each tree node whose depth is included in
the range [(i − 1) dt

m
, i dt

m
+ dQ]. Furthermore, notice that

every two adjacent fragments overlap. In particular, the ith

fragment contains the top dQ nodes from the set i+1, where
i = 1, . . . , d( dt

m
)e. This overlap ensures that each subquery

given by the decomposition described in next section can be
completely answered in some fragment.

4.2 Computing and Combining Subqueries
Definition 2. Let Q be a query tree and E//(Q) be the

set of descendant edges of Q. Then the descendant-free sub-
queries of Q are the queries obtained by eliminating the de-
scendant edges from Q. We denote the set of the descendant-
free subqueries of a query Q as C(Q).

It is easy to see that for each descendant edge d = (n1, n2)
in E//(Q), there is a pair of queries Q1, Q2 in CQ such that
n2 is the root node of Q2 while n1 is a leaf node of Q1.

Here we need some more definitions. A node n of a subquery
Q′ in C(Q), such that there exists a descendant edge (n, m)
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Figure 1: A query Q and its descendant-free subqueries Q1, Q2, Q3, Q4, Q5, and Q6.

in Q, is called a border node of Q′. The set of border nodes
of Q′ is denoted by N//(Q′). A descendant-free subquery Q′

that does not contain border nodes is a leaf subquery while a
subquery that contains a border node is said to be a non-leaf
subquery.

Example 1. A query tree Q and the set of descendant-free
trees C(Q) = {Q1, Q2, Q3, Q4, Q5, Q6}, obtained by its
decomposition appear in Figure 1. The set of border nodes
of Q is N//(Q) = {n1, n2, n6, n9}. Q3, Q4, Q5 and Q6 are
leaf subqueries while Q1 and Q2 are non-leaf subqueries.

Definition 3. Let t be an XML tree, Q be a query and
C(Q) = {Q1, Q2}. Assume that N (Q1) = q0 and q1 =
root(Q2). Let e1 be an embedding from Q1 to t such that
q0 maps on data node u and e2 be an embedding from Q2

to t such that q1 maps on data node v. Suppose that v is a
descendant of u. The composition of e1 and e2, denoted as
e1 ◦ e2, is a mapping e from N (Q) to t such that for each
n ∈ N (Q1) then e(n) = e1(n), otherwise e(n) = e2(n).

Evaluation Strategy 1. The query evaluation strategy con-
sists in the following three steps:

1. Decompose the query Q into a set of descendant-free
subqueries C(Q).

2. Evaluate separately each subquery in C(Q).

3. Combine appropriately (pairwise as per Definition 3)
the embeddings of the queries in C(Q) to find the em-
beddings of Q.

To combine appropriately the embeddings of the subqueries
in C(Q) we can follow either a multi-round approach or a
single-round approach. In the ith round of the multi-round
approach, we construct one compute-node for each image u
of the ith border node (proceeding bottom-up in that we first
consider border nodes that have descendant edges to roots of
trees without border nodes). We send to this compute-node
all the descendants of u (Dewey label is used here). The
trade-off between the two approaches is that the amount of
pairs received by a compute-node may exceed the size of
the compute-node; while following multi-round approach we
perform iterative pruning of the intermediate pairs and we
reduce the amount of the pairs sent to each compute-node
in each round.

4.3 Replication rate analysis
The replication rate is less than 2 during the data fragmenta-
tion, since some of the data are replicated only once and the
rest only twice. For the replication rate during the other
rounds, we assume again deduplication (in a similar sense
as in the first algorithm) in the first round. Thus, each
compute-node emits only one (of each nj-nodes set) descen-
dant of a specific data node. The Dewey labels are used to
recognize that. Hence we can assume again that all “rele-
vant” descendants of a specific data node fit in one compute-
node.

5. REFERENCES
[1] S. Abiteboul, I. Manolescu, P. Rigaux, M.-C. Rousset,

and P. Senellart. Web Data Management. Cambridge
University Press, 2011.

[2] J. Leskovec, A. Rajaraman, and J.D. Ullman. Mining
of massive datasets. Cambridge University Press, 2014.

[3] G. Gottlob, C. Koch, and R. Pichler The Complexity
of XPath Query Evaluation. PODS, 179–190, 2003.

[4] F. N. Afrati, A. D. Sarma, S. Salihoglu, J. D. Ullman.
Upper and Lower Bounds on the Cost of a Map-Reduce
Computation. PVLDB, 6(4):277–288, 2013

[5] N. Bidoit, D. Colazzo, N. Malla, F. Ulliana, M. Nolé,
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1. INTRODUCTION
Nondeterministic Finite-state Automata (NFA) are

simple, yet powerful devices that model a plethora of
computationally oriented phenomena. One of the ad-
vantages of NFA’s is that they are closed under several
operations, such as concatenation, intersection, differ-
ence, and homomorphic images. This makes NFA’s ide-
ally suited for a modular approach, for instance in the
context of protocol design and web service composition.
A simple, but illustrative example of an e-commerce
application designed from components can be found in
Chapter 2 in [5]. The salient operation here is the in-
tersection of several finite state automata.

Problems relating to NFA’s have been widely stud-
ied in the literature. One of the main issues for the
NFA intersection problem is that the size of the out-
put NFA is the product of the size of all input NFA’s.
There is not much hope for improvement, since testing
for emptiness of the intersection of a set languages rep-
resented by NFA’s is known to be PSPACE-complete
[8]. The most commonly used algorithm for computing
the intersection NFA is to use the Cartesian construct
for product automata. If there are m input NFA’s each
having n states, the product NFA will have nm states.
It therefore would be important to come up with good
distributed algorithms for the problem.

Google introduced map-reduce as a parallel program-
ming model [4] that can work over large clusters of com-
modity computers. Map-reduce provides a high-level
framework for designing and implementing such paral-
lelism. A growing number of papers deal with map-
reduce algorithms for various problems, for instance re-
lated to graphs [12, 9, 3, 11], and related to relational
joins [2, 6, 7].

In this paper we investigate the problem of imple-
menting the Cartesian construct in map-reduce. We
follow the optimization approach of Afrati et al. [1] and
analyze the replication rate required for computing the

©2015, Copyright is with the authors. Published in the Workshop Pro-
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product NFA. The replication rate corresponds intu-
itively to the total amount of communication between
the processes in the cluster. We first derive a lower
bound for the replication rate in the product computa-
tion. We then propose three algorithms for the prod-
uct computation and analyze their behaviors, thereby
obtaining upper bounds for the replication rate. Our
study shows that in the case where the size of the alpha-
bet for the NFA’s is large and we have a large number
of reducers available, an algorithm that distributes the
transitions of the input NFA’s based on their alphabet
symbol achieves an optimal replication rate. For the
cases where the alphabet size is smaller than the num-
ber of available reducers, a distribution based on both
the alphabet symbol and states of the transitions works
best. These conclusions are also supported by our ex-
perimental results.

The rest of this paper is organized as follows: Sec-
tion 2 gives the necessary technical definitions, and in
Section 3 we derive the lower bound for the replication
rate. Section 4 presents and analyzes three concrete al-
gorithms for the problem, and Section 5 describes the
experimental results. Conclusions are drawn in the last
section.

2. PRELIMINARIES
In this section we introduce the basic technical pre-

liminaries and definitions. We assume familiarity with
the map-reduce model (see e.g. [10]).

A Nondeterministic Finite-state Automaton (NFA) is
a 5-tuple A = (Q,Σ, δ, s, F ), where Q is a finite set of
states, Σ is a finite set of alphabet symbols, δ ⊆ Q×Σ×Q
is the transition relation, s ∈ Q is the start state, and
F ⊆ Q is a set of final states. By Σ∗ we denote the set of
all finite strings over Σ. Let w = c1c2 . . . cn where ci ∈ Σ
be a string in Σ∗. An accepting computation path of
w in A is a sequence (s, c1, q1)(q1, c2, q2) . . . (qn−1, cn, f)
of elements of δ, where s is the start state and f ∈ F .
The language accepted by A, denoted L(A), is the set
of all strings in Σ∗ for which there exists an accepting
computation path in A. A language L is regular if and
only if there exists an NFA A such that L(A) = L.

1
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It is well known that regular languages are closed
under intersection. In particular, given NFA’s A1 =(Q1,Σ, δ1, s1, F1) andA2 = (Q2,Σ, δ2, s2, F2), an NFAA,
such that L(A) = L(A1) ∩ L(A2) can be computed by
the Cartesian construct A = A1 ⊗A2, where

A1 ⊗A2 = (Q1 ×Q2,Σ, δ, (s1, s2), F1 × F2),
and

δ = {((p1, p2), c, (q1, q2)) ∶ (p1, c, q1) ∈ δ1, (p2, c, q2) ∈ δ2}.
The ⊗ operation clearly is associative, and can be gen-
eralized to a polyadic operator A1 ⊗ ⋯ ⊗ Am. The
Cartesian construct amends itself easily to the map-
reduce framework by having the mappers emit transi-
tions (pi, ci, qi) from each NFA Ai, and the reducers
output a transition ((p1, . . . , pm), c, (q1, . . . , qm)) upon
receiving inputs (pi, ci, qi), where c = c1 = ⋯ = cm.
The crucial question is how to distribute the transi-
tions (pi, ci, qi) over the reducers. This is discussed in
Section 4.

3. LOWER BOUND ON THE REPLICATION
RATE

Recall that each mapper emits key-value pairs (K,V ),
where K determines the reducer that the pair is sent
to. Each reducer receives and aggregates key-value lists
of the form (K,V1, . . . Vq), where the (K,Vi) pairs are
emitted by the mappers. The largest list associated
with one key is called the reducer size, and we will de-
note it by q. A small q-value ensures that the reducer
can perform the aggregation in main memory, and also
enables more parallelism. On the other hand, more par-
allelism usually increases the replication rate, which is
the average number of key-value pairs that mappers cre-
ate from one input. The replication rate is intended to
model the communication cost, that is the total amount
of information sent from the mappers to the reducers.
The trade-off between reducer size q and replication rate
r, is usually expressed through a function f , such that
r = f(q). The first task in designing a good map-reduce
algorithm for a problem is to determine the function f ,
which gives us a lower bound of the replication rate r.

To start, we derive a tight upper bound, denoted
g(q), on the number of outputs that can be produced
by a reducer of size q. We suppose that NFA Ai has∣δi∣/k transitions for each of the k alphabet symbols. To
generate a transition for A, the reducer needs m tran-
sitions, one from each NFA Ai. The intersection NFA

A has ∣δ1∣×⋯×∣δm∣
km

transitions, for each alphabet symbol
c ∈ Σ. As there are k alphabet symbols, the total num-

ber of transitions will be k × ∣δ1∣×⋯×∣δm∣
km

= ∣δ1∣×⋯×∣δm∣
km−1 .

It is known that the product of the elements in a par-
tition with a fixed summation is maximum when the
blocks of the partition have equal size. We therefore as-
sume that input data is evenly distributed, so each re-

ducer receives q/m transitions from each NFA Ai. The
proceeding gives us the following upper bound on the
output of one reducer.

Lemma 1. In computing A = A1 ⊗⋯⊗Am a reducer
of size q can cover no more than g(q) = (q/m)m outputs.

Using Lemma 1, and the total number of transitions
in A, we can get a lower bound on the replication rate
as a function of q. As shown in [1] the lower bound is
given by the expression

q × ∣O∣
g(q) × ∣I ∣ ,

where ∣I ∣ is the size of input, and ∣O∣ is the size of the
output. The input size will be the sum of the size of the
transition relation of all input NFA’s, that is ∣I ∣ = ∣δ1∣ +⋯+∣δm∣. As we saw above, the size of the output in terms

of the number of transitions will be ∣O∣ = ∣δ1∣×⋯×∣δm∣
km−1 .

This gives us the lower bound on replication rate for
our problem as follows

Proposition 1. The replication rate r for the Carte-
sian construct A = A1 ⊗⋯⊗Am is

r ≥ q × ∣δ1∣×⋯×∣δm∣
km−1(q/m)m × (∣δ1∣ + ⋯ + ∣δm∣) .

4. ALGORITHMS FOR THE CARTESIAN
CONSTRUCT

In this section we propose and analyze three different
algorithms for computing A = A1⊗⋯ ⊗Am. Our algo-
rithms compute A in one map-reduce round, as opposed
to an m − 1 round cascade (. . . (A1 ⊗ A2) ⊗ . . .) ⊗ Am.
Since the Cartesian construct shares features with the
multiway join problem, and the latter has been shown
to work more efficiently when done in one round, as op-
posed to a cascade [2, 6], we only consider the one-round
version in this paper.

We note that the main difference between the NFA
intersection and the multiway join problem is that in
the latter the only possibility for distributing the tu-
ples is based on the value(s) of the join attribute(s)
(corresponding to the alphabet symbols in Σ), whereas
the NFA intersection problem we can also distribute the
tuples of the transition relation based on the states they
involve.

4.1 Mapping based on states
Suppose we have nm reducers, where n is the maxi-

mum number of transitions in any of the input NFA’s.
In our first algorithm the mappers produce keys of the
form (i1, i2, . . . , im). Let h be a hash-function with
range {1, . . . , n}. A transition (pi, ci, qi) from NFA Ai
is mapped as key-value pairs (K, (pi, ci, qi)), where

2
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K = (i1, . . . , ii−1, h(pi), ii+1, . . . , im).
for each ij ∈ {1, . . . , n}. In other words, each transition
is sent to nm−1 reducers.

In this method, the input and output sizes remain
unchanged. However, the function g(q) will be affected
by presence of transitions with different alphabet sym-
bols inside a single reducer. This gives us a new upper
bound on the number of outputs each reducer can pro-
duce, namely g(q) = k (q/mk)m. We thus have

Proposition 2. The replication rate r in the state-
based mapping scheme is

r ≤ q × ∣δ1∣ × ⋯ × ∣δm∣(q/m)m × (∣δ1∣ + ⋯ + ∣δm∣) .
If n is the maximum number of transitions in any of
the input NFA’s, the upper bound on the replication rate
becomes r ≤ (nm

q
)m−1.

By comparing propositions 1 and 2, we observe that
the upper bound for the replication rate obtained by
mapping based on states exceeds the theoretical lower
bound by a factor of km−1. We conclude that the state-
based mapping approach is best suited for situations
where the alphabet size is small, e.g., when the alphabet
is binary.

4.2 Mapping based on alphabet symbols
In our second algorithm, we have one reducer for each

of the alphabet symbols. Thus, the number of reduc-
ers is equal to the alphabet size k. The mappers will
send each transition (p, c, q) to the reducer correspond-
ing the alphabet symbol c. More precisely, from tran-
sition (pi, c, qi) of NFA Ai the mapper will generate
the key-value pair (h(c), (pi, c, qi)). Here h is a hash
function with range {1, . . . , k}. Thus each reducer will
output transition ((p1, . . . , pm), c, (q1, . . . , qm)), having
received inputs (pi, c, qi) for i = 1, . . . ,m.

The total number of transitions sent to all reducers
is ∑m

i=1 ∣δi∣ which we approximate by mn, assuming that
each Ai has at most n transitions. The replication rate
is 1, since every transition is mapped to exactly one
reducer. This algorithm works well when the alphabet
size k is large and the number of reducers is equal to
the number of alphabet symbols. In summary:

Proposition 3. The replication rate in the alphabet-
symbol based mapping scheme is 1, assuming that the
number of reducers and alphabet symbols are the same.

Obviously a replication rate of 1 is optimal. This
matches the lower bound of Proposition 1, when ob-
serving that each reducer has to process (nm)/k inputs,
assuming that the alphabet symbols are uniformly dis-
tributed. Substituting q = (nm)/k in the lower bound(nm
kq

)m−1 of Proposition 1, gives r ≥ 1.

4.3 Mapping based on both states and alpha-
bet symbols

On one hand, if we map the transitions only based
on the alphabet symbols, the algorithm does not allow
for much parallelism if the alphabet Σ is small. On the
other hand, as we have observed, if the transitions are
mapped based on states only, the replication rate, and
consequently the communication cost, will be sharply
increased km−1 times. We therefore consider a hybrid
algorithm that maps transitions based on a combination
of alphabet symbols and states. In the hybrid method
we have a function hs that hashes states into bs buckets,
and a function ha that hashes the alphabet symbols into
ba buckets. A transition (pi, ci, qi) from Ai is mapped
to reducers (i1, . . . , ii−1, hs(pi), ii+1, . . . , im, ha(ci)), for
each ij ∈ {1, . . . , bs}, and the total number of reducers
will be bm−1

s ⋅ ba.
To compute the replication rate in this method, we

note the input and output sizes ∣I ∣ and ∣O∣ remain un-
changed. However, the function g(q) will be affected
by presence of transitions with different alphabet sym-
bols inside a single reducer. We will now have g(q) =
`(q/m`)m, where ` is the average number of alphabet
symbols received by a reducer, or equivalently, ` = k/ba.
From this we can derive the replication rate.

Proposition 4. The replication rate r in the hybrid
mapping scheme is

r ≤ q × ∣δ1∣×⋯×∣δm∣
km−1(q/m)m × (∣δ1∣ + ⋯ + ∣δm∣) × `m−1.

Assuming that the maximum number of transitions in

any of the input NFA’s is n, we get r ≤ (nm`
qk

)m−1

.

Note that if ba = 1 then ` = k and there is no hashing on
alphabet symbols, and as it can be seen, the replication
rate will be equal to the replication rate of the first
mapping schema. On the other hand, if ba = k, that is
if we hash fully on alphabet symbols, then ` = 1 and as
it can be seen, the replication rate will be equal to the
replication rate of the second mapping schema.

5. EXPERIMENTS
We conducted some experiments to validate the anal-

ysis of the previous section. We computed A1⊗A2⊗A3,
and varied the size of the NFA’s and number of alpha-
bet symbols. Our experiments were run on Hadoop on
a 2-node, personal computer, cluster (8 cores per node
running at 3.0 GHz and 24GB memory in total). The
number of reducers in the experiments was set to 128.
The desktops were running Scientific Linux operating
system with kernel version 6.0. The NFA’s were gener-
ated as labelled random graphs, along the lines of [13].
The total number of transitions were determined by the
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transition density, that is, the ratio between the num-
ber of transitions and the number of states. In the data
shown we used a transition density of 2.0.

In the experiments we compared the execution time
obtained by hashing the input data based on states
(Method I) and on both states and alphabet symbols
(Method II).
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Figure 1: Processing times of two methods for
the alphabet size k = 16
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Figure 2: Processing times of two methods for
the alphabet size k = 64
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Figure 3: Processing times of two methods
where total number of transitions are 28,000

In Figure 1, we see the execution time for differ-
ent data sizes with the alphabet size k = 16. Figure
2 shows the comparison of Method I and Method II,
while the alphabet size k = 64. As expected, Method II
is clearly more efficient. Figure 3 represents execution
time of the two methods for various alphabet sizes when∣δ1∣ + ∣δ2∣ + ∣δ3∣ = 28,000, The figure shows that as the
size of alphabet increases, the execution time of both
algorithms get closer to each other. This is due to the
fact that once the the size of the alphabet exceeds the
number of reducers (128), in Method II each reducer
has to deal with several alphabet symbols, thus slowing
down the computation inside the reducers.

6. CONCLUSIONS
In this paper we proposed and studied methods for

computing a product automaton using Map-reduce. Our
analysis and experimental results show that carefully
optimizing the amount of inter-processor communica-
tion indeed pays off in improved processing time.

In future work we will investigate reducing the num-
ber of states in the product automaton, either by elim-
inating all or part of the useless states or by and deter-
minizing and minimizing the automaton.
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ABSTRACT
The falling price of main memory has led to the develop-
ment and growth of in-memory databases. At the same
time, new advances in memory technology, like persistent
memory, make it possible to have a truly universal stor-
age model, accessed directly through the programming lan-
guage in the context of a fully managed runtime. This envi-
ronment is further enhanced by language-integrated query,
which has picked up significant traction and has emerged as
a generic, safe method of combining programming languages
with databases with considerable software engineering ben-
efits.
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ABSTRACT
In several parts of query optimization, like join enumeration
or physical operator selection, there is always the question of
how much optimization is needed and how large the perfor-
mance benefits are. In particular, a decision for either global
optimization (e.g., during query optimization) or local opti-
mization (during query execution) has to be taken. In this
way, heterogeneity in the hardware environment is adding
a further optimization aspect while it is yet unknown, how
much optimization is actually required for that aspect. Gen-
erally, several papers have shown that heterogeneous hard-
ware environments can be used e�ciently by applying opera-
tor placement for OLAP queries. However, whether it is bet-
ter to apply this placement in a local or global optimization
strategy is still an open question. To tackle this challenge,
we examine both strategies for a column-store database sys-
tem in this paper. Aside from describing local and global
placement in detail, we conduct an exhaustive evaluation to
draw some conclusions. For the global placement strategy,
we also propose a novel approach to address the challenge
of an exploding search space together with discussing well-
known solutions for improving cardinality estimation.

1. INTRODUCTION
Column-store database systems have been established over

the last years and have demonstrated that they massively
benefit from high main memory capabilities and multi-core
CPUs. As shown in several papers [1, 7, 10, 13], using such
database principle, the speedup of query performance—in
particular for OLAP scenarios—compared to classical row-
based architectures is immense. Aside from high main mem-
ory capabilities and multi-core CPUs, hardware systems are
more and more changing towards heterogeneity. That means,
a multi-core CPU with large main memory is packed into
one single hardware box together with one or more addi-
tional non-traditional computing units, e.g., graphic cards,
Intel Xeon Phis, or FPGA cores. This heterogeneity trend is

c� 2015, Copyright is with the authors. Published in the Workshop Pro-
ceedings of the EDBT/ICDT 2015 Joint Conference (March 27, 2015, Brus-
sels, Belgium) on CEUR-WS.org (ISSN 1613-0073). Distribution of this
paper is permitted under the terms of the Creative Commons license CC-
by-nc-nd 4.0

going to accelerate and database systems have to exploit this
heterogeneity to fulfill increasing performance requirements
from available and upcoming applications.

A significant number of research activities has already
ported traditional database operators to di↵erent comput-
ing units like GPU [5, 4], FPGA [11], or many core proces-
sors [12]. To tackle the heterogeneity aspect, these ported
operators are useful, whereas these operators were always
executed on the corresponding computing unit, hoping to
reduce the overall execution time. However, to e�ciently
utilize heterogeneous hardware environments and to reduce
the overall query runtime in such environments, it is cru-
cial to assign database operators to the appropriate comput-
ing unit for each query separately. This placement assign-
ment has several influencing factors like execution behavior,
data characteristics, and properties of available computing
units [8].

In order to determine placement assignments, various de-
cision models have been proposed, e.g. HOP [8] and HyPE
[3]. These decision models use information about computing
units together with monitored values of previous executions
to calculate the estimated execution time in a cost func-
tion for each computing unit. A more static approach using
instruction counts and execution cycles is also possible to
estimate the runtime [5, 6]. Using one of these placement
models, the resulting estimation can be deployed to assign
an operator to the computing unit with the smallest esti-
mated costs. The mentioned work in this field has proven or
provide a high potential for heterogeneous execution. Never-
theless, it is yet unknown, how much optimization is actually
required for this placement assignment.

Placement Strategies
In our previous work [8], we identified two strategies for
column-store DBMS to support these operator-level place-
ment assignments based on runtime estimations. Both strate-
gies are shown in Figure 1 in the context of query optimiza-
tion and execution. Both strategies have in common that,
after an SQL query is translated into a query execution plan
(QEP), a placement decision is made for each operator. In
this paper, we assume the operators to be executed at a time
with fully materialized intermediate results.

The first placement strategy (local placement optimiza-
tion) conducts an estimation and placement step directly
before the execution of each operator and the placement is
done for each operator separately. Therefore, the estima-
tion can work on the most recent information about data

48



SQL QEP Placement Exec

Local Placement Strategy

Global Placement Strategy

Figure 1: Heterogeneous operator placement strate-
gies.

sizes, allowing an exact estimation of data transfers and ex-
ecution. Additionally, only one operator is placed at the
time, leaving a small search space of the amount of avail-
able compute units. However, this approach might be too
greedy since the rest of the QEP is not considered in this
local decision. In particular, data sharing between operators
is hardly considered.

On the contrary, the second strategy (global placement
optimization) decides the placement for all operators of a
QEP before execution. In this case, global placement is done
by considering all dependencies of the QEP. This approach
yields a high potential for better performance compared to
the local placement optimization, because data sharing be-
tween operators is explicitly encouraged to avoid costly data
transfers. However, there is a price for optimizing the whole
query for heterogeneous execution. The two main challenges
are the huge search space of possible placements and the
problem of uncertain or unknown intermediate result sizes.

Contribution
To tackle the issue of how much optimization is required
for the heterogeneity aspect, we examine both placement
strategies for a column-store database system in detail in
this paper. Our main contributions are as follows:

• First, we briefly describe the local placement optimiza-
tion strategy and present advantages and limitations
of this approach (Section 2).

• Second, we introduce the global placement strategy
with additional optimizations to tackle the mentioned
challenges (Section 3).

• Third, we conduct an exhaustive evaluation to com-
pare local and global placement optimization in an
OpenCL based database system (Section 4).

• Finally, we summarize our findings in a property table
illustrating the advantages and disadvantages of both
approaches.

.
To the best of our knowledge, no one evaluated di↵er-

ent query optimization strategies for heterogeneous envi-
ronments in the past. However, di↵erent optimization ap-
proaches were mentioned in previous work: local query op-
timization was used by Breß et al. [2] and Karnagel et al [9]
within an OpenCL based column store database system. He
et al. [5] computed all possible solutions for separate sub-
plans below a given number of operators and combined the
result for the full plan dividing the search space into much
smaller problems. However, this is only applicable for tree
like query plans and might introduce a significant overhead
for large queries.

Information

used for

estimation O3

O1 O2
Computing units:

x y

Figure 2: Local placement strategy.

2. LOCAL PLACEMENT STRATEGY
The strategy to integrate operator placement at the exe-

cution time of each operator, local optimization, is the most
intuitive approach. Placement is decided right before the op-
erator’s execution, after previously executed operators have
already finished. The input and output data is kept in the
computing unit’s memory until it will be needed on another
computing unit. For local optimization, there are three ques-
tions that have to be considered:

1. How big is the input data?

2. Where is the input data placed at the moment?

3. How does the operator perform on the di↵erent com-
puting units?

The approach is illustrated in Figure 2. The operators
O1 and O2 produce the results x and y. These are stored
on the computing units where the operators were executed,
here illustrated with di↵erent colors. Placement and data
size of each input for operator O3 is considered to calculate
the transfer costs, if transfer is needed, for the hypothetical
execution on each computing unit. The exact data input
size is known for base columns as well as intermediate re-
sults, since previous operators have already finished their
execution. For base columns, the data placement is either
in main memory, or already on a compute unit’s memory, if
an other operator needed the column before. For interme-
diate results, the data is most likely stored on a computing
unit’s memory, where the result producing operator was ex-
ecuted. There is the possibility, that data was evicted from
the computing unit’s memory, if other operators needed ad-
ditional memory space. However, this should be traceable
and the actual memory location should be considered. The
third question with respect to the estimated runtime should
be answered by one of the prediction models presented in
the introduction. Having the transfer time and the opera-
tor’s execution time estimates, a decision can be made by
picking the computing units with the minimal sum of all
input transfers costs and execution time. This is the best
decision from a local optimization point of view. The search
space for this decision is limited to the number of computing
units. The decision procedure is repeated for each operator
in the order of execution. The result transfer is not consid-
ered for the producing plan operator since the data might
be reused by the next operator on the same computing unit.
If the result transfer is needed, it is added to the costs of
the consuming operator instead of the producing one.

The strong advantage of the local placement strategy is
its simplicity and easy implementation. The search space
corresponds to the number of computing units per decision
with one decision per plan operator. Additionally, this ap-
proach works on runtime information about data sizes and
their placement. Furthermore, the decision is only local by
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Op Runtime Placement Strategy
CU1 CU2 local global

1 1.2s 0.1s CU2+tr = 1.1s CU1 = 1.2s
2 0.1s 1.2s CU1+tr = 1.1s CU1 = 0.1s

Total: 2.2s 1.3s

Table 1: Local vs. global placement strategy. Data
transfer (if needed) takes always 1s (tr). The initial
data is stored on CU1. The operators are executed
according to their ordering.

trying to find the ideal execution unit for one single opera-
tor. This might not be optimal for the full plan, sacrificing
performance through unnecessary data transfers.

3. GLOBAL PLACEMENT STRATEGY
Applying placement at compile time means making the

placement decision globally during query optimization. This
leads to new possibilities as well as new challenges. An ex-
ample is shown in Table 1 to highlight the performance po-
tential. The example includes two operators with estimated
execution times for two computing units (CU1, CU2). The
initial data resides on computing unit CU1 and every data
transfer, if necessary, takes 1 second. The presented local
strategy would choose CU2 for the first operator, since the
run-time plus transfer-time is less than the execution time
on CU1. In the second step, it chooses CU1 for the same
reason. The total execution time is 2.2 seconds including
transfers. For the global strategy, however, the total exe-
cution time is only 1.3 seconds since the placement can be
globally optimized before execution. Besides the high po-
tential, there are also additional challenges to consider. The
two major challenges are (i) the exploding search space of
global optimization and (ii) the unknown or uncertain data
cardinalities of intermediate results.

3.1 Challenges
Data cardinalities are usually known for base relations

but intermediate results are unknown and can only be es-
timated in the optimization step. However, the exact data
cardinalities are crucial for calculating a good heterogeneous
placement including correct transfer costs. Since this is a
well-known problem in database research, we rely on other
research results to provide realistic estimations for the in-
termediate result sizes.

To the best of our knowledge, the exploding search space
for global placement optimization in heterogeneous hard-
ware environment was not in focus of prior research. For a
global optimization, every possible placement option has to
be considered in order to find the best placement for the full
plan. Being #cu the number of computing units and #op
the number of database operators, then #cu#op describes
the search space for this query plan. For example, a highly
heterogeneous system with 10 computing units, executing a
query with 100 operators would lead to 10100 possibilities,
which is more than all possible 2-way join combinations for
50 joins! To avoid a much larger search space, we assume
that, (i) the query execution plan is a DAG (directed acyclic
graph) as usual in column-store database system and (ii)
the DAG is fixed throughout our heterogeneous placement.
That means, the heterogeneous placement do not have any

Information

used for local

cost estimation

O5O4 O6

O3

O1 O2
Computing units:

x y

a cb

Figure 3: Global placement strategy.

influence on the structure of the DAG. There are approaches
to cope with such a large search space in join enumeration.
However, the general conditions are di↵erent for our hetero-
geneous placement approach. We identified three properties
that define the large search space in heterogeneous execu-
tion.

1. The search space does not correlate with the actual
runtime. This means, that a query with a large search
space can be based on small relations and therefore
can execute in a short time. In general, the runtime
is highly dependent on the underlying data character-
istics, whereas the e↵ort to evaluate the search space
stays the same.

2. The search space and the execution time scales with
the number of operators.

3. With increasing number of computing units, the query
execution time (ideally) reduces, since new computing
units might be better suited for some tasks. However,
the search space grows exponentially.

The first and the second issue are similar to join enumer-
ation problem, while the third point is unique to hetero-
geneous execution. However, looking at the first point, a
database system that needs to do the join enumeration for,
e.g., 50 joins will reserve a fair amount of time for optimiz-
ing the order. In our case, dependent on the data sizes, the
queries could execute in sub-seconds, leaving only a fraction
of that time for e�cient optimization.

3.2 Greedy-based Approach
To solve the presented challenges for global optimization,

we choose a greedy-based search algorithm together with two
approaches for further optimization. We rely on a greedy-
based algorithm for several reasons. As mentioned earlier,
the search space is too large for a complete search. Opti-
mizing smaller sub-trees is not possible, since we focus on
column stores having execution plans as DAGs instead of
trees. This means the results of an operator can be used by
multiple other operators, making it impossible to define iso-
lated sub-trees. Moreover, a greedy approach makes small
changes to improve the placement without considering every
possibility.

For our greedy implementation, we start with a pre-set
placement decision for every operator. This initial place-
ment could assign the operators randomly to the computing
units. Then, we iterate over each operator and evaluate
the possible placement decisions locally for this operator.
If the algorithm finds a better placement for this operator,
we change the decision in the initial placement. The main
di↵erence to the local approach is that we already have a
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Op input Runtime Di↵erent Placements
transfer CU1 CU2 I II III IV V

1 1s 1s 5s 1 2 1 1 1
2 1s 1s 0.1s 1 2 2 1 2
3 5s 5s 0.1s 1 2 1 2 2
4 0.5s 1s 5s 1 2 1 1 1

Total(inc. transfers): 8 11.2 13.1 8.6 3.7

Table 2: Placement cost example. The initial data
is on CU1. If needed, the shown input transfer costs
apply. The operators execute in order.

placement decision for the following operators, leading to
a more informed decision concerning possible data sharing.
Figure 3 illustrates this di↵erence. Additional to Operator 1
and 2, the cost function knows the placement of the opera-
tors 4 to 6 and the data sizes a, b, and c, therefore being able
to calculate inward and outward transfers. Including both
kinds of transfers as well as estimates of execution times
of each compute unit is leading to a more informed deci-
sion than in a runtime-based local optimization. After an
optimization iteration over all operators, the changes made
on one operator’s placement, could influence placement of
the previous ones as well. Therefore, the algorithm has to
iterate over the operators as long as improvements can be
found. When no single placement change of an operator im-
proves the global estimation time, then the algorithm found
a (local) optimum.

The above described greedy approach is fast and improves
a pre-set starting placement iteratively. However, it is still
a greedy approach, which finds a good but possibly not the
best placement for the full plan. One reason for not finding
the optimal placement is the occurrence of operator groups,
that should be placed together. It could be possible that
some operators are most beneficially placed together on one
computing unit, so that data transfers between them are
avoided. However, the best computing unit for the group
might not be the best for the single computing unit, so an
approach which can only change one placement at the time
might not find the best solution. The problem is illustrated
in Table 2. Dependent operators, transfer costs, and run-
times are shown. Varying input transfer times correspond
to intermediate data sizes, e.g., Operator 2 could be a join
with large result, so operator 3 has a high input transfer
time. Local optimization would choose the pure CU1 place-
ment (I). For global optimization, the result highly depends
on the starting placement. If the starting placement is (I),
then (III) and (IV) would be evaluated (besides others) but
(I) would be chosen as placement with the minimal costs.
With a starting placement of (IV) and assuming the algo-
rithm starts from the top, our global strategy would also
evaluate (V) and find it to be the best possible placement.

It is unknown how big these operator groups could be, so
it would be a lot of e↵ort to test all groups of two opera-
tors, three operators and so on. A more practical idea would
be to change the pre-set starting placement and do multi-
ple greedy runs. For example when testing random starting
placements, there would be the possibility that some oper-
ators of a group are already assigned to the right comput-
ing unit, pulling the other operators as well. For that, the
overall result could be improved by testing many di↵erent

starting placements and picking the best plan placement ac-
cording to our execution time estimation. Therefore, we im-
plemented the greedy approach in a hardware-independent
OpenCL version, that can test many di↵erent starting place-
ments in parallel. This also addresses issue 3 from the pre-
vious section. With more computing units, the search space
grows but there is also more computing power to evaluate
more starting placements for a possibly better solution.

Search Space Reduction
In the previous part, we described our greedy approach and
the problem of being dependent on the starting placement.
We need to evaluate many di↵erent (random) placements,
in order to find a good solution. This scales with the search
space, meaning that we should test more starting placements
with a higher search-space (e.g., for more plan operators).
Since we can only evaluate a defined number of placements,
we need to reduce the search space to improve the probabil-
ity of finding a good placement.

We propose to reduce the search space by assigning oper-
ators fixed to one computing unit, if the greedy algorithm
would pick this computing unit in every possible scenario.
For example, Operator 1 and 4 in Table 2 will always be
placed on CU1 even if all other operators are on CU2. We
call these strong placements, where one computing unit is su-
perior in the execution of one operator to an extent that the
worst case data transfers are negligible. Since every greedy
run for any starting placement would pick these placements,
we do not have to consider them in the greedy algorithm
as well as in selecting the starting placement. For Table 2,
this would mean fixing the placement for Operator 1 and 4,
reducing the search space for the other placement decisions
from 24 = 16 to 22 = 4. Depending on the computing units
and operators, this approach can reduce the search space
significantly, even to the point of fixing the placement for
the full plan.

The strong placements can be calculated by iterating over
the plan once for each computing unit and evaluate if a single
operator would be placed on another computing unit, even
if all other operators are on the initial one. For example,
a plan is initially set to CU1. Each operator is tested if
a placement on CU2, CU3, and so on, is beneficial for the
overall runtime while having all other operators on CU1.
This has to be done for each computing unit. If, for example,
one operator is always placed on the same computing unit,
then this operator can be fixed to this computing unit as
a strong placement. Calculating these strong placements
introduces only a small overhead by having the potential to
reduce the search space significantly.

Majority Voting
After determining the strong placements, the remaining open
operator placements can be assigned randomly to the com-
puting units as starting placements for the greedy approach.
Here, we deploy the greedy algorithm for many starting
placements in parallel, ideally even in parallel on di↵erent
computing units. As a result, we get the improved place-
ment from the greedy approach and the estimated costs of
the full plan. According to the costs, we can choose the best
placement for execution.

As an additional step, we look at the output placements
and collect statistics on the operator placements. The statis-
tics can be used to find tendencies of the placements. For
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System I System II

Vendor AMD AMD Intel Nvidia
Name A10-5800K HD7660D i7-3960X K20C
Type CPU GPU CPU GPU

Cores 4 384 6 (12 HT) 2496
Freq.(MHz) 3800 800 3300 706

Table 3: Heterogeneous test systems: AMD APU
(CPU and integrated GPU) and a combination of
Intel CPU and Nvidia GPU. The systems comput-
ing units are arranged to be balanced in their com-
putational power.

example, if we run 1000 random greedy searches, 200 would
pick CU1 for operator 1 and 800 would pick CU2 for the
same operator, then we know that CU2 is probably more
suited. Using the statistics for all operators, we apply a
kind of majority voting by combining one common place-
ment from all random runs. This placement is itself eval-
uated concerning runtime estimation as well as used for a
starting placement for another single greedy evaluation.

With the majority voting approach, it is possible to com-
bine many good placements to an even better one, which
was not found by the greedy algorithm using the random
starting placements. However, if the result of the majority
voting is not as good as some other placements, the best
placement is taken from the random runs.

3.3 Summary
Our approach for global optimization includes an informed

greedy algorithm, search space reduction through strong
placements, and the majority voting of random starting place-
ments. Therefore, we are able to globally optimize a full
QEP. Besides the advantage of global optimization, our global
optimization has also limitations. The presented approach
is still a greedy strategy which might only find a good so-
lution but not the optimal one. Additionally a small over-
head is added to query execution for optimization and re-
optimization of the placements.

4. EVALUATION
To evaluate our local and global optimizing approaches,

we implemented both in an established database system.
For this, we chose Ocelot [7], an OpenCL based extension
to the in-memory column store MonetDB [1]. To add het-
erogeneous hardware support to MonetDB, Heimel et al.
implemented this hardware-oblivious extension that allows
operators to be executed on most accelerators using the
hardware abstraction language OpenCL. Most of the ma-
jor CPU, GPU, and accelerator manufactures o↵er OpenCL
support for their hardware. When we started, Ocelot did
not include dynamic placement of plan operators but rather
manual placement of whole queries. However, recent work
was also done in this field by Breß et al. [2].

To support our two approaches, we added our self-learning
decision model [8], which includes several benchmarks to
evaluate data transfer bandwidths. We also included two
placement decision units: (i) in the execution engine of the
database and (ii) in the plan optimizer.

For the evaluation, we use the slightly altered TPC-H
benchmark from Heimel et al. [7]. The benchmark queries
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Figure 4: Reducing the search space by assigning
strong placements fixed to one computing unit.

are altered to avoid string operations, which are not sup-
ported by the Ocelot operators, yet. This is also the reason
why some queries were not used for our evaluation. All in
all, we tested our approaches on a set of 14 queries from
TPC-H.

We evaluated our approaches with two di↵erent hardware
setups. The two systems are presented in detail in Table 3.
Both test systems run with Ubuntu Linux. The first test
system is based on an AMD APU with an on-die integrated
GPU, which, however, does not support zero copy in our
current Linux configuration. That means that data has to
be transferred in order to be used by the GPU. The second
test system includes an Intel CPU and a Nvidia discrete
GPU. Here, memory also has to be transferred to the GPU,
since it is attached by PCIe 2.0 and employs a separate GPU
processor and GPU memory.

Please note, that heterogeneous placement is needed for
any heterogeneous environment in order to utilize all com-
puting units. Depending on the abilities of each comput-
ing unit and the computational balance between them, a
query can be spread over all computing units or alterna-
tively use only that computing unit, which fits best. So we
expect for the placement decision, to be at least as good as
the fastest computing unit for a query. Finding this fastest
computing unit is also a benefit of using a dynamic place-
ment approach. In most cases, it is also possible to improve
the fastest single-computing-unit result by applying place-
ment decisions on operator level. To show the e↵ect of the
placement decisions, we execute one operator at one time
(operator-at-the-time execution model). We do not execute
operators in parallel if they are placed on di↵erent comput-
ing units. Perceived speedups are purely achieved through
the placement decisions.

4.1 Search Space Reduction
First, we want to show the e↵ectiveness of our optimiza-

tions for the proposed global optimization approach. This
is done on System I with the TPC-H benchmark using scale
factor 5. First, we reduce the search space by finding strong
placements. For TPC-H Query 1 for example, our prototype
database system produces a plan with 43 operators, that can
be executed on di↵erent computing units. For the system
with 2 computing units, this results in a search space of:

243 = 8, 796, 093, 022, 208 possibilites

With our greedy approach, we do not need to search this
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Figure 5: Performance results for TPC-H queries on test system I with SF 5.

1 3 4 5 6 7 8 10 11 12 15 17 19 21

TPC−H Queries

ru
nt

im
e 

in
 s

ec

0
1

2
3

4
5

6 11.2
CPU
GPU
Local
Global

Figure 6: Performance results for TPC-H queries on test system II with SF 10.

high number of possibilities. However, since the algorithm is
very dependent on the starting placement, the probability to
pick a good starting placement by chance is very low. When
we apply our search space reduction, we are able to assign 26
operators to computing units, that would always be placed
this way in any greedy search. Removing these operators
from the search, reduces the actual searching time as well
as the search space for picking random starting placements.
The search space for the 17 remaining operators is:

217 = 131, 072 posibilities

This is still too high to evaluate all possibilities in a fraction
of the actual query execution, but it is much more likely
to pick a good starting placement for the greedy search.
The results for all our TPC-H queries is shown in Figure 4.
Please note, that these results could be di↵erent for other
data sizes (e.g., other scale factors) or in other hardware en-
vironments. For example, with a highly superior computing
unit, most operators will be assigned as strong placements,
while a perfectly balanced environment will have less strong
placements.

Please note, that all operators that can be successfully
fixed by our global optimization are also chosen in the lo-
cal optimization, meaning that queries with many strong
placements will not di↵er much between local and global
placement decisions.

4.2 Greedy Search Performance
After reducing the search space by fixing strong place-

ments, the goal is to evaluate as many starting placements
as possible. For that we use our greedy algorithm in dif-

ferent implementations. The actual runtime of one greedy
search is highly dependent on the amount of operators in
the query plan. Not only one iteration over many opera-
tors takes longer, but one single change of an operator re-
sults in additional iterations over all operators, to evaluate
if this change influence other decisions. The unfixed portion
of operators in Figure 4 defines the variable search space.
For Test System I, we have seen the naive, single threaded,
search performance to be between 5 greedy runs per ms for
query 19 (32 variable operators) up to 200 greedy runs per
ms for query 6 (5 variable operators). Using OpenCL for the
greedy search, we gain a speedup of up to 6x when execution
on the CPU. This is to be expected for a 4 core system, since
OpenCL also applies vectorization and code optimizations.
For the GPU, a speedup of up to 3x can be seen, which indi-
cates in this case that the CPU is more suited for the task.
However, all computing units should be used in parallel to
evaluate starting placements.

For the final evaluation, we decided to run 100 greedy
searches, which takes in the worst case (Query 19) about 4
ms, when using the OpenCL implementation on the CPU.
After the first searches, we get the estimated query runtime
from the search results. Depending on this runtime, we can
decide to do more greedy searches, if the query runtime is
high, or to stop the search and start executing the plan,
if the query runtime is low. A reevaluation is done every
100 search runs, since the estimated query runtime could
improve during optimization. As a general rule, we propose
spending about 1% of the total query runtime on optimizing
the heterogeneous placement.

53



0 2 4 6 8 10

0
2

4
6

8

Transfer Cost Multiplyer

hy
po

th
et

ic
al

 ru
nt

im
e 

in
 s

ec

GPU
CPU
Local
Global

9(a) TPC-H Q1 with di↵erent transfer cost multiplyers.
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9(b) TPC-H Q19 with di↵erent transfer cost multiplyers.

Figure 7: Placement performance comparison with varying transfer costs. The transfer bandwidths are taken
from System I and multiplied with a transfer cost multiplier.

4.3 Evaluation Results
We compare our two optimization approaches on our set

of TPC-H queries by running the queries first on the single
computing units and afterwards, we use the gathered knowl-
edge of the operator runtimes to execute the query heteroge-
neously with local or global optimization. For every query,
the initial data is stored in the main memory, meaning that
initially no data is cached on the computing units’ memories.
The results for the first test system are shown in Figure 5.
As shown, for some queries the CPU is clearly better and for
other queries the GPU is more suited. Heterogeneity-aware
operator placement can improve the execution in most cases.
In detail, global optimization is always better or equal in per-
formance compared to local optimization. However, the dif-
ference is not significant. Further investigations have shown
that global optimization finds sometimes the same or only
a slightly di↵erent plan than local optimization. For the
shown results, we used only about 1% of the query execu-
tion time for the global optimization. Testing with a higher
percentage of optimization did not lead to better results.
This shows, that our current global approach is suitable to
find a good and possibly the best placement for the given
query plan, however, the di↵erence to local decisions is not
as significant as having high impact on performance.

On the second test system, the results look similar. Here,
the GPU is mostly better for full query execution. Local
and global optimization show equally good or better results
than the GPU. In some cases however, the local approach is
slightly better than global optimization, which is caused by
the optimization overhead. On the other side, for Query 1,
local optimization is actually slower than the single GPU
version, which is caused by its rather uninformed decision
process. The local decision involves data transfers to a com-
puting unit and the operators’ execution. This makes sense
from the execution-time perspective, however, from a global
view, additional data transfers could be avoided by consid-
ering output transfers.

4.4 Evaluation with Changing Transfer Costs
To investigate e↵ects caused by unnecessary data trans-

fers in more detail, we conduct further experiments with
theoretical data transfer properties. As a base line, we use
System I, with the measured transfer bandwidth for each

computing unit. Then, we introduce a multiplier (M) for
the transfer costs, which allows us to adjust the theoret-
ical transfer costs from zero (M = 0) to any multiple of
the original transfer costs. The results are shown in Fig-
ure 7 for TPC-H Query 1 and 19. We can clearly see, that
the estimated CPU-only performance is independent of the
multiplier since no data needs to be transferred. For the
GPU-only version, the initial data transfers of base columns
and the final result transfers cause a linear scaling with the
transfer costs. For no transfer costs (M = 0) local and
global optimization always produce the same result, since
both approaches solely decide the placement on the opera-
tor execution time and data sharing yields no benefit. With
increasing transfer costs, the results di↵er because local op-
timization only considers input transfers and execution for
an operator while global optimization considers execution,
input and output transfer.

In Q1 (Figure 7(a)) the gap between the two strategies
becomes large for 0.7 < M < 8. The reason is one operator
that is much faster on the GPU than on the CPU. As long
as the input transfer costs are smaller than the execution
speedup, the operator is placed on the GPU. However, out-
put transfers are much higher and reduce the overall perfor-
mance to be less than the CPU-only execution. For M > 8
the input transfers are too expensive and all operators are
placed on the CPU. The global optimization is always better
than or equal to the best single-computing-unit execution,
being more reliable than local optimization. The e↵ects for
Q19 (Figure 7(b)) are similar, however, with a smaller gap
between local and global optimization. For the remaining
queries, the gaps were even smaller up to the point that, for
some queries, local and global optimization chose the same
placement for all values of M .

5. CONCLUSION
In this work, we have evaluated two operator placement

strategies for heterogeneous hardware environments. The
first, local placement optimization at execution time, is easy
to integrate but limited on its optimization potential. The
second, global placement optimization at compile time, in-
troduces a large implementation e↵ort, with the ability to
find a more optimal plan. In this paper, we explained how
to implement both strategies, including optimizations to re-
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Property Local Strategy Global Strategy

1. Search space + small - huge
2. Computational overhead + little - some (can be defined)
3. Cardinalities + precisely known - need to be estimated
4. Implementation + simple - high implementation e↵ort
5. Decision - local (not fully informed) + global (informed)
6. Plan structure - fixed + could be changed
7. Worst-case placement - worse than single CU + best single CU

Table 4: Advantages and disadvantages of local and global placement strategy.

duce the search space and additional evaluations on the
outcome of random placements. By applying our imple-
mentations and optimizations in an OpenCL-based database
system within two test systems, we demonstrated that the
global approach achieves better or similar performance than
the local approach. However, the speedup is mostly not
significant. Additionally, in our evaluation with theoreti-
cal transfer costs, we illustrated the e↵ects of these costs
and the worst-case performance we can expect from both
strategies. While global optimization will always find a plan
better than or similar to single-computing-unit execution,
local optimization might choose a plan worse than the single-
computing-unit execution.

Table 4 summarizes the advantages and disadvantages of
both placement strategies. In this paper we presented ways
to weaken the disadvantages of global optimization in Point
1 and 2. However, even with our approaches, global op-
timization achieves mostly a similar performance as local
optimization on our test systems. On the other side, in our
hypothetical tests, global optimization shows a reliably good
performance compared to local optimization. Additionally,
with global optimization, the placement decision could in-
fluence the physical and logical query plan structure. While
this is not the focus of our paper, we would like to mention
that changing the plan structure would only be possible with
a global approach, where the structure might not be fixed,
yet.

In the end, it depends on the use case which strategy is
more suitable. From an implementation point of view, local
optimization is easier and faster to implement. However,
global optimization is more reliable to find a good operator
placement as well as enabling plan changes. Especially the
last point will be part of our future work.
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ABSTRACT
We conduct a study that investigates the performance char-
acteristics of a set of parallel implementations of the recur-
rence quantification analysis (RQA) using OpenCL. Being
an important tool in climate impact and medical research,
a central aspect of RQA is the construction of a binary ma-
trix that captures the similarities of multi-dimensional vec-
tors. Based on this matrix, quantitative measures are de-
rived. Starting with a baseline implementation, we diversify
its properties along four dimensions: the representation of
input data, the materialisation of the similarity matrix, the
representation of similarity values and the recycling of inter-
mediate results. We evaluate the performance of five imple-
mentations by varying the input parameter assignments, the
hardware platform employed for execution and the default
OpenCL compiler optimisations status. We come to the
conclusion that the performance of conducting RQA highly
depends on the selected implementation as well as the com-
bination of these variables under investigation. Differences
in runtime of up to one order of magnitude are observed,
emphasising the importance of performance studies as pre-
sented here.

Categories and Subject Descriptors
C.1.4 [Processor Architectures]: Parallel Architectures;
G.1.0 [Numerical Analysis]: General—Parallel Algorithms

Keywords
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1. INTRODUCTION
Recurrence quantification analysis (RQA) is a statistical

method to quantify the recurrent behaviour of dynamic sys-
tems, captured in one or more time series [11]. It has proven
its potential in a variety of applications, such as the investi-
gation of the climate system [12] and the early detection of
epileptic states [3].

RQA is based on extracting multi-dimensional vectors from
time series; each vector corresponds to a reconstructed state
of the system at a point in time. To identify recurrences,
these vectors are compared regarding their mutual similar-
ities. The results of the comparisons are stored within a
binary similarity matrix.

Matrix elements referring to pairs of vectors considered
to be similar form vertically and diagonally connected se-
quences. Using frequency distributions of those lines, RQA
derives quantitative measures. They allow to draw conclu-
sions concerning the dynamics of the system under investi-
gation [11].

Focussing on very long time series, in [13] we introduced
coarse-grained parallelisation strategies to the problem of
RQA. We presented an approach that divides the similarity
matrix into multiple sub matrices, computing intermediate
results for each sub matrix. This allows to process several
sub matrices concurrently. Within a final step, the interme-
diate results are recombined into a global RQA result.

Even though our approach is independent of the concrete
implementation, in [13] we compare a non-parallel version
of RQA to a prototype of our approach based on OpenCL,
which performs parts of the computation in a massively par-
allel manner. Exploiting the parallel computing capabilities
of modern GPU processors, we achieved drastic performance
improvements.

However, executing the prototype on different hardware
platforms, we discovered that the relative performance im-
provements vary. Hence, in this publication we conduct a
study that exemplarily examines a selection of factors influ-
encing the overall performance characteristics of RQA.

We provide five implementations, which differ concern-
ing input data representation, similarity matrix materialisa-
tion, similarity value representation and intermediate results
recycling. Given a specific implementation, we investigate
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Figure 1: Vector Extraction. Given a time series
capturing the sine function at multiples of π/4 start-
ing at 0, consisting of thirteen data points. Applying
the parameter values m = 2 and t = 2, eleven vectors
are extracted.

the influence of the RQA input parameter assignments, the
hardware platform used for execution and whether default
OpenCL compiler optimisations are enabled.

The results of our experiments show, that the performance
of each implementation highly depends on the combination
of hardware platform, default OpenCL compiler optimisa-
tions status as well as RQA input parameter assignments.
Providing general guidelines, we support the selection of
an implementation given a specific RQA scenario as well
as computing environment (see Sect. 5.2). Recognising the
fact that the exploration space covered is limited, we see this
study as a first effort to address the performance comparison
of parallel RQA implementations.

We believe that our work, apart from providing highly
interest into the nature of RQA, is also relevant for other
application areas that face similar problems, including near-
est neighbour search.

2. OVERVIEW OF RECURRENCE QUAN-
TIFICATION ANALYSIS

Recurrence quantification analysis is a method in the con-
text of time series analysis [11]. It is based on:

1. extracting multi-dimensional vectors from a set of time
series,

2. creating a similarity matrix by calculating pairwise
vector similarities, and

3. quantifying small-scale structures within the similarity
matrix.

There are several approaches for conducting each of these
steps. For the sake of clarity, in this paper we consider per-
forming RQA with the following properties: We are given a
single time series consisting of floating point numbers; each
value refers to a measurement of an output variable, e.g.,
the air temperature, of a dynamic system, e.g., the Earth’s
climate, at a specific point in time. To extract the multi-
dimensional vectors, the so called time delay method is ap-
plied, building on the two parameters embedding dimension
(m) and time delay (t). Starting at the first element of the
time series, vectors of size m with the temporal offset t are
extracted (see Fig. 1).
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Figure 2: Thresholded Recurrence Plot. Referring
to the example from the previous figure, the eleven
vectors extracted are compared regarding their mu-
tual similarities. Concerning the vector compar-
isons, the Euclidean norm is applied, using a sim-
ilarity threshold of 1.0. The column v contains two
lines; one of length 2 and one of length 3. The diag-
onal d comprises a line of length 4.

To compare those vectors concerning their mutual similar-
ity, a metric such as the Euclidean norm is applied. By in-
troducing a threshold condition regarding the vector similar-
ities, all matrix elements fulfilling the condition are assigned
the value 1 (recurrence point), whereas pairs of non-similar
vectors are assigned the value 0. A visual representation
of this matrix is referred to as thresholded recurrence plot
(see Fig. 2). Recurrence points, encoded using the colour
black, form vertical and diagonal lines, which are captured
in corresponding histograms of line lengths. Based on these
histograms, quantitive measures are calculated, including for
example the average vertical line length.

3. PARALLEL RQA ALGORITHM
To enable a systematic analysis, we divide the problem of

conducting RQA into three operators:

I The creation of the binary similarity matrix.
(create matrix)

II The detection of vertical lines within the similarity ma-
trix. (detect vertical lines)

III The detection of diagonal lines within the similarity ma-
trix. (detect diagonal lines)

We refine these operators into atomic units of computa-
tion:

I The computation of the similarity of a single pair of
multi-dimensional vectors.

II The inspection of a single column of the similarity ma-
trix concerning vertical lines.
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III The inspection of a single diagonal of the similarity ma-
trix concerning diagonal lines.

Having extracted N multi-dimensional vectors, the maxi-
mum degree of parallelism varies between N2 (I), N (II) and
2N − 1 (III).

Performing similar operations on different data objects,
each atomic unit is fully independent of any other unit re-
garding the execution of a single operator. However, there
exist interdependencies between atomic units belonging to
different operators: Prior to the detection of lines within a
single column or diagonal, the corresponding vector similar-
ities have to be computed.

The structure presented above allows us to perform RQA
in a parallel manner. Although subdividing the problem
into multiple operators, we mainly focus on the cumulative
performance of all operators, regarding the evaluation.

4. EXPERIMENTAL SETUP

4.1 Implementation Strategies
Building on the OpenCL framework, we consider a com-

puting environment that consists of a host device and a sin-
gle computing device. The code executed on the host device
is written in Python 2.7, utilising the package PyOpenCL.
The atomic units of computation described in Sect. 3 are
mapped to OpenCL kernels, implemented in OpenCL C.

We provide five RQA implementations, which differ along
the following dimensions:

• Input Data Representation,

• Similarity Matrix Materialisation,

• Similarity Value Representation, and

• Intermediate Results Recycling.

In the following, we introduce each dimension and moti-
vate the corresponding values. Regarding the evaluation, we
include only a subset of possible value combinations. Nev-
ertheless, we ensure that each value is featured within at
least one implementation. Tab. 1 gives an overview of the
individual properties of each implementation considered (see
Impl. A–E).

Input Data Representation
Conducting RQA, multi-dimensional vectors are extracted
from a time series. Regarding their representation within
the memory of the computing device, the set of vectors may
either be stored row-wise or column-wise. Choosing a Row-
Store layout, all components of a single vector are stored
consecutively. This requires to reorganise the data given by
the input time series.

However, having to perform read-only operations on the
vector data, a Column-Store layout [16] may be advanta-
geous. Applying this approach, all values belonging to the
same vector component are stored contiguously. Since seg-
ments of the input time series represent those columns, it
can be transferred to the memory of the computing device
without having to perform reorganisations.
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Figure 3: Bitwise Similarity Value Representation.
The 32 bits of an integer value refer to a single col-
umn. Integer values stored contiguously refer to dif-
ferent columns. Each bit within an integer value
refers to a different row of the similarity matrix.

Similarity Matrix Materialisation
The vectors extracted from the time series are compared re-
garding to their mutual similarities. The resulting binary
similarity values are used as input for the detection of verti-
cal and diagonal lines. The corresponding similarity matrix
may be stored within the memory of the computing device
(Yes). This requires that the size of this memory is suffi-
ciently large enough.

Avoiding this restriction, the similarity values may be
computed on-the-fly by transferring the computations to the
operators for detecting vertical and diagonal lines (No). Pre-
vious work has shown that the computation of the pairwise
similarities requires extensive computing [4]. We are inter-
ested, if there are conditions where computing similarity val-
ues outperforms writing them to and reading them from the
memory.

Similarity Value Representation
Since device memory is a limited resource, the similarity
matrix shall be represented in the most efficient manner.
Using the bit-compression approach [14], a single bit is used
to encode the binary result of a similarity comparison (Bit).
A schematic illustration of the underlying memory layout is
depicted in Fig. 3.

Considering the detection of lines, this approach allows to
process up to 32 similarity values of a single column without
having to read additional data from the memory. In addi-
tion, it ensures that similarity values belonging to different
columns are read using a single read instruction.

Nevertheless, this compression approach may introduce a
computing overhead, having negative effects on the over-
all performance. Hence, we compare it to representing a
similarity value using the smallest data object addressable
(Byte).

Intermediate Results Recycling
To avoid matrix materialisation, similarity values may be
computed on-the-fly during the line detection process, as ex-
plained earlier. Assuming that the execution model adheres
to operator-at-a-time, similarity values computed within one
line detection operator may be reused later on. Applying
this concept of recycling [7], performance improvements may
be exposed.

Omitting the create matrix operator, we integrate the ma-
terialisation of the similarity values in detect vertical lines
and reuse the results during the detection of diagonal lines
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Table 1: Implementation Comparison.
Dimension Value Impl. A Impl. B Impl. C Impl. D Impl. E

Input Data Representation
Row-Store X

Column-Store X X X X

Similarity Matrix Materisalisation
Yes X X X X
No X

Similarity Value Representation
Byte X X X
Bit X

Intermediate Results Recycling
Yes X
No X X X X

(Yes). Here, the challenge is that the maximum degree of
parallelism for detecting vertical lines is significantly smaller
than creating the similarity matrix individually (No). Thus,
our goal is to reveal whether there are conditions under
which the positive impact of eliminating one operator is large
enough to overcome this limitation.

4.2 Hardware Platforms
We evaluate each implementation using three computing

devices. Each device is part of a system that runs on a 64-
bit version of openSUSE. This includes an Intel Core i7-3820
CPU running at up to 3.8 GHz, which is supplied with 16
GB of random access memory.

In addition, we employ an NVIDIA GeForce GTX 690
graphics card, equipped with two GPU processors running
at up to 1.019 GHz; each processor is supplied with 2 GB
of memory. In the context of our evaluation, only one of
those processors is used. The underlying system has version
331.49 of the NVIDIA graphics driver installed.

Adding diversity regarding the GPU architectures, we em-
ploy an AMD Radeon HD 7470 GPU, equipped with a single
processor running at up to 0.775 GHz. It is supplied with
0.5 GB of memory. The underlying system has version 14.9
of the AMD Catalyst driver installed.

4.3 Parameter Space
Given the three hardware platforms, we identified the fol-

lowing factors additionally influencing the performance char-
acteristics:

• the parameters steering the properties of the similarity
matrix, including:

– the time series,

– the embedding dimension,

– the time delay,

– the similarity measure, and

– the similarity threshold, as well as

• the default OpenCL compiler optimisations.

To restrict the exploration space, we reduce the number of
degrees of freedom addressed within the evaluation to two.
This includes varying the embedding dimension between 1
and 32. Moreover, we observe the impact of disabling the de-
fault OpenCL compiler optimisations using the compiler flag
-cl-opt-disable. We consider evaluating the impact of those

optimisations as highly relevant, since they are vendor spe-
cific and may affect the computing results, e.g., the default
activation of relaxed math operations on the NVIDIA GPU.

We employ a time series capturing the sine function, simi-
lar to Fig. 1, consisting of 10,000 data points. We choose this
rather short length since we have to ensure that the result-
ing similarity matrix fits into the memory of all computing
devices applied.

Regarding the similarity comparisons, we select the Eu-
clidean norm in combination with a threshold of 1.0. Initial
experiments have shown that the time delay parameter does
not have considerable influence on the performance. Hence,
we set this parameter to 2.

5. EVALUATION

5.1 Procedure
Concerning the evaluation, we consider an experiment to

be a combination of:

• hardware platform,

• implementation,

• embedding dimension, and

• default OpenCL compiler optimisations status.

To reduce the impact of outliers, we conduct each exper-
iment five times. For the purpose of measuring the runtime
behaviour of the implementations, we rely on profiling events
as part of the OpenCL API, collecting information about the
average runtime of the three operators. Furthermore, we use
the sprofile [1] command line tool to retrieve extended per-
formance information provided by the AMD GPU.

5.2 General Guidelines
The cumulative runtime results are depicted in Fig. 4,

having the default OpenCL compiler optimisations disabled,
and Fig. 5, having them enabled.

As expected, increasing the dimensionality of the vectors,
the runtime increases as well. Enabling the default com-
piler optimisations has a positive impact on the cumulative
runtime, independent of the implementation as well as the
hardware platform employed. Considering the GPU devices,
implementation A, using a row-wise layout for storing the
multi-dimensional vectors, benefits the least. Whereas the
relative difference in runtime between A and the other imple-
mentations is narrow considering the CPU, it widens more
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drastically regarding the GPU devices. Hence, considering
GPU devices, a row-wise layout should be avoided.

Compared to the other implementations, B shows well-
balanced performance characteristics, relying on the column-
wise memory layout. Applying an embedding dimension of
32, it is among the two fastest implementations independent
of the hardware platform applied. Eliminating the similarity
matrix materialisation, implementation C delivers perfor-
mance improvements considering small embedding dimen-
sions, as expected.

The usage of the bit-representation in implementation D
proves to be reasonable for larger embedding dimensions.
The corresponding runtime curves start at a higher plateau,
but have the smallest slope, independent of hardware plat-
form and default compiler optimisations status. Diminishing
the compression overhead with increasing dimensionality,
the curves of D converge towards the corresponding curves
of B.

Recycling intermediate results, as employed in implemen-
tation E, does not present runtime benefits across all hard-
ware platforms. Considering the CPU, it is the fastest imple-
mentation, for nearly all embedding dimension values. Re-
garding the GPU devices, E delivers runtime improvements
for vectors having small dimensionality, but is eventually
outperformed by implementation B and D.

Considering a given hardware platform, time series as well
as RQA input parameter assignments, we propose employing
an implementation that comprises the following features:

• column-wise input data representation,

• materialisation of the similarity matrix,

• byte representation of the similarity values, and

• usage of a separate create matrix operator.

Although this combination does not deliver the best per-
formance under all circumstances, it appears to be a reason-
able choice based on the evaluation results.

5.3 Detailed Performance Analysis
We present selected details on the impact of using differ-

ent implementation strategies. The runtime results as well
as the performance counter values listed below refer to an
embedding dimension of 32.

Input Data Representation
Comparing the hardware platforms applied, the row-store
layout for representing the vectors has the least worst im-
pact considering the CPU. Having the default compiler opti-
misations disabled, the create matrix operator of implemen-
tation A (0.79s) is as nearly as fast as the same operator of B
(0.75s). Enabling the optimisations, creating the matrix in
A (0.44s) consumes twice as much runtime as in B (0.22s).

Additionally, the impact of changing the access pattern to
the device memory is illustrated by the cache hit rate pro-
duced on the AMD GPU. Disabling the compiler optimisa-
tions, the create matrix operator of A has a rate of 23.39%,
whereas executing the same operator of B results in a rate
of 91.36%.

Similarity Matrix Materialisation
Not materialising the similarity matrix presents advantages
concerning the cumulative runtime using small embedding

dimensions. Regarding the NVIDIA GPU, the break-even
point of implementation B and C is a dimensionality of 3.

Experiencing a drastic increase in fetch operations, the
ratio between the amount of arithmetical logical unit (ALU)
instructions performed by the AMD GPU in comparison to
the number of fetch unit instructions decreases; from 17.97
(B) to 2.25 (C ) regarding the detection of vertical lines,
having the default optimisations enabled.

Similarity Value Representation
Encoding similarity values using a single bit leads to an in-
crease in ALU instructions for all three operators, reflecting
the corresponding computing overhead. However, the cus-
tom layout presented in Sect. 4 improves the memory access.
Considering the AMD GPU, this results in an increased
cache hit rate for detecting diagonal lines; from 3.26% (B)
to 21.52% (D), having the default compiler optimisations
enabled.

Intermediate Results Recycling
Focussing on the execution on the CPU, the reuse of sim-
ilarity values in E is advantageous compared to any other
implementation. Enabling the default OpenCL compiler op-
timisations, implementation E (0.31s) outperforms its direct
successor B (0.37s), regarding the cumulative runtime.

6. RELATED WORK
A number of RQA implementations are available, posing

restrictions concerning the size of the similarity matrices
that can be processed [10, 17]. The Commandline Recur-
rence Plots (CRP) software allows to analyse time series of
arbitrary size [9]. However, it relies on computing the RQA
measures using a single CPU thread. For an overview of free
RQA software, we refer to [2].

In [15] prior efforts to bring RQA to the GPU are de-
scribed, comprising several limitations that hamper the anal-
ysis of long time series. This includes being restricted to
similarity matrices that fit into the memory of the GPU de-
vice. Relying on the concepts of Divide & Recombine [6],
our approach presented in [13] allows to process similarity
matrices of arbitrary size. We demonstrated the capabilities
of our approach for a specific RQA scenario from climate
impact research. Examining a time series consisting of over
one million data points, we were able to reduce the runtime
from over six hours, using the CRP software, to almost five
minutes, using an OpenCL implementation of our approach
running on two GPUs.

Considerable efforts have been made to accelerate database
operations. Exploiting the computing capabilities of general-
purpose graphics cards, in [5] several parallel implementa-
tions for database operations, such as semi-linear query, are
presented. The conclusion is that depending on the oper-
ation investigated, GPUs enable drastic performance im-
provements.

A prominent database operation similar to RQA is the
k-nearest neighbour search (kNN). Within both techniques,
comparing a set of objects regarding their mutual similarities
is a key aspect. Adapting kNN processing to many-core sys-
tems, a large amount of similarity comparisons is performed
concurrently. Experimental results illustrate that executing
a parallelised version of the algorithm on the GPU is two
orders of magnitudes faster than performing the search on
the CPU [4].
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(a) Intel Core i7-3820

(b) NVIDIA GeForce GTX 690

(c) AMD Radeon HD 7470

Figure 4: Disabling Default OpenCL Compiler
Optimisations. Cumulative runtime of executing
the operators create matrix, detect vertical lines and
detect diagonal lines.

(a) Intel Core i7-3820

(b) NVIDIA GeForce GTX 690

(c) AMD Radeon HD 7470

Figure 5: Enabling Default OpenCL Compiler
Optimisations. Cumulative runtime of executing
the operators create matrix, detect vertical lines and
detect diagonal lines.
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Previous work focussed on employing a set of optimisa-
tions to gain runtime improvements on a specific device.
To the best of our knowledge, we provide the first struc-
tured approach to analyse the performance characteristics
of parallel RQA implementations. In this regard, we benefit
from using the OpenCL framework for heterogeneous com-
puting [8], which allows us to execute identical code on a
variety of hardware platforms.

7. CONCLUSION
We present a structured approach to evaluate the per-

formance of five parallel implementations analysing binary
similarity matrices in the context of RQA. Assessing the
performance of each implementation, we vary their charac-
teristics along four dimensions, including the representation
of input data, the materialisation of the similarity matrix,
the representation of the similarity values as well as the re-
cycling of intermediate results.

Building on the OpenCL framework, we investigate the
influence of the hardware platform used for execution, in-
put parameter assignments and default OpenCL compiler
optimisations enabled on the performance. We examine the
runtime behaviour as well as additional indicators, e.g., the
cache hit rate. We come to the conclusion, that an imple-
mentation using column-wise input data representation in
combination with similarity matrix materialisation provides
reasonable performance, regarding a given RQA scenario.
Subsuming, we see our study as a first effort towards a com-
prehensive analysis of parallel RQA implementations.
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Gonçalves. An Architecture for Recycling
Intermediates in a Column-store. In Proceedings of the
2009 ACM SIGMOD International Conference on
Management of Data, SIGMOD ’09, pages 309–320,
New York, NY, USA, 2009. ACM.

[8] Khronos Group. OpenCL 1.1 Specification.
http://www.khronos.org/registry/cl/specs/

opencl-1.1.pdf, Sept. 2010.

[9] N. Marwan. Commandline Recurrence Plots, Version
1.13z.
http://tocsy.pik-potsdam.de/commandline-rp.php,
2006.

[10] N. Marwan. CRP Toolbox, Version 5.17.
http://tocsy.pik-potsdam.de/CRPtoolbox, 2013.
platform independent (for Matlab).

[11] N. Marwan, M. C. Romano, M. Thiel, and J. Kurths.
Recurrence Plots for the Analysis of Complex
Systems. Physics Reports, 438(5–6):237–329, 2007.

[12] D. I. Ponyavin and N. V. Zolotova. Cross Recurrence
Plots Analysis of the North-South Sunspot Activities.
volume 2004, pages 141–142, 2005.

[13] T. Rawald, M. Sips, N. Marwan, and D. Dransch. Fast
Computation of Recurrences in Long Time Series. In
Translational Recurrences. From Mathematical Theory
to Real-World Applications, volume 103 of Springer
Proceedings in Mathematics & Statistics, pages 17–29.
Springer International Publishing, 2014.

[14] M. A. Roth and S. J. Van Horn. Database
Compression. SIGMOD Rec., 22(3):31–39, Sept. 1993.

[15] T. Rybak. Using GPU to Improve Performance of
Calculating Recurrence Plot. http://www.wi.pb.edu.

pl/pliki/nauka/zeszyty/z6/Rybak-full.pdf, 2010.

[16] M. Stonebraker, D. J. Abadi, A. Batkin, X. Chen,
M. Cherniack, M. Ferreira, E. Lau, A. Lin, S. Madden,
E. O’Neil, P. O’Neil, A. Rasin, N. Tran, and
S. Zdonik. C-store: A Column-oriented DBMS. In
Proceedings of the 31st International Conference on
Very Large Data Bases, VLDB ’05, pages 553–564.
VLDB Endowment, 2005.

[17] C. L. Webber Jr. RQA Software, Version 14.1.
http://homepages.luc.edu/~cwebber, 2013. only for
DOS.

62



Energy Data Management (EnDM)

Torben Bach Pedersen (Aalborg University),
Wolfgang Lehner (TU Dresden)

63



Enhancing energy awareness through the analysis of
thermal energy consumption

Andrea Acquaviva†, Daniele Apiletti†, Antonio Attanasio† §, Elena Baralis†,
Federico Boni Castagnetti‡, Tania Cerquitelli†, Silvia Chiusano†, Enrico Macii†,

Dario Martellacci‡, Edoardo Patti†
† Dipartimento di Automatica e Informatica, Politecnico di Torino, ITALY

§ Istituto Superiore Mario Boella, Torino, ITALY – ‡ IREN Energia Torino, ITALY
† {name.surname}@polito.it – §attanasio@ismb.it – ‡{name.surname}@gruppoiren.it

ABSTRACT
Energy efficiency by means of reduction in wasteful energy
consumption is a growing policy priority for many coun-
tries. Innovative systems should be designed to continuously
monitor a smart city environment and provide all stake-
holders the tools to improve energy efficiency. This paper
presents the EDEN platform, designed to collect and ana-
lyze thermal energy consumption of residential and public
building heating systems. EDEN is being deployed in a ma-
jor Italian city and collects energy consumption measure-
ments through an extensive smart metering grid involving
thousands of buildings. EDEN also collects and analyzes
indoor climate conditions, and user feedbacks, such as their
thermal comfort perception, by means of an ad-hoc social
network. Collected data are further enriched with temporal
and spatial information at different abstraction levels and
meteorological data available as an open source data set.
Several technical Key Performance Indicators (KPIs) have
been defined to inform users on their building thermal en-
ergy consumption, while user-friendly KPIs present energy
savings or over-consumptions in an informative fashion.

1. INTRODUCTION
In the last few years, the interest in urban data computing

is continuously growing both in the industrial and research
domains, as well as in the Public Administration. Industries
are attracted by the business opportunities arising from the
design, implementation, and exploitation of novel technolo-
gies and applications to effectively support all the crucial
aspects of Smart Cities management. Researchers, instead,
are interested in the challenging issues coming from the ap-
plication of innovative data management and mining tech-
niques to new and more complex fields. Innovative systems
should be designed to continuously monitor a smart city
environment and suggest new ways to improve the quality
of life within an urban environment, for both citizens and
the Public Administration. A complete overview of the key

(c) 2015, Copyright is with the authors. Published in the Workshop Pro-
ceedings of the EDBT/ICDT 2015 Joint Conference (March 27, 2015, Brus-
sels, Belgium) on CEUR-WS.org (ISSN 1613-0073). Distribution of this
paper is permitted under the terms of the Creative Commons license CC-
by-nc-nd 4.0.

challenges of urban computing from the computer scientists
perspective is presented in [25]. Among the large variety
of applications available in the context of smart cities, this
paper focuses on energy consumption, and specifically on
thermal energy consumption in buildings during the win-
ter period. The goal is to improve energy infrastructures
and reduce energy consumption, and the associated costs,
by suggesting energy-saving strategies to users and by pro-
viding better information to the different people involved in
the energy management roles.

Energy efficiency is a growing policy priority for many
countries around the world, as governments seek to reduce
wasteful energy consumption and encourage the use of re-
newable sources. The International Energy Agency (IEA)
has estimated that in terms of primary energy consump-
tion, buildings represent roughly 40% of total final energy
consumption in most countries. The amount of this energy
used for heating and cooling systems is about 60% in the
residential sector and 45% in the service one [12].

Important research activities have been carried out to use
database management systems and exploratory data min-
ing techniques in the field of storage and analysis of en-
ergy data to evaluate the efficiency of buildings. The pro-
liferation of sensor networks for monitoring indoor and out-
door environmental parameters [16, 19] has brought to the
facility managers huge archives of measures with tempo-
ral and spatial references. Research contributions on these
large data volumes have been carried out for: (i) support-
ing data visualization and warning notification [17, 20, 24];
(ii) efficient storing and retrieval operations based on NoSQL
databases [19, 23]; (iii) discovering anomalous behaviors us-
ing clustering algorithms [6, 24], Support Vector Machines
(SVM) [9] and outlier detection [21]; (iv) characterizing con-
sumption profiles among different users [2, 9, 20]; identify-
ing the main factors that increase energy consumption (e.g.,
floors and room orientation [10], location [9, 14]).

In this paper we describe the Energy Data ENgagment
platform, EDEN, designed to monitor and analyze thermal
energy consumption of heating systems for enhancing user
energy awareness. EDEN collects data from smart meters
deployed in thousands of buildings in Turin, a major Ital-
ian city. EDEN also collects and analyzes indoor climate
conditions by means of temperature sensors installed in a
subset of the monitored buildings. Thermal comfort per-
ception and user feedbacks on indoor climate conditions are
also collected by means of an ad-hoc social network. Col-
lected data are further enriched with temporal and spatial
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information at different abstraction levels, and meteorolog-
ical data available as an open source data set. Several tech-
nical and user-friendly Key Performance Indicators (KPIs)
are defined within EDEN targeting different users. A tech-
nical KPI informs users on their building thermal energy
consumptions, while a user-friendly KPI explains monetary
savings or overconsumption by converting its value into the
price of commonly purchased goods. EDEN is designed, de-
veloped and experimented within the context of a publicly-
funded research project, including both academic and in-
dustrial partners that contribute to make it a live platform,
with actual deployment and real data.

This paper is organized as follows. Section 2 discusses
our vision towards enhancing energy awareness through the
Energy Data ENgagment platform. Section 3 describes the
main building blocks of the proposed system. For some
blocks, we describe our first implementation to show both
the feasibility and high potential of the proposed approach.
Section 4 reports a preliminary analysis of thermal energy
consumption for 2 school buildings and 6 residential build-
ings located in Turin. Section 5 draws conclusions and
presents future developments of this work.

2. PLATFORM OVERVIEW
Figure 1 shows the overall architecture of the EDEN sys-

tem. In this study we focus on an instance of EDEN tai-
lored to an indoor heating monitoring system. However, the
EDEN architecture can be easily tailored to different in-
door monitoring contexts, such as electric cooling, and out-
door monitoring applications as well. It includes three main
components, named Data Platform, Publication Platform,
and Social Platform, briefly described below and detailed in
the following sections.

EDEN is designed for the collection, storage, modeling,
and analysis of a large amount of heterogeneous data to
provide different levels of relevant knowledge. The aim is
to make people aware of their energy and thermal consump-
tions, as well as encouraging them to pursue energy sav-
ing strategies. Collected data include energy consumption
logs provided by thermal smart meters and indoor climate
conditions monitored through indoor temperature sensors.
In addition, data on the user thermal comfort perception
of indoor climate conditions and user feedbacks are gath-
ered through an ad-hoc social network. Heterogeneity in
terms of formats, timings and sampling periods, and sources
presented a challenge to the designers, also considering the
changes over time of this factors, determined by contexts
(e.g., smart meters update) or design improvements. To
this aim, EDEN exploits a non-relational schema-free data
warehouse, which allows coping with frequent changes in
data formats without technological issues. This component
will be detailed in Section 3.3.

Energy consumption data are collected by means of a large
number of smart meters (4,000 as of December 2014) de-
ployed in Turin (Italy) by IREN [13] to monitor thermal
energy for district heating. IREN is a multi-utility com-
pany listed on the Italian Stock Exchange and operates in
the sectors of electricity, thermal energy for district heating,
gas, management of integrated water services as well as the
collection and disposal of waste.

Data on energy consumption and on monitored indoor
climate conditions, collected through sensors and smart me-
ters, are stored in the Data Platform component. These

data are enriched with spatial and temporal information at
different granularity levels as well as with various meteo-
rological conditions. The enriched dataset is stored in a
datawarehouse and is managed by the Publication Platform
component. Specifically, an informative dashboard is gen-
erated based on a selection of Key Performance Indicators
(KPIs) to produce useful feedbacks to the different users
and suggests ready-to-implement energy efficient actions or
strategies. Mainly, the following two classes of KPIs have
been proposed. (i) Technical KPIs allow informing users on
the thermal energy consumption of their building, but also
comparing the consumption between buildings in the same
neighborhood, also in different time periods. Comparison
can be performed under similar meteorological conditions.
(ii) Informative and user-friendly KPIs present the results
of the analysis on energy savings and overconsumption in an
informative fashion, using simple and easily understandable
comparisons according to the user profile. For example, let
us consider the energy consumption of a secondary school,
and suppose that we would like to improve students’ energy
awareness. An informative and user-friendly KPI can pro-
vide the school energy savings in terms of energy needed for
heating the gym for a given number of days. Alternatively, it
can explain the possible monetary savings in terms of com-
monly purchased goods (e.g. average number of pizzas that
could have been purchased by saving on energy consump-
tion).

The Social Platform component is a digital and social
platform which will be developed as a social network where
users can share their feedbacks and their perceptions of in-
door thermal comfort (e.g. too hot, too cold, or comfort-
able). Furthermore, it provides visibility of both technical
and informative KPIs. The aim is ehnancing energy aware-
ness and stimulate sustainable behaviors to optimize energy
consumption.

The EDEN platform also includes the knowledge extrac-
tion block for discovering interesting associations among ther-
mal energy consumptions, indoor climate conditions, mete-
orological conditions, and user perception of indoor thermal
comfort in the form of association rules [1]. Association rules
represent a powerful exploratory data mining approach able
to discover interesting and hidden correlations in the data.

Finally, a subset of interesting and open data (e.g., KPI
values) will be published in the Smart Data Platform to im-
prove both individual and collective energy awareness. The
Smart Data Platform exploited in EDEN is the Yucca Smart
Data Net [18] developed by the Piedmont Region (Italy).

3. PLATFORM COMPONENTS
In this section we describe the main components of the

proposed EDEN platform, which are currently under devel-
opment.

3.1 Data platform
Remote measurements of energy consumption are collected

by IREN [13], an Italian energy-provider company, by means
of gateway boxes installed in monitored buildings. Each
gateway includes a GPRS modem with an embedded pro-
grammable ARM CPU. An ad-hoc software has been de-
veloped to execute the following activities: sensor manage-
ment, GPRS communication, remote software update, data
collection scheduling, and collected data sending to a remote
server.
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Figure 1: The EDEN system architecture.

Each gateway has in charge the management of all the
sensors deployed in its building. Thermal energy is mea-
sured under different aspects, such as instantaneous power,
cumulative energy consumption, water flow and correspond-
ing temperatures. Furthermore, gateways also collect indoor
temperature and the status of the heating system.

A cloud architecture is used for storing and processing all
the monitored data. As of December 2014, there are about 4
thousands monitored buildings, each generating about 2,000
data frames per day. Thus, EDEN needs to manage a grow-
ing base of at least 8 million data frames per day. The gate-
ways send the data frame to the cloud architecture, where a
firewall first authenticates the data sender and then assigns
each data frame to one of four dispatchers to guarantee the
system reliability. Each dispatcher delivers the frame to a
cluster of computers including different processing servers
where data are stored in an HDFS distributed file system.
The dispatcher is able to recognize if the process server has
stored the frame correctly and in that case it sends the ACK
to the gateway which can send the next data frame.

Each processing server elaborates the received data and
stores the result in an Oracle database. The logical model of
the database includes the following three tables: (i)The Build-
ing table contains the main features characterizing each build-
ing such as address and volume; (ii) the Sensor table stores
the list of sensors located in each building and the main char-
acteristics for each sensor (e.g., unit of measure, description,
sensor type and model, etc.); (ii) the History table stores the
collected measurements for all sensors. On average, every 5
minutes a data frame is received from each building. Then,
corresponding data are stored in many records, with one
record for each measurement value.

To efficiently perform the management of a large vol-
ume of collected data, different strategies have been adopted
(e.g., data sharding, distributed map-reduces, and data repli-
cation).

3.2 Data integration and enrichment
Data collected through the smart meters are aggregated

and enriched with additional contextual information acquired
from external open data sources. More specifically, to ana-
lyze the temporal distribution of thermal energy consump-

tion, the following time granularities are considered: day,
month, 2-month, 3-month, 6-month time periods. Moreover,
each day is classified as holiday or not, and the measure-
ment time is aggregated into the corresponding daily time
slot (morning, afternoon, evening, or night).

In Italy, heating systems are operated only from October
15th to April 14th, hence times periods outside this range
were not considered. In addition, since the heating systems
under monitoring within EDEN are operated at fixed time
slots, each aggregation (morning, afternoon, evening) in-
cludes only the time slots when the system is actually on
(e.g., morning from 6:00a.m. to 11:59a.m, afternoon from
12:00p.m to 6:59p.m., evening from 7:00p.m to 10:00p.m.).

To analyze the spatial distribution of thermal energy con-
sumption, different space granularities are also considered
beyond the building addresses. In addition, each address
is mapped to the corresponding geographical coordinates
(longitude and latitude degrees), neighborhood and city dis-
trict including that neighborhood. While the address is an
information recorded for the monitored building, the geo-
graphical coordinates and both the neighborhood and dis-
trict names corresponding to the address are added as ad-
ditional contextual features to the repository. We exploited
the Google Maps APIs [11] for geocoding street addresses.
Furthermore, topological information about neighborhood
names and districts are integrated in the repository as well.
The latter have been retrieved from [22]. Topologies are used
to graphically analyze the most significant spatial trends in
thermal energy consumption data and were encoded in Geo-
JSON, which is a standard format for encoding a variety of
geographic data structures.

The above data were also enriched with meteorological in-
formation collected from the web. Specifically, historical me-
teorological data were taken from the Weather Underground
web service, which gathers data from Personal Weather Sta-
tions (PWS) registered by users. For the city of Turin more
than twenty PWS are distributed throughout the territory
and about 4 of them are directly located inside the area con-
sidered in this study. The decision to use data from PWS is
motivated by the fact that they reflect with high accuracy
the real conditions registered in their neighborhood, as op-
posed to other services that provide estimated values with
respect to a wider area. Although the measurement fre-
quency can be easily set by the user for each PWS (and can
vary over time), the average value for the ones we consid-
ered was about 5 minutes. Data were collected for the period
going from October 2012 to April 2013. More specifically,
each measurement includes the air temperature (expressed
in degree Celsius), the relative humidity (percentage), the
precipitation level (mm), the wind speed (km/h) and the
sea level atmospheric pressure (hPa). The date and time of
each measurement is also included.

3.3 Data warehouse
While the data collection from smart meters exploits an

Oracle database, due to the fixed and constant nature of
those measurements, enriched data is much more variable
and heterogeneous, and its analysis requires a different tech-
nological solution. To this aim, enriched data are modeled
into a document-oriented distributed data warehouse pro-
viding rich queries, full indexing, data replication, horizontal
scalability and a flexible aggregation framework, including
a distributed map-reduce engine. The current database em-
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Figure 2: The EDEN data warehouse design.

powering EDEN analytics inside the Publication Platform
is MongoDB [7], and to our purpose it is actually exploited
as a data warehouse: periodically, sensor-collected data and
social-platform data are enriched, integrated and loaded into
a MongoDB collection.

Following best practices in data warehouse design, data
are de-normalized and redundant information is added to
each record (document) to speedup read performance by
avoiding join operations (which are not sopported by Mon-
goDB), and resulting in fast querying and KPI computa-
tion. The model design aims at providing a human-readable
document format, hence the choice of long, self-descriptive
field names, with sub-documents for each separate aspect
of the record, from user feedbacks to geo-location, through
smart meter measurements and other contextual informa-
tions. Such structured choice helps in coping with hetero-
geneity, but presents a main drawback in disk space usage:
each field name is re-written within each document, together
with all the redundant information that enrich the measure-
ment. However, the low cost of disk space nowadays makes it
an acceptable issue, also considering that no image or video
data are currently included.

In Figure 2 the data warehouse conceptual model is pre-
sented: the fact table consists of a main measure, the energy
consumption in a 5-minute time period, and some additional
metadata coming from indoor sensors, outdoor PWSs, and
the social data platform collecting customer feedbacks. Two
hierarchies are defined: a time-related hierarchy and a place-
related one. The former provides many different blends of
time spans, from minutes to months and years. The lat-
ter starts from the physical sensors inside each monitored
building and builds up to the whole city, with the building
volume and the geolocation coordinates as related features
included in the document.

Some metadata, in particular weather data and customer
feedbacks, may require some additional pre-processing dur-
ing the data loading phase because of different time spans:
e.g., a customer feedback given at a certain point in time
may be considered valid for a longer period than the specific
5-minute of a single data warehouse document, and weather
data may be unavailable for a specific point in space. The
solution adopted in EDEN supposes that customer feedback

in terms of indoor environment comfort has a temporal va-
lidity of 30 minutes, which is distributed from 15 minutes
before the feedback is provided and 15 minutes after. Hence,
a customer reporting a very cold indoor environment at mid-
night, is associated with 5-minute documents from 23:45 (in-
cluded) to 00:15 (excluded). Weather data associated with
a specific building and address are computed as a distance-
based weighted mean of the values provided by the three
nearest PWSs. The weight is inversely proportional to the
distance from the PWS to the building location, hence three
equally distant PWSs would have the same weight in deter-
mining the outdoor values of a given building.

In the following, a sample MongoDB document from the
designed data warehouse is provided. Subdocuments have
been extensively used to group similar fields together. Some
fields deem special attention:

• The customer feedback fields that identify too cold,
too hot and comfortable indoor environments are the
count of the collected feedbacks in the 30-minute time
span as previously described.

• The customer comments are a list of text strings pro-
vided as status description on the social data platform;
this allows us to exploit text mining techniques to as-
sociate keywords to measurement values, by building
upon the text search features of MongoDB. This is-
sues will be addressed as a future development of the
current implementation.

• The billing period spans over two different years: October-
November is the first 2-month (billing and operational)
period and so the December-January 2-month period
spans two calendar years, hence the choice to be ver-
bose and use values such as ‘2-2014-2015‘.

{

_id: ObjectId(...),

energy_consumption: 0.12,

indoor: {

temperature: 21.2

},

outdoor: {

temperature: 15.6,

relative_humidity: 70.0,

wind_speed: 5.0

},

feedback: {

cold: 2,

comfortable: 12,

hot: 1,

comments: ["nice sunny winter day",...]

},

place: {

sensor: {id: 123456, model:"..."},

gateway: {id: 234567, model:"..."},

building: {

id: 345678,

volume: 1234,

type: "med"

},

address: {

full: "corso Castelfidardo 39, 10129, ...",

street_name: "Castelfidardo",

street_number: "39",
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coordinates: [7.6600778, 45.0632518],

...

},

neighborhood: "Crocetta",

city_district: "Circoscrizione I",

city: "Torino"

},

time: {

UTC_timestamp: 1419266446.0,

day: {

time: "16:40:46",

minute: 40,

hour: 16,

slot: "afternoon"

},

date: {

full: "2014-12-22",

day: 22,

day_of_year: 356,

holiday: "N"

}

month: "12-2014",

month_of_year: 12,

2month: "2-2014-2015",

3month: "1-2014-2015",

4month: "1-2014-2015",

billing_year: "2014-2015"

}

}

Finally, the data model design addresses horizontal scala-
bility and replication choices.

Horizontal scalability is obtained by exploiting data shard-
ing, i.e., storing documents across multiple distributed ma-
chines by dividing the collection and distributing its data
over multiple servers, or shards. As the size of the data in-
creases, EDEN only needs to add more machines to scale
and support the demand of a higher number of read and
write operations. Each shard processes fewer operations as
the cluster grows, and the amount of data that each server
needs to store is reduced.

MongoDB provides automatic sharding and the key design
choice is the attribute whose values partition the collection
documents, i.e., the shard key. In EDEN the sharding is
performed using a hash-based partitioning on the value of
the building ID field. The shard key choice is motivated
by KPIs that are typically computed by grouping measure-
ments per building, and the number of buildings grows with
the expansion of the EDEN framework, hence it is a natural
scaling indicator. Hash-based partitioning has been chosen
over the range-based partitioning approach to ensure that
data are evenly distributed across the machines in the clus-
ter, since no range queries are performed on the building
ID.

Replication is obtained by exploiting MongoDB replica
sets to provide redundancy and high availability. With mul-
tiple copies of data on different servers, replication avoids
data loss from a single server failure. Currently, in EDEN
each replica set consists of a primary server, a secondary
server and an arbiter. All writes go to the primary server,
while the secondary server can be exploited to increase the
read capacity at the cost of possible inconsistency. However,
this is not an issue in EDEN since KPIs for the dashboards
can wait to be updated after the secondary has caught up

the updates from the primary, which usually happens within
seconds.

3.4 KPIs definition
The EDEN system performs the KPI analysis tailored to

different users to gain insights on the integrated data. In
Business Intelligence, the analysis of Key Performance Indi-
cators (KPIs) is an established methodology [15]. KPIs help
organizations define and measure progress towards organi-
zational goals by monitoring the most significant achieve-
ments. In our context, KPIs are quantitative indicators of
thermal energy consumptions. To apply KPI analyses to
data coming from a real scenario, we defined technical KPIs
and informative and user-friendly KPIs. The aim of KPI
generation is to produce useful feedbacks to enhance energy
awareness for different types of users. We identified four dif-
ferent operational roles representing users of the EDEN sys-
tem: (i) the Energy Manager is responsible for the energy
services provided. He/She needs to access summary and
high-level information in order to grasp the overall picture
of the energy situation of the city district under observation.
He/She requires dashboards showing KPIs at a higher level
of granularity (e.g., city district). (ii) The Energy Analyst
is an expert in energy consumption. He/She is interested
in analyzing the complete streams of collected data to ob-
serve and understand the observed phenomenon, analyze the
different components and identify possible causes. He/She
needs to inspect a significant volume of data to understand
the anomaly. (iii) The Consumer represents the building
condos administrators or the public administration (as in
the case of public schools), whose interest is to assess the
efficiency of the heating system, as well as to get a feeling
of virtuous behaviors that should/could lead to energy sav-
ings while maintaining the desired level of indoor confort.
He/She only needs to visualize a few indicators, possibly
presented in a clear and intuitive way. (iv) The Users living
in the building are interested in mantaining indoor wellness
and understand how their behaviors affect energy consump-
tion and they can achieve a significant reduction of their
energy expenditure. Presented data should be informative
and, at the same time, easy to understand.

For users living in the building we define two user-friendly
KPIs that measure virtuous behaviors (i.e. energy savings)
in terms of (i) energy needed for heating the given building
for a given number of days, or (ii) kilograms of bread or
number of pizzas that can be purchased with the savings.

The technical KPIs aims at evaluating the energy con-
sumption at different levels: from the single building to
the neighborhood, and from hours and days to months. In
EDEN four technical KPIs have been identified.

• Building KPI. Average energy consumption indicator
of the building per unit of volume, i.e., total energy
consumption of the building divided by the building
total volume. This KPI can be also normalized ac-
cording to the degree days and to the known indoor
temperature.

• Neighborhood KPI. Average energy consumption in-
dicator of the buildings in the same neighborhood per
unit of volume.

• Building-type KPI. Average energy consumption indi-
cator of the buildings of the same type and in the same
neighborhood per unit of volume.
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• Climate KPI. Average energy consumption indicator of
the buildings of the same type and in the same neigh-
borhood per unit of volume, considering only energy
consumption during specific outdoor conditions (tem-
perature range).

These KPIs are computed on different time scales, in partic-
ular: hourly, for each daily time slots, daily, monthly, and
on N-month periods.

Rich queries, indexing and map-reduces are the data ware-
house features exploited to compute KPIs. Specifically, fields
frequently used by KPI queries such as building IDs are in-
dexed, and map reduces are exploited to perform KPI com-
putation. Let consider a simple KPI such as the first of
the list, and for the sake of simplicity, suppose the tempo-
ral scope and normalizations are removed (their implications
will be discussed later). The equivalent SQL query to ex-
tract the Building KPI would be as follows.

select sum(energy_consumption)/building_volume

from fact_table, dimension_table1, ...

where <join fact and dimension tables>

group by building_id, building_volume

In EDEN such KPI is computed by exploiting map, re-
duce and finalize functions of MongoDB, as follows. The
map function determines the key and value pairs emitted by
each processed document: the key is similar to the group by
SQL clause, and in this case it corresponds to the building
ID, whereas the value is a more complex object, since to
compute an average we need to carry over both operands,
the consumption sum and the building volume. Hence, we
put these two values into the value object returned (emitted)
by the map function.

function() {

key = this.place.building.id;

value = {

ec: this.energy_consumption,

vol: this.place.building.volume

};

emit(key, value);

}

The reduce function receives a list of values from the map
functions having the same key, hence we have a list of objects
containing the energy consumption (ec) and the building
volume (vol), and we need to sum all the ec values of the
list. The building volume is the same for all values, since
they refer to the same building (the building id is the map
reduce key).

function(key, values) {

reduced_value = {

ec: 0,

vol: values[0].vol,

};

for (var i=0; i<values.length; i++) {

reduced_value.ec += values[i].ec;

}

return reduced_value;

}

After the reduce phase we have a list of value objects,
one for each building id (key), containing the total energy

consumption and the building volume. The finalize function
adds to each object in this list the average value, which is
the final result and corresponds to the desired KPI.

function (key, value) {

value.ec_vol = value.ec/value.vol;

return value;

};

The provided example is computed over the whole collec-
tion and return total cumulative results since the beginning
of the data collection. The temporal scope can be intro-
duced by exploiting two approaches: (i) a specific query
filtering undesired time periods can be passed to the map
reduce MongoDB command, thus limiting the computation
to a specific time span, or (ii) a more complex key can be
used involving compound building ID and time periods. The
latter is particularly useful to save pre-aggregated results in
a collection similarly to materialized views. For instance
a simple compound map-reduce key such as the concate-
nation of the building ID and the date (YYYY-MM-DD)
of the measurement would automatically provide day-level
aggregations and would require a small change in the map
function only. In EDEN then, monthly KPIs are computed
directly by querying the daily KPIs collections, hence build-
ing a tree of map-reduces that are fed by lower-level lesser-
aggregated results and feed higher-level map-reduces in the
tree.

Current advantages of the map-reduce KPI approach in-
clude a natively distributed computation, that allows hor-
izontal scaling and load balancing among the nodes of the
MongoDB cluster. We are currently analyzing further im-
provements on the EDEN KPI computation framework that
include incremental map-reduces, which are an obvious ap-
proach due to the nature of the data loading, and the ex-
ploitation of the MongoDB aggregation framework. Fur-
thermore, the ability to add new fields to the documents
allow us to easily implement new KPI computations as they
are required, even if the database does not natively support
join operations. Indeed, the actual join is performed as a
preprocessing step during the data enriching phase.

Finally, MongoDB also provides native support for geospa-
tial querying, that is exploited in EDEN to compute KPIs
involving the neighborhood besides the administrative bound-
aries. For instance, to query all the measurements associated
with buildings within a given distance from a specific point
in space, the following snippet of code can be added to an
existent query.

{

’address.coordinates’: {

$geoWithin: {

$center: [ [7.6600778, 45.0632518], 0.01]

}

}

}

This limits the results to the measurements in a radius of
approximately 0.01 degrees (roughly 1 km) from the point
at the given longitude and latitude coordinates.

3.5 Smart data platform
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Figure 3: Residential buildings: Daily energy con-
sumption per unit of volume (Wh/m3) .

The EDEN system will publish a subset of collected data
and results of the analysis in the Yucca Smart Data Platform
(SDP) [18]. Specifically, a portion of the data showed to
users through the informative dashboard, a subset of user’s
feedbacks and indoor thermal comfort perception data, and
interesting knowledge items extracted from the enriched data
collection. The Yucca SDP is a Big Data store developed and
maintained by CSI Piemonte [8]. Based on the Open Data
paradigm, it gives individuals and organizations the oppor-
tunity to publicly share their data under a license that allows
anyone to freely use them. It enables the interconnection
of geographically distributed applications, social networks,
objects and systems. The Yucca SDP supports different
protocols to receive and send data, such as HTTP, MQTT,
RTSP, WebSocket and OData REST APIs. It also provides
some basic functionalities of data enrichment, aggregation,
filtering, pattern matching and windowing.

4. EXPERIMENTAL RESULTS
We performed a preliminary analysis of energy consump-

tion on a real dataset using the EDEN platform. We con-
sidered 2 school buildings and 6 residential buildings, all lo-
cated in two neighboring districts in Turin, within a circular
area of 1 km of radius. Values were measured roughly every
5 minutes. The full time period depends on the availabil-
ity of measurements for each building. For the residential
buildings, measures are available from 2012 to 2014. To con-
sider a complete winter period we analyzed the period from
October 15th, 2012 to April 14th, 2013. For the first school
(named school A), instead, the time period is from Novem-
ber 28th, 2013 to April 30th, 2014. For the second school
(named school B), it is from October 1st, 2012 to March
14th, 2013.

Firstly, the daily energy consumption per unit of vol-
ume (Wh/m3) has been computed for each residential build-
ing, together with the daily average consumption among all
buildings. Figure 3 shows the average consumption profile,
and the profiles of an expensive building and an efficient one.

Since the time periods available for the two school build-
ings are different, also in duration, a further processing has
been performed to compare their energy efficiency: the con-

sumption has been normalized with respect to the total de-
gree days measured for the same time length. This measure
represents the different external temperatures that influence
the daily energetic demand for heating. We computed the
total degree days as the sum of all the positive differences
between a reference indoor temperature (i.e., 20 ◦Celsius)
and the average daily temperature taken from the ARPA
weather archives [3]. Results are reported in Table 1. As
shown in Table 1, the daily energy consumption in school
B is much greater than in school A, with a difference of
about 254 kWh. However, a higher value of average degree
days can also be observed (12.37 ◦C of school B versus 10.97
◦C of school A). The last row in Table 1 shows the energy
consumption per unit of volume divided by the total degree
days. The total consumption normalized with respect to
the degree days is still higher, but the difference is much
smaller. In fact, if we had 1690 degree days for school B
(like in school A), the total energy consumption per unit of
volume unit would have been only 31.04 Wh/(m3×◦C) ×
1690 ◦C= 52458 Wh/m3, rather than 63336 Wh/m3, which
is much closer to the 50373 Wh/m3 of school A.

5. CONCLUSIONS AND FUTURE WORKS
This paper presented a preliminary implementation of the

EDEN platform to enhance energy awareness. As of Decem-
ber 2014, IREN has installed thousands of thermal smart
meters in buildings in Turin, a major Italian city. EDEN
components and design choices that led to the Data Platform
and the Publication Platform have been discussed, with the
aim of efficiently collect and analyze data on energy con-
sumption. The Data Platform collects all the monitored
data, while the Publication Platform includes pre-processed
data enriched with spatial and temporal information at dif-
ferent abstraction levels, as well as meteorological data avail-
able in open source datasets. We also designed and imple-
mented different technical and user-friendly KPIs to provide
informative dashboards targeting different users.

We are currently implementing an ad-hoc social platform
where users are proactively engaged in the act of generating
data related to their perception of thermal comfort, as well
as useful feedbacks on thermal energy consumption of the
buildings where they live or work. The social platform will
also show to users both technical and user-friendly KPIs
on energy consumptions (savings or overconsumption) in an
informative fashion.

Since the collected data easily scale towards very large
datasets, the problem of discovering interesting and hidden
correlations for these huge data collections becomes chal-
lenging. We are currently designing an innovative scalable
algorithmtailored to enriched data managed by EDEN to
efficiently perform the association rule mining on a huge en-
ergy consumption dataset [5, 4].
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School A School B

Volume [m3] 4480 4480
Time period 11/28/2013 – 04/30/2014 10/01/2012 – 14/03/2013

Total energy consumption per unit of volume [Whm3] 50,373 63,336
Daily energy consumption [Wh] 1,465,390 1,719,658

Daily consumption per unit of volume [Wh/m3] 327.10 383.85
Average degree days [ ◦C] 10.97 12.37

Total degree days (in the given time period) [◦C] 1690 2040.4

Total normalized consumption [Wh/(m3×◦C)] 29.81 31.04

Table 1: School buildings: Energy consumption normalized per unit of volume and degree days
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ABSTRACT 

An issue in operating a national electric system is how the corporate 

image of an Independent System Operator (ISO) can be impacted 

by disturbances in the system and their related news publications 

from specialized press. To deal with it, a solution was developed in 

the context of the Brazilian Electric System National Operator 

(ONS): an analytical system for disturbances analysis integrating 

both structured and unstructured data sources. It considers both the 

daily news publications about the electric sector from ONS 

clippings website and the details of operational disturbances from 

the company data marts. We introduce here an adaptation of the 

hybrid multidimensional (MD) design method, considering 

heterogeneous data sources during business analysis and design 

phases. Most important, we illustrate how ontological analysis can 

enhance the semantic expressiveness of the MD modeling activity 

through a semi-automatic derivation process. The analytical 

potential is evidenced by a real scenario case study.   

Keywords 

Multidimensional design, unstructured, ontology, disturbances. 

1. INTRODUCTION 
Treating events of the electric sector through the support of 

database (DB) systems is a critical activity in the operation of multi-

owned energy transmission, such as collecting and analyzing 

disturbances occurrences. Usually, an ISO company is responsible 

for this activity. In Brazil, ONS is in charge of monitoring the 

national electric system. A Decision Support System (DSS) based 

on Business Intelligence / Data Warehousing (BI/DW) architecture 

[7], coined Disturbances BI, uses structured data for disturbances 

analysis. Disturbances are most noticed by the population when 

blackouts occur. Because of their negative consequences, Brazilian 

press often publishes news on the subject, citing ONS, which may 

influence its corporate image. News publications regarding the 

electric sector are collected and made available daily at the 

clippings website. However, there is still the need of an analytical 

environment to support decision makers on analyzing the impact of 

disturbances on ONS institutional image. To achieve this goal, a 

solution to integrate structured data sources to unstructured data 

from the clippings in a BI/DW architecture has been a main 

requirement. 

The problem addressed in this paper is the lack of a methodology 

for BI/DW solutions that considers both types of data sources. 

Indeed, there are a number of systems and solutions that extract 

information from text and integrate with existing DBs, but it is still 

missing a well-defined process to determine how this type of 

application can be used in a corporative context. We propose an 

approach for adapting Moss’s BI/DW lifecycle methodology [11] 

so to consider heterogeneous data, addressing semantic problems 

during the MD design, such as ambiguity and low semantic 

expressiveness. In this paper a systematic approach is described, 

extending the hybrid MD design method by considering reverse 

engineering from text corpora during the source-driven activity. 

Furthermore, we guide how ontological analysis can be applied as 

a base for a semi-automatic process for MD schemas derivation, 

from a well-founded domain ontology that represents information 

in the data sources. 

We also include the application of our approach in the case study 

of disturbances and news publications joint analysis for ONS 

corporate image. In the analysis-driven design activity we 

consulted ONS official glossary, domain engineers and the 

Common Information Model (CIM). In parallel, during the source-

driven design activity, the transactional master DB of ONS and the 

Disturbances BI solution played the role of structured data sources. 

Corpora of news publications from clippings website were 

collected and analyzed by the DW designer as an unstructured data 

source. Afterwards, the disturbance domain ontology was built 

considering the scope of the original schemas. It was developed 

using ontological analysis based on a foundational ontology [4], a 

high-level category system for a solid grounding of conceptual 

modeling. The domain ontology had its semantic enriched during 

the verification and validation activity, where conceptual assertions 

were made to increase the model quality. Then, a semi-automatic 

process for MD structures derivation supports the designer in 

delivering the final MD schema for temporal analysis. The DB 

design and data cube construction phases were performed so joint 

analysis examples over the final data cube are presented through 

reports in an OLAP tool. This paper presents the continuation of 

the approach introduced in [10], covering the adaptation to consider 

heterogeneous data in the MD design methodology, supported by 

the architecture we introduced in [9]. Moreover, the study case is 

detailed and the ontological approach is depicted. 
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2. EVENTS IN ELECTRIC SYSTEMS  
Reliable and sustainable electric systems depend on the ability of 

monitoring and responding, or even predicting, occurrences in the 

electric sector. The treatment of events in the transmission grid is a 

crucial activity, like responding to the shutdown of transmission 

lines or other equipment, i.e. electrical disturbances. Such treatment 

is made possible by solutions that handle large amount of data, 

providing high quality information for decision makers in adequate 

time. BI/DW architecture is a consolidated and usual way to deliver 

information originated in structured data sources. 

2.1 BI/DW Solution for Disturbances Analysis 
ONS is a non-profit ISO, unique in Brazil, performing its duties 

under the supervision and regulation of the national electric energy 

agency. Its mission is to operate the Integrated National System 

(SIN), a large hydrothermal system responsible for 97% of the 

Brazilian electricity supply. It has a strong predominance of 

hydroelectric plants with multiple owners and their facilities and 

equipment, such as power plants, transmission lines and power 

transformers. Equipment in SIN is subject to faults and failures of 

various natures, causing forced shutdowns of one or more devices. 

This can interrupt the power supply to consumers depending on the 

resulting load cut level. These events are known as electric 

disturbances and may be caused by atmospheric electric discharges, 

floods, fires or even human failures. ONS official glossary defines 

an electric disturbance as “an occurrence in SIN characterized by 

forced shutdown of one or more of its components, which cause 

any of the following consequences: loss of load, shutdown of the 

system components, equipment damage or violation of operating 

limits.” 

The processes to fulfill the coordination and the control of SIN 

operation are based on technical procedures, rules and criteria 

defined in normative documents. Information systems were 

developed by ONS, e.g. Disturbances Integrated System (SIPER), 

to support the registration of disturbances as abnormalities, 

undesirable events or unsatisfactory performance. They are 

integrated through ONS master DB, which stores the core 

transactional data from the electric system. Analytical processes of 

disturbances are supported by a BI/DW solution, coined 

Disturbances BI. It consolidates data from transactional systems 

and a historical DB. The integration is made through a conventional 

ETL process over structured data, being available in a disturbances 

data cube. The users can navigate and generate reports over the data 

cube through OLAP tools. 

2.2 Impact of Disturbances on ONS Image 
The corporate image is the way the organization is perceived by 

society, tending to be classified as positive or negative, varying in 

intensity and depending on variables such as opportunities, threats 

and competences. ONS provides a daily summary of news related 

to the electricity sector in its intranet home page, the clippings 

website. Its main purpose is to provide to ONS collaborators news 

publications from the specialized press, quoting the organization 

when it is mentioned. The result of a disturbance in the system can 

lead to power supply cuts, popularly known as blackouts. This 

situation has a direct relation to the load cut level measure of 

disturbances fact in Disturbances BI. The negative consequences of 

a blackout to the population are numerous, generating large 

financial losses in all sectors of the economy. The press gives great 

focus to the subject, often citing ONS when such situation occurs, 

which may influence its corporate image. Among ONS main 

concerns in the electric security domain, the analyses of faults 

caused by disturbances in the system and their impact on users’ 

lives, reflected in the media, is much relevant for decisions related 

to the corporate marketing. Current information systems present the 

information of disturbances and news about SIN independently. 

Hard manual work is necessary for a joint analysis over large 

amounts of historic data, often making it impossible to reach the 

desired results. Therefore, an analytical information system for 

joint exploration of disturbances and their impact in news can 

address this need. Existing DSS solutions were mapped: 

Disturbance BI and clippings website. They represent operational 

data sources captured in business case assessment. 

3. APPROACH PROPOSAL 
To address the methodological support needed for a disturbances 

and clippings integration solution we propose adaptations of 

Moss’s methodology [11] to consider heterogeneous data. This 

BI/DW lifecycle resembles Kimball’s [7] and Malinowski’s [8] 

approaches, but it adds a metadata repository. Even being called a 

lifecycle, it lacks operations and decommissioning phases after 

deployment. However, it presents a balanced approach, considering 

complexity and practice. Each activity is part of a specific phase, 

as depicted in Figure 1 (left). Business analysis and design phases 

are considered the most important activities because they guide the 

BI/DW solution development. The efficacy of MD modeling is 

directly related to future costs in maintaining the BI/DW solution. 

It can be increased by avoiding conceptual mistakes through the 

application of a common understanding formalization [16]. Here 

we focus in the MD design activity as illustrated in Figure 1 (right). 

Our method is based on [8], but we consider an ontological 

approach. 

Figure 1. Hybrid multidimensional design activity adapted. 

3.1 Hybrid Design for Heterogeneous Data 
In our approach we consider unstructured data sources as text and 

ontological analysis to increase the semantic expressiveness of the 

MD modeling activity. The semantic expressiveness (or semantic 

power) is the quality of how precise a model is on representing the 

reality [4]. It considers both supply-driven and analysis-driven 

strategies running in parallel for deriving the initial schemas. In the 

analysis-driven schema derivation, the designer can use the domain 

knowledge from domain experts, existing procedures, glossaries, 

taxonomies or other terminological standards. In the supply-driven 

one, both structured and unstructured data sources can be analyzed. 

Then, the matching of the schemas sketches, i.e. their merging, is 

supported by ontological analysis [4], representing the business 

concepts in a domain ontology, categorized by top-level categories. 

Then, the domain ontology is verified and validated, increasing its 

quality in a cyclical way. Afterwards, rules defined as in a prior 

work, coined OntoWarehousing [10], can be applied to derive 

possible MD structures, used by DW designers in the final 
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definitions of MD schemas. Adaptations of the activities to cope 

with unstructured data and ontological engineering are described 

below. 

3.1.1 Analysis-Driven Design 
Each domain concept should be correctly named, uniquely 

identified and validated by business people who will access the 

data. Therefore, ontological analysis can be applied to support 

common understanding. A domain ontology can be sketched based 

on interviews with the main stakeholders and business official 

vocabularies, such as glossaries and standards. The ontology should 

be independent of technologies, not being influenced by any type 

of software or hardware. Current business processes should be 

understood, so the behavior of the concepts is mapped to the 

ontology, e.g. their creation or modification. 

3.1.2 Source-Driven Design 
In our approach we divided the reverse engineering in two main 

activities: from transactional DBs (usual), as structured sources, 

and, from textual sources. The result artifact from this activity is a 

sketch of the domain ontology from the point of view of the data 

sources. In both reengineering processes, making annotations about 

the origins of the data is crucial for the ETL design. Reverse 

engineering from structured data sources is widely addressed by 

supply-driven related works, e.g. AMDO [15]. It checks functional 

dependencies among tables by verifying relationships, cardinalities 

and constraints. Then, MD structures can be derived automatically 

based on a set of heuristics. It can capture important business rules 

and policies that may not be gathered during interview sessions. 

Some CASE tools implement this capability. 

Reverse engineering from text generates representations of entities 

and their relations from unstructured data sources. This can be 

made manually or automatically. In both cases a set of text corpora 

is selected with support of business experts. Then, its content is 

analyzed. Automatic approaches consider Natural Language 

Processing (NLP) and Information Retrieval (IR) techniques 

applied to the corpora, resulting in suggestions of models. Entity 

and relations recognition techniques play an important role on 

ontology generation. Tools that implement these techniques are 

based on lexical methods, such as orthographic correction, stop 

word elimination, tokening, synonymous resolution, stemming, 

morphological classification and some type of semantic 

categorization from business terms. In our approach we do not 

choose one specific technique or tool. Instead, we guide the 

designer to first check the existing NLP and IR solutions. 

3.1.3 Domain Ontology for Initial Schemas 
The inputs for this phase are the model sketches from prior 

activities. Common concepts found in these representations should 

be matched or associated, by annotating their data structures 

origins. This information will be necessary to build the linkages 

between the structured and the unstructured universes for designing 

the ETL process. After matching all entities, annotating their 

origins, the consolidated domain ontology should be built. We 

propose the use of the OntoWarehousing [10] ontological approach 

to increase the semantic expressiveness of the MD design. It 

presents a systematic and semi-automatic derivation process to 

suggest MD structures from categories of a foundational ontology, 

a high-level category system that represents concepts such as 

endurants (things that are in time) and perdurants (events or things 

that happen in time) [3] – refer to section 5 for a more detailed 

explanation. The output of this activity is the consolidated well-

founded domain ontology. 

3.1.4 Add Semantics: Verify and Validate 
In this phase the designer analyzes the foundational constructs and 

checks if the entities and relations from the model are semantically 

consistent, also verifying business rules violations. Domain experts 

can support the quality improvement of the domain ontology, 

ensuring that the model is semantically correct, covering the main 

entities involved in the business requirements, avoiding ambiguity. 

This is a cyclical process: when the designer finds an inconsistency, 

he fixes the model and validates it again. Verifying and validating 

(V&V) ontologies with many concepts can be unfeasible for 

humans because of their size and complexity. Thus, a common 

practice is to choose ontology sub-domains, validate each 

separately and merge them. The resulting artifact is the valid well-

founded domain ontology. 

3.1.5 Deliver Final Schema: Derivation Process 
The final MD schemas are designed based on the well-founded 

domain ontology and other existing MD schemas. In common 

methodologies [7,8] this task depends purely on informal 

guidelines for MD designer decisions. It depends on tacit 

knowledge, being error prone. In OntoWarehousing [10], we 

defined a set of mapping rules to derive possible MD structures 

from the well-founded domain ontology. The MD designer can use 

this method to increase its assertiveness. The mechanism to derive 

MD concepts begins by reading the domain ontology and looking 

for the foundational ontology categories. Once they are found, it 

executes the mapping rules and presents to the modeler the possible 

MD structures inferred. Thereafter, the derived MD concepts are 

conformed to other MD schemas, providing new analytical 

possibilities. At last, the designer defines the final MD schemas 

with data sources annotations as comments in natural language to 

serve as specification for the ETL processes. Other ontological 

approaches for MD design can be used in parallel, combining the 

final MD concepts produced such as in [16]. 

4. APPLICATION CASE 
To handle disturbances and clipping s integration we have applied 

our approach in the construction of a BI/DW solution. Business 

analysis, design and construction phases were performed and some 

analysis examples over the final data cube could be made. To 

support the BI/DW lifecycle, Enterprise Architect (EA: 

http://www.sparxsystems.com.au/) CASE tool was chosen, which 

provides a full-set of capabilities for requirements formalization, 

conceptual models design and behavioral aspects representations. 

In addition, OntoUML Lightweight Editor (OLED: 

https://code.google.com/p/ontouml-lightweight-editor/) software 

and its plug-in to EA supported the V&V process. 

4.1 Business analysis 

4.1.1 Analysis-Driven Design 
The analysis driven design was supported by ONS domain experts, 

the official glossary, and the CIM IEC 61970 

(http://www.iec.ch/smartgrid/standards/). ONS official glossary 

contains the definitions of the main terms used in the electric sector. 

It serves as main business concepts source for common 

understanding among ONS and other agents. It helped in asserting 

the initial domain representations. When a specific term was not 

encountered in the glossary or there was ambiguity, the domain 

experts were consulted, mostly power systems engineers. They 

asserted specific rules, such as the part-whole relation between a 

disturbance and a forced shutdown, where a forced shutdown is part 

of one unique disturbance and it is existentially dependent of the 

disturbance. The CIM IEC 61970 is an international standard built 

by the electric power industry and it was adopted to support 
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information systems interoperation and common concepts 

agreement. Particularly, the main part of this standard was chosen, 

the IEC-61970 for energy management. It brings the 

representations of core concepts of electric power transmission and 

distribution domain, such as equipment (e.g. power transformer) 

and its sets (equipment containers) as power system resources. As 

a practical advantage, this standard is available and extensible in 

the EA tool as a UML class structural package. 

4.1.2 Source-Driven Design 
The involved data sources were listed as: the SIPER cut-off of ONS 

master DB, an entities mapping between the master DB and CIM 

models, Disturbances BI and clippings website (news 

publications). The physical data model was used to check tables, 

attributes, relationship integrities and constraints that implement 

the domain behavior. This type of information was included when 

representing the company concept. The entities mapping 

specification between the master DB and CIM describes the 

equivalence between the data structures from ONS master DB and 

the classes and relations of CIM meta-model. This document was 

previously built and used for the development of an ETL process, 

which extracts data from ONS master DB, transforms and load it in 

a CIM file representation. Thus, the domain could be designed in 

English terms, reusing the existing knowledge. The available ETL 

processes of the Disturbances BI were analyzed. We checked the 

ETL process to load the fact disturbance, which has associations to 

dimensions such as owner agent, source equipment, cause, 

begin/end time, among others. The clippings website was checked 

and the news publications sub-domain modeled, as textual 

information source. At first, a web crawler was built to download 

news publications from January 2011 to March 2013. A textual 

ETL process from a prior work [9] was applied in these corpora 

selected. It resulted on a data repository, named terminological DB, 

which stores the terms and their lexical and semantic categories, 

supported by IR. 

4.1.3 Domain Ontology for Initial Schemas 
The domain ontology was built in the EA tool supported by OLED 

plug-in. As starting point, the SIN domain package was composed 

by five sub-domains: companies, facilities, equipment and 

geographical region (structural aspects); and disturbances and news 

publications (dynamic aspects). The most important relation to link 

disturbances and news publications was defined through the 

temporal formal relation “before” at the conceptual level, meaning 

that a disturbance that occurs before a news publication can be 

somehow related to it. Disturbance and news publication are both 

classified as complex events, inheriting a series of properties, such 

as their beginning and ending time points, composition by other 

events, etc. There is a practical implication in this representation 

that was found during the construction phase regarding how long a 

disturbance occurred before a publication about it. For instance, if 

a disturbance occurred in 2010 and some news are published in 

2013, if even this relation respects the “before” relation, it is most 

unlikely that they are related. Therefore, we stated a threshold of 

ten days based in prior experimentation [9]. Initial analysis 

evidenced the increase in publications after a severe disturbance 

and a decrease on subsequent days, reaching the publications 

average in ten days. 

4.1.4 Add Semantics: Verify and Validate 
This activity was supported by OLED software. After the first time 

designing the main concepts in the domain ontology (in EA tool), 

we exported it as an XMI file and imported into the OLED tool. 

During the import process, the tool provides a selection of classes 

and relations that the user would like to validate. Cut offs were 

made for V&V each part of the domain ontology. We could validate 

the domain ontology by examples and counterexamples, simulating 

instances of classes and their relations through the visual capability 

of Alloy analyzer provided in OLED. Moreover, OCL check 

statements were written as business rules representations. The 

result of this activity was the well-founded domain ontology 

considering disturbances and news publications. 

4.1.5 Deliver Final Schema: Derivation Process 
The final MD schema was designed based on the well-founded 

domain ontology. The OntoWarehousing approach was applied to 

discover MD structures, implemented through a prototype, which 

was executed in the domain ontology (refer to [9]). The MD schema 

to analyze the “before” relation could be designed by the derived 

MD structures from the proposed rules and conciliated with the 

existing disturbances MD schema. Moreover, from the 

axiomatization of the temporal operator “before”, the constraint for 

the WHERE clause of the SQL to load the fact at the end of the 

ETL process was derived. Each event is considered a data structure 

(e.g. table, view, procedure) having the columns of start and end 

time points as date/time fields, where “before” is represented when 

the end of the first event is lower than the begin of the second event. 

As a result, the domain ontology, the MD schema specification, the 

requirements document and a high-level design of the ETL process 

were produced. 

4.2 Construction and Deployment 
A DB was physically created reflecting the MD schema 

specification. It supported the ETL process construction based on 

the ETL design and the domain ontology. It considered an ETL 

integration architecture coping with textual ETL, termed 

JointOLAP [9]. It uses IR and NLP techniques for the extraction 

process from text files and loads the terminological DB. The high-

level data flow design is illustrated in Figure 3, having each activity 

supported by a set of tools. It begins with parallel activities: the 

conventional ETL process execution of disturbances Operational 

Data Store (ODS) and the textual ETL downloading news 

publications through a web crawler. Then, JointOLAP is performed 

in these documents, populating the terminological DB with all news 

articles content. It checks patterns in headers (e.g. title, publication 

date and press company), structuring this information in the DB.  

 
Figure 3. High-level ETL process workflow design. 

The framework applies orthographic correction, case sensitive 

elimination, tokenizing and morphological classification, stop word 

and punctuation elimination, synonymous resolution and 

stemming. It indexes the terms, their stems, morphological 
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classification (e.g. verb, adjective, preposition and adverb). A list 

of business terms was created based on ONS official glossary and 

the terms of news articles were marked. An ETL process was 

created to execute the linkage activity, integrating data between 

disturbances and terminological ODSs and loading the final MD 

schema. It was used to build a data cube, making data accessible by 

OLAP tools. 

The impact of blackouts on ONS corporate image analysis was 

supported through the OLAP tool connected to the data cube. The 

navigation was made possible through the dimensions and their 

hierarchies, enabling the exploration of the measures within the fact 

and possible aggregations with drill-down and roll-up operations, 

as well as graphics and reports generation. An analysis example is 

the number of terms published in news by the load cut level 

measure of the related disturbances. Average terms occurrences by 

disturbances is 5,720. Analyzing this measure by the severity of the 

disturbances makes it possible to verify a direct relation with the 

number of news publications. The more severe are the disturbances, 

more terms are published. In average the “blackout” term is, 

considering synonymous, the 27th most common term, but when 

load cut level is greater than 99MW it jumps to 1st. When it is lower 

than 49MW it becomes the 52nd of the blackout terms. News 

publications by disturbance month in 2011 revealed a significant 

variance of terms published after the disturbances occurred in 

February, which caused an enormous blackout in northeast. The 

number of publications increases considerably in March and April, 

then, it decreases back again to the standard baseline. These 

analyses are evidences that the expressivity enrichment of the MD 

design is a differential of our proposal, having the relation “before” 

connecting disturbances and news publications. The counting of 

mentions to certain words emphasized the press terminology when 

severe disturbances happened, addressing the main requirement of 

the solution. 

5. RELATED WORK 
Energy data management is a knowledge area that addresses the 

techniques for collecting, storing and analyzing huge amounts of 

data from the energy sector through IT solutions. Common 

definitions of data and information concepts by ontological 

approaches are still open topics [14]. Ontologies may be applied for 

the representation of portions of reality to understand, 

communicate and reason about the domain. In software engineering 

it is commonly built as UML class diagrams. In artificial 

intelligence it is commonly built as semantic networks and in DB 

area as ER diagrams. All these models seek to represent entities, 

relationships, properties, rules and restrictions of the involved 

domain. It can be considered formal when it is machine-

processable, enabling automated reasoning by the semantics 

described in formal logic [4]. An example of an ontological solution 

for real-time data sources integration is the smart grid domain 

ontology introduced in [2]. It presents representations of event 

types, such as electrical appliances, weathers, storages and 

generators. 

To fulfill analysis requirements in a BI/DW project, the MD and 

ETL design activities are supported by ontological solutions 

addressing the lack of semantic expressivity in MD models [1,12]. 

We introduced OntoWarehousing approach [10] where ontological 

analysis is applied in MD design based on formal ontology 

discipline. Analogous to formal logic, which contemplates logic 

formal structures, such as truth, validity and consistence [4], formal 

ontology is founded on mathematical disciplines of mereology 

(part-wholes), theory of dependence and topology and principles of 

identity and unity. In our approach we used the Unified 

Foundational Ontology (UFO) [3] to enrich the domain 

representation. It is a high-level category system, a top-level 

ontology, which presents these philosophical concepts interpreted, 

describing the most general concepts, such as space, time, matter, 

object, event and action, concepts independent of a domain or a 

particular problem. In OntoWarehousing, the domain ontology is 

semantically enriched by these top-level formalizations, e.g. 

domain concepts classified as events, participations, temporal 

relations, roles, among others. These high-level categories are used 

during the derivation process, which is based on a set of mapping 

rules from UFO categories to MD structures. The idea of such 

interpretation mapping from a foundational ontology to MD 

concepts was first discussed in [12]. 

A survey [1] summarized semantic web technologies (e.g. RDF and 

OWL) applied in BI/DW, discussing advantages, disadvantages 

and cases. Description logic can be used to assist data aggregation 

processing by reasoning services over rules. To enforce the 

semantics in MD design, Romero et al. [15] proposed the AMDO 

approach for conceptual modeling in BI/DW solutions based on 

end-user requirements elicitation and hybrid MD design. It uses a 

supply-driven mechanism where a set of rules formalized in first 

order logic derive MD structures (facts, measures, dimensions, 

hierarchies and attributes). The GEM approach [16] operationalizes 

the whole process, automating the identification of potential MD 

concepts by analyzing the domain ontology and the semantic 

annotations represented in OWL-DL. The ORE module [6] evolves 

GEM considering the complexity of frequent changes in MD 

design, integrating each new analytical requirement. These tools 

are mature enough, but they still lack some common understanding, 

which can be provided by a foundational ontology. 

The need of considering unstructured data in BI/DW solutions is 

fundamental for business analytics. Even so, most of BI/DW 

methodologies are based on structured data. Analyzing and 

exploring data from heterogeneous natures, jointly, can enhance the 

potential of analytical applications offered to decision makers [5]. 

Several works are being proposed to consider the unstructured data 

sources by applying IR and NLP techniques as listed in [13]. We 

introduced the architecture JointOLAP [9] as a solution for joint 

exploration. It takes advantage of semantic treatment mechanisms 

for the unstructured content. 

6. CONCLUSIONS AND FUTURE WORK 
We introduced our approach as an adaptation of Moss’s BI/DW 

methodology to consider heterogeneous data by making specific 

changes in the hybrid MD design activity. It takes advantage of IR 

and NLP techniques during the source-driven analysis phase to 

derive complementary analytical elements and associate data from 

structured and unstructured sources. In addition, we increased the 

MD design semantics by applying ontological engineering 

supported by a foundational ontology. A case study regarding ONS 

joint analysis of distribution consumption energy affected by press 

publications was described. The MD schema was derived 

considering the “before” temporal formal relation between 

disturbances and news publications. This case study is a work-in-

progress, being considered as an original research and an industrial-

strength solution for energy data management. Its main 

contribution is the integrated OLAP specification for ONS 

corporate image impact analyses built based on our approach. 

Indeed, the correlation between disturbances and news publications 

is not surprising. However, our case study could materialize this 

relation and its exploration using real data. 
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Lessons learned from our approach application on hybrid MD 

design activity include: (i) unstructured data sources proved to be 

essential information for MD conceptual design; (ii) ontological 

engineering seems to be an adequate method to improve knowledge 

acquisition and its design through a well-founded domain ontology; 

(iii) we believe this method may increase the productivity in 

business analysis and design phases of BI/DW projects. Some 

limitations are: (i) the derived ETL process did not considered 

implementation issues such as surrogate keys treatment and 

indexing management; (ii) to simplify, we considered a 1:1 relation 

between terms and categories, restricting the terms classification; 

(iii) the reverse engineering from text can be unfeasible depending 

on the amount of data; and (iv) the choice of MD concepts for the 

resulting MD schemas continues to be a tacit activity depending on 

the designer’s decisions. Future work includes: (i) to enhance the 

textual ETL for news publications with new text treatment 

techniques, considering distributional models; (ii) to apply 

sentiment analysis techniques to discover the polarity of the 

sentiment around the events (e.g. positive, negative and neutral); 

(iii) to predict how quickly after an event the sentiment for or 

against ONS changes in the news and also to incorporate sentiment 

from crowd sources; (iv) we believe that entity recognition and 

relation extraction activities can consider categories of a 

foundational ontology; (v) regarding the involved tools, we believe 

that the prototype should be developed as an extension of OLED 

integrated to GEM/ORE. 
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ABSTRACT
Flexibility in energy supply and demand becomes more and
more important with increasing Renewable Energy Sources
(RES) production and the emergence of the Smart Grid. So-
called prosumers, i.e., entities that produce and/or consume
energy, can offer their inherent flexibilities through so-called
demand response and thus help stabilize the energy mar-
kets. Thus, prosumer flexibility becomes valuable and the
ongoing Danish project TotalFlex [1] explores the use of pro-
sumer flexibility in the energy market using the concept of
a flex-offer [2], which captures energy flexibilities in time
and/or amount explicitly. However, in order to manage and
price the flexibilities of flex-offers effectively, we must first
be able to measure these flexibilities and compare them to
each other. In this paper, we propose a number of possible
flexibility definitions for flex-offers. We consider flexibility
induced by time and amount individually, and by their com-
bination. To this end, we introduce several flexibility mea-
sures that take into account the combined effect of time and
energy on flex-offer flexibility and discuss their respective
pros and cons through a number of realistic examples.

Keywords
Energy Flexibility, Flex-offers, Flexibility Measures

1. INTRODUCTION
A common challenging goal is to increase the use of en-
ergy produced by renewable energy sources (RES), such as
wind and solar and at the same time reduce the CO2 emis-
sions. However, RES are characterized by fluctuating en-
ergy production and increased use of RES can lead to peaks
(and valleys) in energy production and thus create conges-
tion problems (or shortages) in the electric grid [5]. On the
other hand, new devices such as heat pumps, increase the
demand of energy and will lead to undesirable consumption
peaks and a need for load shedding.

In this new energy scenery, the forthcoming Smart Grid [4]
uses advanced information and communication infrastruc-

(c) 2015, Copyright is with the authors. Published in the Workshop Pro-
ceedings of the EDBT/ICDT 2015 Joint Conference (March 27, 2015, Brus-
sels, Belgium) on CEUR-WS.org (ISSN 1613-0073). Distribution of this
paper is permitted under the terms of the Creative Commons license CC-
by-nc-nd 4.0.

tures to activate the concept of demand side management
(DSM) [6, 8]. According to DSM, the individual energy pro-
sumers (producers and consumers) have a prominent role in
the energy market due to their inherent flexibility. Flexibil-
ity can be used to mainly let the energy demand follow the
energy supply and adjust the energy requirement according
to energy production. The TotalFlex project explores the
effect of prosumer flexibility on the energy market by intro-
ducing a new commodity using the flex-offer [2] concept that
captures flexibilities in operating times and energy amounts
of devices, as presented in the following use case.

Flex-offer use-case example. An electrical vehicle (EV)
is plugged in and ready for charging at 23:00. Its battery is
totally empty and it needs 3 hours to be charged. Moreover,
its owner is satisfied with a minimum charging of 60% be-
cause this is sufficient enough for his needs tomorrow, e.g.,
going to work. Thus, we can see a flexibility regarding the
energy demand of the EV due to the energy range satisfac-
tion (60%−100%). Furthermore, the owner wants the car
to be charged by 6:00 the latest, where he/she leaves home.
As the battery requires 3 hours of charging, it should start
being charged at 3:00 the latest. Therefore, we can also see
a flexibility regarding the starting time range (23:00-3:00)
of recharging the EV. The energy supplier is notified about
the EV owner’s energy requirement as well as the associated
flexibilities in time and amount in the form of a flex-offer.
Utilizing the flex-offer, the charging of the battery is sched-
uled (the starting time and energy demand for operating are
assigned) at 1:00 because wind production will increase at
that time. Furthermore, in order to ensure the owner’s par-
ticipation and to take advantage of the EV flexibility, the
owner is offered lower energy tariff prices.

Flexibility, harnessed from many prosumers (using flex-
offers) and handled according to the use-case example above,
brings many advantages to society as well as to the actors
participating in the energy market. Specifically, the utiliza-
tion of RES is substantially increased and CO2 emissions
are reduced. Individual energy demands from prosumers
are met and lower energy tariffs are offered. Marginal costs
are reduced for Balanced Responsible Parties (BRPs) who
trade energy. Congestion problems of Distributed System
Operators (DSOs) can be handled without costly upgrades
of physical grid infrastructures.

However, in order to take flexibility into consideration, we
need to be able to measure how much flexibility is offered and
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identify the kind of flexibility offered. Only with a proper
flexibility measure, different flexibility offerings can be com-
pared together. Focusing on the use-case of flex-offers and
flexibility represented by these, we now present two scenar-
ios where measuring flexibility is particularly useful.

Scenario Nr. 1 Flex-offers must be scheduled at some
point in time to be able to satisfy the prosumers’ energy
needs, as described in the use case example above. Flex-offer
scheduling problem [13], being similar to the unit commit-
ment problem [9], is highly complex [12], when considering
a large number of flex-offers, issued for a variety of appli-
ances such as EVs, heat-pumps, dish washers, and smart
refrigerators. To reduce the complexity of scheduling, flex-
offer aggregation [15] plays a crucial role by trying to reduce
the number of flex-offers while retaining as much as possible
of their flexibility. In addition, the TotalFlex project is fur-
ther utilizing the aggregation not only to reduce the number
of the flex-offers, but also to partially handle the balancing
task as well [14]. For all the aggregation techniques, it is
essential to quantify and then to minimize flexibility losses,
and therefore a flexibility measure is needed.

Scenario Nr. 2 Consider an energy market where flex-
offers are traded. It is infeasible to trade flex-offers from in-
dividual prosumers directly in the market due to their small
energy amounts. It is desirable for a BRP or for any other
participating actor (e.g., an Aggregator) to first aggregate
flex-offers from individual prosumers (e.g., household appli-
ances) into “larger”’ aggregated flex-offers (e.g., at the dis-
trict level) before entering the market. Consequently, only
large aggregated flex-offers are allowed to be traded in the
market, and, when traded, used, e.g., by a BRP to ensure
balance between the physically dispatched energy and en-
ergy traded in the energy spot-market, thus avoiding imbal-
ance penalties. In this scenario, it is preferable for aggre-
gated flex-offers to retain as much flexibility as possible in
order to obtain a better value in the energy market when
they are traded. Thus a flexibility measure to quantify flex-
ibility of various flex-offers traded as commodities is needed.

In this paper, we employ the existing flex-offer definition [15]
capturing flexibilities regarding time and energy amount.
We assume that a flex-offer is already generated and it cap-
tures the energy and associated flexibility of a single pro-
sumer unit (e.g., an EV). Our goal, is to express the flex-
ibility, in time, amount, and both time and amount, with
a single flexibility measure that can be applied on a single
flex-offer or on a set of flex-offers. Therefore, we introduce
8 possible flexibility measures that can be used to quan-
tify flexibilities of flex-offers and to compare flex-offers to-
gether in terms of their flexibilities. These include so-called
time, energy, product, vector, time-series, assignments, abso-
lute area-based, and relative area-based flexibility measures,
which treat time and energy amount either as independent
or dependent flex-offer dimensions. We discuss their advan-
tages and disadvantages using illustrative real-world based
examples. Our proposed flexibility definitions can be used
not only for the valuing of flex-offers, but also for evaluation
of flex-offer aggregation techniques and their algorithmic im-
plementation. In fact, depending on the application needs,
the flexibility of a flex-offer can be measured using one or
more of the proposed measures, each with their advantage.

The remainder of the paper is structured as follows. In Sec-
tion 3, we introduce and propose different flexibility defi-
nitions. We discuss in Section 4 about the use-case of the
introduced definitions mentioning their pros and cons. We
refer to related work in Section 5, and we conclude and men-
tion our future work in Section 6.

2. PRELIMINARIES
In this paper, we consider the dimensions of time and energy,
where time has the domain of natural numbers including
zero (N0) and energy has the domain of integers (Z). These
assumptions are without loss of generality as we can achieve
any desired finer granularity/precision of time and energy by
simply multiplying their values with the desirable coefficient.
Based on [15], we define a flex-offer according to Definition 1.

Definition 1. A flex-offer f is a 2-tuple
f=([tes, tls], 〈s(1), . . . , s(s)〉). The first element of the
tuple denotes the start time flexibility interval where
tes ∈ N0 and tls ∈ N0 are the earliest start time and latest
start time, respectively. The second element is a sequence of
s consecutive slices that represents the energy profile. Each
slice s(i) is an energy range [amin, amax], where amin ∈ Z
and amax ∈ Z. The duration of slices is 1 time unit.

A flex-offer also has a total minimum cmin and a maximum
cmax energy constraint. The minimum constraint is smaller
than or equal to the maximum one and they are lower and
upper bounded by the sum of all the minimums and the sum
of all the maximums of energy of the slices, respectively.
If all the energy values of a flex-offer are positive then the
flex-offer represents energy consumption (positive flex-offer),
e.g., a dishwasher. If all the energy values of a flex-offer
are negative then the flex-offer represents energy production
(negative flex-offer), e.g. a solar panel. If the energy values
of a flex-offer are both positive and negative then the flex-
offer represents both energy consumption and production
(mixed flex-offer), e.g., a “vehicle-to-grid”.

A flex-offer f can be instantiated into a so-called assignment
of f , fa, is a time series defining the starting time and the
exact energy amounts satisfying all flex-offer constraints.

Definition 2. An assignment fa of a flex-offer f =
([tes, tls], 〈s(1), . . . , s(s)〉) is a time series {fa}tstart+s

t=tstart
=

〈v(1), . . . , v(s)〉 such that:

• tes ≤ tstart ≤ tls

• ∀i = 1..s : s(i).amin ≤ v(i) ≤ s(i).amax

• cmin ≤
s∑

i=1

v(i) ≤ cmax

A (valid) flex-offer assignment satisfies the constraints of a
flex-offer. Specifically, for each slice of the flex-offer, the
assignment has a corresponding energy value which must
be within the corresponding slice energy range of the flex-
offer. In addition, the sum of the energy values of a flex-offer
assignment must be within the total minimum and the total
maximum energy constraints of the flex-offer. Furthermore,
the first non-zero energy value of the assignment that defines
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the actual starting time of the flex-offer must be within the
start time flexibility interval of the flex-offer. A single flex-
offer (typically) has several flex-offer assignments. We use
the set L(f) to define all (valid) flex-offer assignments. For
instance, Figure 1 illustrates a flex-offer with four slices f =
([1, 6], 〈[1, 3], [2, 4], [0, 5], [0, 3]〉). One valid assignment of f
is fa1 ∈ L(f) such that {fa1}5

t=2 = 〈2, 3, 1, 2〉, shown as bold
lines in Figure 1.

Figure 1: Illustration of a flex-offer f

3. FLEXIBILITY DEFINITIONS AND
MEASURES

We now introduce different flexibility definitions and mea-
sures associated with a flex-offer.

3.1 Time and energy flexibility
There are two different types of flexibilities associated with
a flex-offer, either derived by the starting time interval or
by the energy ranges of the slices.

Based on the flexibility definitions introduced in [15], we
consider the time flexibility tf (f ) of a flex-offer f to be the
difference between the latest and the earliest start time of
f , measured in time units, i.e., tf (f ) = f.tls − f.tes.

Example 1. The flex-offer f in Figure 1 has tls=6 and
tes=1, thus time flexibility is: tf (f ) = 6− 1 = 5.

Moreover, since the total maximum and the total minimum
energy constraints impose the allowed energy range of a flex-
offer, we also define energy flexibility of a flex-offer f to be
the difference between the total maximum and the total min-
imum energy constraints, i.e., ef (f ) = c max(f)− c min(f)

Example 2. The flex-offer f in Figure 1 has the
sum of maximum slice values equal to 15 and the
sum of minimum slice values equal to 3. Given that,
c max(f)=15, c min(f)=3, and the energy flexibility of f
is ef (f )=15−3=12.

3.2 Combined flexibility measures
As seen above, quantifying either time or energy flexibilities
on their own is rather straightforward. It is more tricky to
consider them in combination. Therefore, we now define and
discuss several alternative measures for this.

Product flexibility. The existing definition of total flex-
ibility [15] originally specified the total (joint) flexibility of
a flex-offer f as the product of the time flexibility and the
sum of the energy flexibilities of all the slices. However, as
we have additionally introduced the total energy constraints
of a flex-offer, we define the product flexibility of a flex-offer
as follows:

Definition 3. The product flexibility product flexibility(f )
of a flex-offer f is the product of the time flexibility and the
energy flexibility of f , i.e., product flexibility(f ) = tf(f) ·
ef(f).

Example 3. The flex-offer f in Figure 1 has product flex-
ibility product flexibility(f ) = 5 · 12 = 60.

Vector flexibility. Since a flex-offer is characterized by
both time and energy we define the flexibility of a flex-offer
to be a vector where time and energy flexibilities are the
vector components.

Definition 4. The vector flexibility vector flexibility(f ) of
a flex-offer f is a vector v with 2 components. The first
component of the vector is the time flexibility of f , and
the second component is the energy flexibility, i.e., v =
〈tf(f), ef(f)〉.

The total flexibility is then intuitively given by the “length”
of the vector, computed using a given norm. Possible
relevant norms in our two dimensions include Manhattan
(L1−norm) and Euclidean norm (L2−norm).

Example 4. The flex-offer f in Figure 1 has vector
flexibility vector flexibility(f ) = 〈5, 10〉, and we can com-
pute its length as either ‖vector flexibility(f )‖1=5+10=15

or ‖vector flexibility(f )‖2=
√

(52 + 102)=11.180.

Time-series flexibility. A flex-offer allows multiple as-
signments, each expressing a possible instantiation of the
flex-offer. Since every assignment of a flex-offer is a time
series, the difference between two assignments is also a time
series. We consider the two most dissimilar time series (as-
signments), minimum and maximum, defined as follows:

Definition 5. The minimum assignment fmin
a (f) of a

flex-offer f = ([tes, tls], 〈s(1), . . . , s(s)〉) is the assignment
with the first energy value positioned at the earliest start-
ing time of f and energy values equal to the minimum
slice values of f , i.e., fmin

a (f) = t, where {t}tes+s
t=tes

=

〈f.s(1).amin, . . . , f.s(s).amin〉.

Definition 6. The maximum assignment fmax
a (f) of a

flex-offer f = ([tes, tls], 〈s(1), . . . , s(s)〉) is the assignment
with the first energy value positioned at the latest start-
ing time of f and energy values equal to the maximum
slice values of f , i.e., fmax

a (f) = t, where {t}tls+s
t=tls

=

〈f.s(1).amax, . . . , f.s(s).amax〉.
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Using minimum and maximum assignments, we define series
flexibility as follows:

Definition 7. The time series flexibility,
series flexibility(f ), of a flex-offer f is the difference
the maximum and the minimum assignments of f (time
series), i.e., series flexibility(f )=fmax

a (f)-fmin
a (f).

Since we use two dimensions, we again propose the Manhat-
tan and Euclidean norms to quantify the difference between
two assignments.

Figure 2: Time series definition example with ef(f1) = 1
and tf(f1) = 1

Example 5. Figure 2 illustrates a flex-offer f1 with 1
slice, earliest start time = 0, and latest start time = 1, f1 =
([0, 1], 〈[0, 1]〉, cmin(f1) = 0, and cmax(f1) = 1.

Flex-offer f1 has 4 assignments, and the following mini-
mum and maximum assignments: {fmin

1a (f1)}1
t=0 = 〈0, 0〉,

{fmax
1a (f1)}1

t=0 = 〈0, 1〉. Let the difference between fmax
1a (f1)

and fmin
1a (f1) be fd1 so that fd1=fmax

1a (f1)-fmin
1a (f1). In this

example {fd1}1
t=0 = 〈0, 1〉, L1−norm, |{fd1}1

t=1|1 = 1, and
L2−norm, |{fd1}1

t=1|2 = 1. According to both L1−norm and
L2−norm, series flexibility(f1 )=1.

Assignment flexibility. As mentioned in Section 2, a flex-
offer allows a number of possible assignments. The number
of possible assignments directly depends on time and energy
flexibility and is the number of the combinations between all
the allowed amount and time values of all its slices. There-
fore, we use the number of possible assignments as a com-
bined measure induced by both time and amount flexibility.

Definition 8. We define assignment flexibil-
ity, assignment flexibility(f ), of a flex-offer f =

([tes, tls], 〈s(1), . . . , s(s)〉) to be the number of all possi-
ble assignments of f , i .e., assignment flexibility(f )=

=(tls−tes+1)·
s∏

i=1

(s(i).amax−s(i).amin+1).

Figure 3: Number of assignments example with ef(f2) = 2
and tf(f2) = 2

Example 6. Flex-offer f2 = ([0, 2], 〈[0, 2]〉) in Fig-
ure 3 has tls−tes+1=3 and since it has one slice
s(1).amax−s(1).amin+1=3. Thus, f2 has 9 assignments in
total.

Absolute area-based flexibility. Absolute area-based
flexibility is based on the area that all flex-offer assign-
ments jointly cover, considering all of their possible values
of start time and energy. As a basis for calculating this
area, we consider a two-dimensional (time and energy) grid
G = N0 × Z = {(t, e) : t ∈ time, e ∈ energy}, in which
the x axis corresponds to discretized time and the y axis to
discretized energy. Cells of the grid are identified by their
lower left coordinates. For instance, the cell with identi-
fier (0, 0) has the following corner coordinates: (0, 0), (0, 1),
(1, 0), (1, 1).

First, we define the area of a single flex-offer assignment.

Definition 9. The area of an assignment fa of a flex-offer
f , denoted as area(fa), is the set of cells that falls between
the fa energy values and the X-axis of the grid.

Example 7. Given an assignment of flex-offer f3,
{f3a}3

t=1 = 〈2, 1, 3〉 the area is as follows: area({f3a}3
t=1) =

{(1, 0), (1, 1), (2, 0), (3, 0), (3, 1), (3, 2)}, which is represented
by the hatched cells in Figure 4.

This area represents the total assigned amount of a sin-
gle flex-offer. However, multiple assignments with differ-
ent areas are possible for a flex-offer. The total coverage
of all these assignment areas gives us the area of the flex-
offer flexibility. This joint area expresses all the possible
amounts at all the possible time instances that a flex-offer
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Figure 4: Area of the assignment {f3a}3
t=1 = 〈2, 1, 3〉

could have. Furthermore, we are interested in the size (a
numerical value) of this area of flexibility. To specify this,
we additionally take into account the minimum total energy
constraint c min, which is applicable to all assignments and
is thus considered inflexible.

Definition 10. The absolute area-based flexibil-
ity of a flex-offer f is the difference between the
size of the total area covered by all the assign-
ments of f and the total minimum constraint of f :
absolute area flexibility=| ⋃

as f∈L(f)

area(as f)| − c min(f)

Example 8. Figure 5 illustrates the flex-offer f4 =
([0, 4], 〈[2, 2]〉, cmin(f4)=2, and cmax(f4)=2. Flex-offer
f4 has 5 different assignments and each one covers an
area of two cells, see Figure 5. Flex-offer f4 has
absolute area flexibility(f4 )=10−2=8.

Example 9. Figure 6 illustrates the flex-offer f5 =
([0, 4], 〈[1, 1], [2, 2]〉, cmin(f5)=3, and cmax(f5)=3. Flex-
offer f5 has 5 different assignments and each one covers
an area of three cells, see Figure 6. Flex-offer f5 has
absolute area flexibility(f5 )=10−2=8.

Relative area-based flexibility. For most of the pre-
sented flexibility measures (incl., absolute area-based flex-
ibility), the value of the flexibility depends on the actual
amounts specified in the flex-offer. However, in cases when
we need to compare flex-offers of different sizes in terms
of amount, we need a size-independent measure. For these
cases, we propose a relative area-based flexibility.

Definition 11. The relative area-based flexibility of a flex-
offer f is equal to the absolute flexibility divided by the av-
erage of the energy total constraints of f :

relative area flexibility(f ) = 2∗absolute area flexibility(f )
|c min(f )|+|c max(f )| ,

|c min(f )|+ |c max (f )| 6= 0

Example 10. Flex-offer f4 = ([0, 4], 〈[2, 2]〉,
cmin(f4)=2, cmax(f4)=2, shown in Figure 5, has
relative area flexibility(f4 )= 2∗8

|2|+|2|=4. Flex-offer

Figure 5: Absolute and relative area-based flexibility of the
flex-offer f4

f5 = ([0, 4], 〈[1, 1], [2, 2]〉, cmin(f5)=3, cmax(f5)=3, shown
in Figure 6, has relative area flexibility(f5 )= 2∗8

|3|+|3|=16/6.

4. DISCUSSION
In this section, we discuss the pros and cons of the proposed
flexibility measures, and scenarios in which we can use each
of these measures.

Product flexibility. The product flexibility measure, de-
fined in Definition 3, is only applicable in cases when a
flex-offer f has positive time and energy flexibilities, i.e.,
tf(f) > 0 and ef(f) > 0. In cases, when either the time
or the amount flexibility is equal to zero, the value of the
product flexibility is also equal to zero. As the flex-offer is
still flexible in the other dimension (time or energy), this
measure is not particularly accurate.

Example 11. Flex-offer fx=([2, 8], 〈[5, 5]〉) has tf(f)=6,
ef(fx)=0, and product flexibility(fx ) = 6 · 0 =
0. Moreover, two flex-offers fx=([1, 3], 〈[1, 5]〉) and
fy=([1, 3], 〈[101, 105]〉) have equal product flexibility values,
i.e., product flexibility(fx )=product flexibility(fy)=8, even if
the minimum energy requirement of fy is more than 100
times greater than the minimum energy requirement of fx.

Furthermore, product flexibility does not take into account
individual slice energy requirements. It relies only on total
energy requirements (cmin and cmax). Nevertheless, Defi-
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