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a b s t r a c t

Solving large-scale all-to-all comparison problems using distributed computing is increasingly significant
for various applications. Previous efforts to implement distributed all-to-all comparison frameworks
have treated the two phases of data distribution and comparison task scheduling separately. This leads
to high storage demands as well as poor data locality for the comparison tasks, thus creating a need
to redistribute the data at runtime. Furthermore, most previous methods have been developed for
homogeneous computing environments, so their overall performance is degraded even furtherwhen they
are used in heterogeneous distributed systems. To tackle these challenges, this paper presents a data-
aware task scheduling approach for solving all-to-all comparison problems in heterogeneous distributed
systems. The approach formulates the requirements for data distribution and comparison task scheduling
simultaneously as a constrained optimization problem. Then, metaheuristic data pre-scheduling and
dynamic task scheduling strategies are developed along with an algorithmic implementation to solve the
problem. The approach provides perfect data locality for all comparison tasks, avoiding rearrangement of
data at runtime. It achieves load balancing among heterogeneous computing nodes, thus enhancing the
overall computation time. It also reduces data storage requirements across the network. The effectiveness
of the approach is demonstrated through experimental studies.

© 2016 Elsevier Inc. All rights reserved.

1. Introduction

The size of data sets has grown rapidly across a variety of sys-
tems and applications [2,15]. Distributed computing using a dis-
tributed data storage architecture has been widely applied in data
intensive and computationally intensive problems due to its cost
effectiveness, high reliability and high scalability [4,14,21]. It de-
composes a single large computing problem into multiple smaller
ones and then schedules those smaller ones to distributed worker
nodes. Its performance largely depends on the data distribution,
task decomposition, and task scheduling strategies. A significant
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performance degradation may result from inappropriate data dis-
tribution, poor data locality for computing tasks, and unbalanced
computational loads among the distributedworker nodes. An inap-
propriate data distribution consumes excessive storage space. Poor
data locality means that the data required by a particular worker
is unavailable locally, thus creating overheads associated with re-
arranging data between the nodes at runtime. Load imbalances
lengthen the overall computation time due to the need to wait
for the slowest nodes. Thus, innovative approaches are required to
deal with all these issues for distributed computing of large-scale
problems with distributed data.

All-to-all comparison is a type of computing problem with a
unique pairwise computing pattern [18,19,33]. It involves compar-
ing two different data items from a data set for all possible pairs of
data items. It is widely found in various application domains such
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as bioinformatics, biometrics and datamining. For example, in data
mining, clustering algorithms use all-to-all comparisons to derive
a similaritymatrix to characterize the similarities between objects.
For instance, in a study of music information retrieval, 3090 pieces
of music were pairwise compared to determine the similarity be-
tween any pair of items [3].

Existing solutions for general distributed computing have been
adapted to distributed processing of all-to-all comparison prob-
lems. They generally consider data distribution and comparison
task scheduling in two independent phases. There are two rep-
resentative ideas for data distribution: (1) to copy all data to all
nodes [1,11,24]; and (2) to distribute data by using the Hadoop
computing framework [28,6]. While considering data distribution
and task scheduling in two independent phases simplifies the sys-
tem’s design, significant weaknesses are caused by the lack of co-
ordination between the two phases, leading to poor performance
of the overall distributed computation. This is in addition to the
inherent drawbacks of these two approaches for all-to-all compar-
ison problems, as is discussed below in Section 2.

To solve these problems, here we present a data-aware
task scheduling approach for distributed computation of large-
scale, all-to-all comparison problems with distributed storage in
heterogeneous distributed systems. Specific contributions of this
work include:

1. A formalization of distributed all-to-all comparison computa-
tions as a constrained optimization problem, which considers
data distribution and task scheduling simultaneously;

2. A metaheuristic pre-scheduling strategy, as a solution to the
constrained optimization requirement, for task-oriented data
distribution with consideration of storage usage, data locality,
and load balancing; and

3. Runtime-scheduling strategies, as a refinement to the pre-
scheduling strategy, for static and dynamic scheduling of
comparison tasks, with consideration of the computing power
of the individual computing nodes in heterogeneous distributed
systems.

The paper is organized as follows. Section 2 discusses related
work and motivations. Section 3 describes all-to-all comparison
problems and their challenges. This is followed by a formalization
of distributed all-to-all comparisons as a constrained optimiza-
tion problem in Section 4. Then, metaheuristic pre-scheduling and
runtime-scheduling strategies are presented in Sections 5 and 6,
respectively. The strategies are further analysed in Section 7. Sec-
tion 8 presents experimental results. Finally, Section 9 concludes
the paper.

2. Related work and motivations

All-to-all comparison problems occur in various application
domains. However, the principle of solving all these problems is
the same. A few typical methods are reviewed below.

A brute-force solution to all-to-all comparison problems copies
all data onto each node in a distributed system [24,23,32].
Moretti et al. [24] designed a computing framework for all-to-all
comparison problems on campus grids. To give each comparison
task the required data, they proposed a spanning tree method
to deliver the data to every node efficiently. Macedo et al. [23]
presented an MPI/OpenMP mixed parallel strategy to run the
DIALIGN-TX algorithm in heterogeneous multi-core clusters. They
focused on comparing different task allocation policies to show an
appropriate choice. Xiao et al. [32] optimized the BLAST algorithm
in a GPU–CPU mixed heterogeneous computing system. Their
implementation was measured to achieve a six-fold speed-up for
the BLAST algorithm. For other big data computing problems other

than all-to-all comparisons, distributing all data everywhere was
also a widely used data strategy [1].

Distributing all data to all nodes has its advantages and
disadvantages. When the data sets are distributed everywhere,
scheduling any comparison task to any node will achieve
perfect data locality, and load balancing becomes straightforward.
However, there are also obvious and major drawbacks. (1) The
brute-force replication of data results in worst-case storage usage,
the longest time consumption for data transmission, and the
highest cost of network communications. For example, a typical
all-to-all comparison problem presented by Hess et al. [13] needs
to process 268 GB of cow rumen metagenome data, and copying
all the data to each node pushes the limits of the available storage
resources. In an experiment by Das et al. [9], the average time for
deploying 10 GB data sets within a cluster of 14 worker nodes
and a 10 Mbps network took nearly 150 min. This long time for
data transmission has a significant negative effect on the overall
performance of the computing problem. (2) Even if all the data
can be duplicated efficiently, much of the data stored in the nodes
will never be used in actual comparison tasks, wasting the storage
resources considerably. (3) These two drawbacks become even
more evident and serious for large-scale problems with big data
sets. As all-to-all comparison is a type of combinatorial problem,
the complexity of processing big data sets increases exponentially
with the size of the data.

Hadoop is a widely-used distributed computing framework for
big data problems, based on the MapReduce computing pattern.
Therefore, recent attempts have beenmade to implement domain-
specific all-to-all comparison applications usingHadoop [28,6]. Us-
ing Hadoop, CloudBurst [28] parallelizes a specific read-mapping
algorithm optimized for mapping next-generation sequence data
to the human genome and other reference genomes. In a test us-
ing a homogeneous cluster of 24 processors, CloudBurst has been
shown to achieve an up to 30 times speed-up compared to ex-
ecution on a single core. Similarly, MRGIS [6] is a parallel and
distributed computing platform implemented inHadoop for geoin-
formatics applications. A Hadoop environment with 32 homoge-
neousworker nodes has been investigated for testing the efficiency
of the MRGIS system [6]. These solutions benefit from Hadoop’s
advantages such as scalability, redundancy, automatic monitoring,
and distributed computing with simple application programming
interfaces (APIs). However, they are domain-specific, and thus not
suitable for general all-to-all comparison problems with big data
sets from different application domains. Therefore, they were not
used as benchmark examples in our experiments to evaluate the
performance of our solution for general all-to-all comparison prob-
lems.

While Hadoop is widely used, it is inefficient for large-scale all-
to-all comparison problems for two reasons. (1) Hadoop is based
on the MapReduce computing pattern, which is fundamentally
different from the pairwise comparison pattern needed in all-
to-all comparison problems. In MapReduce problems, each data
item can be processed separately and there is no requirement
for pairwise data locality. In Hadoop data items are randomly
distributed with a fixed number of replications (the default is 3).
Hadoop’s data distribution strategy does not consider the data
locality requirements for comparison tasks. A naïve attempt
to use Hadoop’s data distribution for all-to-all comparisons
causes a need to redistribute the data between the nodes at
runtime [33]. In Qiu et al.’s experiments [27], Hadoop was
shown to execute inefficiently for all-to-all comparisons due to
frequent switches between ‘map’ and ‘communication’ activities.
(2) Hadoop does not address load balancing directly, which is
also a key requirement for improved performance of the overall
execution time in all-to-all comparison problems. This becomes
most evident in heterogeneous distributed systems, in which
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Table 1
Nomenclature.
Notation Description

1E Energy difference between neighbour and current states
1F Cost difference, 1F = F(S)� F(S 0)
1f The value of the cost difference
C(x, y) Comparison task between data items x and y

Di Data set allocated to node i

|Di| The number of data files in the data set Di

F(S) Fitness of solution S, F(S) = {|D1|, . . . , |DN |}
Fl The flexibility for the system
f Objective function
Gi The set of tasks that can be executed by node i

i, j Worker node IDs, i, j 2 {1, 2, . . . ,N}
k Iteration step in simulated annealing
Li The set of all worker nodes available to execute task i

|Li| The number of worker nodes in set Li
M The number of data files to be processed
N The number of worker nodes in the distributed system
P The total number of feasible solutions
Pi The processing capability of node i

Pr Acceptance probability function
Q The number of distinguishable tasks
r The number of data replications in Hadoop (variable r)
S, S 0 A feasible data allocation solution and its alternative
St The Stirling number
U The set of unscheduled comparison tasks
|U| The number of comparison tasks in set U
Gi The set of comp. tasks that can be executed by node i

T The set of all comparison tasks
Ti The set of comparison tasks assigned to node i

|Ti| The number of tasks in the task set Ti
Tdata Time consumption for data distribution
Ttask Time consumption for comparison task execution
Ttotal Total time spent on data distribution and task execution
t Annealing temperature

storage and computing resources may differ significantly among
the distributed computing nodes. Nevertheless, Hadoop is still the
only viable distributed computing platform so far for big data
processing without the need to copy all data to every node and
is applicable to general all-to-all comparison problems. Therefore,
our approachpresented in this paperwas evaluated in experiments
against general Hadoop systems to show howmuch improvement
our approach can achieve over Hadoop.

To address the challenges discussed above in existing general
Hadoop systems, a data-aware scheduling approach is presented
in this paper for all-to-all comparison problems involving big data
in heterogeneous distributed systems. It is a substantial extension
of our preliminary work with heterogeneous systems [34]. Given
the features of heterogeneous distributed systems, the research
presented below differs fundamentally from our previous studies:
heterogeneous factors are considered in the problem formulation,
which leads to a totally new optimization scheduling problem;
and a metaheuristic method is chosen in the scheduling strategy
development instead of the former greedy idea. In the task
scheduling part, runtime dynamic task scheduling is firstly
considered in this paper to achieve systemdynamic load balancing.
Moreover, more experiments running on a larger cluster were
completed to compare with solutions based on different Hadoop
settings.

3. Problem statement and challenges

An all-to-all comparison computation pairwise compares data
items for a whole data set. An example is shown in Fig. 1 as a
graph, where vertices represent data files to be compared and
edges represent comparison tasks between two data files. For an
all-to-all comparison problem with M data files, the total number
of comparison tasks isM(M � 1)/2. Thus, a graph withM vertices
and henceM(M�1)/2 edges is denoted as a pair (M,M(M�1)/2).
All notations used in this paper are summarized in Table 1.

Fig. 1. Graph representation of an all-to-all comparison problem. The vertices and
edges of the graph represent data files and pairwise comparison tasks, respectively.
A graphwithM vertices and thusM(M�1)/2 edges is denoted as a pair (M,M(M�
1)/2).

Fig. 2. A general design for data distribution and task scheduling.

3.1. Principles of processing the all-to-all scheduling problem

As noted above, existing all-to-all comparison approaches have
considered data deployment and task scheduling in two separate
phases. This leads to poor data locality and a consequent need
for remote data access to complete comparison tasks. Efficient
scheduling of comparison tasks for all-to-all comparison problems
with big data sets requires us to avoid runtime datamovement and
also to consider the available computational resources. From this
perspective, two basic principles are essential for scheduling all-
to-all comparison tasks with big data sets:

(1) Task-oriented data distribution; and
(2) Comparison task scheduling with data locality.

Following these two principles, a general design of data
distribution and task scheduling is depicted in Fig. 2. It consists
of two main stages: pre-scheduling, and runtime static and
dynamic scheduling. These major stages are followed by a trivial
results-gathering step to produce the final matrix of pairwise
comparison outcomes. For each of the twomain stages, theoretical
development and detailed design of our solutions are presented
below.

3.2. Challenges of the all-to-all scheduling problem

When each worker node stores only part of the data set, a
well-designed data distribution strategy is needed to meet the
above two principles, especially when the size of the data set
becomes large. However, the Hadoop framework deviates from
these two principles when used for all-to-all comparisons. With a
fixed number of data replications, it allocates data files randomly to
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Fig. 3. A data distribution of 6 files on 4 nodes. Solid and dotted lines represent scheduled and unscheduled tasks, respectively. Solid and hollow points indicate scheduled
and unscheduled data items, respectively.

Fig. 4. A possible data distribution of 9 files on 6 nodes.

distributed worker nodes. Experiments reported by Qiu et al. [27]
have demonstrated the inefficiency of the Hadoop framework for
all-to-all comparison problems: (1) The computation iteratively
switches between ‘map’ and ‘communication’ activities; and
(2) Hadoop’s simple scheduling model may not produce optimal
scheduling of comparison tasks. These properties result in poor
data locality and unbalanced task loads when using a Hadoop-like
framework for all-to-all comparisons.

The characteristics of the all-to-all scheduling problem are
summarized as the following four challenges.

Challenge 1: Distributing data evenly does not necessarily
achieve load balancing. In order to achieve system-wide load
balancing, an obvious approach is to evenly distribute data files to
worker nodes. However, for all-to-all comparison problems, such
a data distribution method does not promise that the data pairs
needed for comparisons are available locally on the same worker
node. For example, given a comparison problem with 6 data items
the total workload can be expressed as a graph with the number
of vertices and edges equal to (6, 15). Assuming we have 4 worker
nodes, a possible task allocation using an even data distribution
strategy is shown in Fig. 3. There are 2 copies of each of the 6
data items and each of the 4 nodes stores 3 data items. However,
load balancing is not achieved as the nodes have different numbers
of comparison tasks: Node 1 and Node 3 each have 3 tasks, but
Nodes 2 and 4 each have only 2 tasks. Even worse, there are 5
comparison tasks that cannot even execute due to the lack of data
locality. For instance, no node has copies of both data items 3 and 6.

Challenge 2: Task load balancing may cause a data imbal-
ance. Another way of attempting to achieve load balancing is to
schedule similar workloads to each of the worker nodes. While

this promises to put a similar number of comparison tasks on each
node, the separation of task allocation from data distribution can
cause a severe data imbalance, resulting in large amounts ofwasted
storage, particularly when processing big data sets. Consider a sce-
nario with 9 data items, which means that 36 comparisons are
required. Fig. 4 shows how these 36 comparison tasks could be dis-
tributed across 6 worker nodes. For load balancing, each worker
node is allocated 6 tasks. It can be seen that to achieve the nec-
essary data locality, it is sufficient for Node 1 to store only 4 data
items. However, Node 6 has to store 8 data items, double the num-
ber of Node 1, to avoid remote data accesses.

Challenge 3: Heterogeneous systems are harder to schedule
than homogeneous ones. To make full use of the computing
resources in heterogeneous distributed systems, the worker
nodes should be allocated a task workload proportional to their
respective processing power. However, many existing solutions,
e.g., Hadoop, are designed with an implicit assumption of a
homogeneous environment. For instance, consider a scenario with
6 data items, thereby requiring 15 comparisons, and 3 worker
nodes, as shown in Fig. 5. A possible data task scheduling solution
for a homogeneous environment, with balanced data distribution,
is shown in the upper part of Fig. 5. In this case, each of the 3worker
nodes is allocated 5 comparison tasks to ensure good data locality,
thus balancing data distribution and the number of comparison
tasks. However, the same solution may cause a significant load
imbalance in a heterogeneous system in which the worker nodes
have different computing power. For instance, if Node 1 has three
times the processing power of either Node 2 or 3, load balancing
can only be achieved when Node 1 is assigned 9 tasks and each
of the other two nodes is allocated 3 tasks. Unfortunately, with
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Fig. 5. Load balancing in a homogeneous system (upper part); and a potential load imbalance in a heterogeneous system for the same data distribution (lower part) under
the assumption that Nodes 2 and 3 have the same computing powerwhile Node 1 is three times as computationally powerful as either Node 2 or Node 3. In the heterogeneous
case, not all tasks have been allocated yet.

the data distribution strategy suitable for a homogeneous system,
there is no way to allocate enough tasks to Node 1 to prevent it
from finishing its computation long before the other two nodes. An
incomplete attempt at allocating the tasks in this scenario is shown
in the lower part of Fig. 5. Not all of the 15 comparisons have been
scheduled, but adding any further tasks to node 1 will unbalance
the data distribution.

Challenge 4: The solution space for task scheduling is
very large. The problem of scheduling comparison tasks and
distributing related data to worker nodes can be treated as a
classic problem in combinatorial mathematics, placing M objects
into N boxes under certain constraints. The scheduling problem
investigated in this paper has the following characteristics:

1. All comparison tasks are distinct. For all-to-all comparison
problems, each of the comparison tasks is different and
processes a different data pair.

2. All worker nodes are distinct in a heterogeneous distributed
environment, and generally have different computing power
and storage capacities.

These characteristics must be considered when designing task
scheduling and data distribution strategies.

Consider a scheduling problem that allocates Q distinguishable
comparison tasks to N distinguishable worker nodes. Each node
is allocated at least one comparison task. From combinatorial
mathematics, the total number of feasible solutions P(Q ,N) is
expressed based on the Stirling number St(Q ,N) [10] as:

P(Q ,N) = N!St(Q ,N). (1)

The Stirling number St(Q ,N) counts the number of ways to
partition a set of Q distinguishable elements into N non-empty
subsets:

St(Q ,N) = 1
N!

NX

i=0

(�1)i
✓
N

i

◆
(N � i)Q , (2)

where
�
N

i

�
is a binomial coefficient.

Let us consider a special case of N = 4. From Eqs. (1) and (2),
the number of all possible distribution solutions P(Q , 4) is:

P(Q , 4) = 3 ⇤ 2Q+1 � 4 ⇤ 3Q + 4Q � 4. (3)

P(Q , 4) is illustrated in Fig. 6. It is seen from the figure that
the number of possible solutions increases exponentially as the
number of tasks increases. For 10 tasks and4nodes, P(10, 4) is over

Fig. 6. The growth trend of the solution space for P(Q , 4), for scenarios with
4 worker nodes and Q tasks to be distributed.

800,000. In real-life applications, this means that any non-trivial
scenario has hundreds of thousands of possible solutions that
would need to be evaluated in order to find an optimal one [33].

This growth trend, for even the trivial case of 4workers, implies
that it is generally impossible to evaluate all possible solutions
to find the best answer in a reasonable period of time. Thus,
developing heuristic solutions is the only viable approach for all-
to-all scheduling problems in heterogeneous environments. This
will be further discussed later after the problem is formalized in
Section 4.

4. Formulation for pre-scheduling

This section formally describes the requirements for data
distribution and comparison task scheduling. Then, it defines the
overall objective and constraints from these requirements and
formulates the pre-scheduling of data distribution as a constrained
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optimization problem for all-to-all comparisons in heterogeneous
distributed systems.

4.1. Overall considerations

From the two principles developed in Section 3.1, i.e., task-
oriented data distribution and comparison task scheduling with
data locality, the following three aspects are considered for task-
oriented data distribution.

Time and storage consumption for distributing data. For
large-scale all-to-all comparison problems, distributing data sets
among all worker nodes should consider not only the storage
used on each node within its storage capacity, but also the time
consumed in distributing the data.

Execution performance of a single comparison task. Execut-
ing a comparison task requires access to, and processing of, the
related pair of data files. Remote data access will delay a task’s ex-
ecution. Hence, data pre-scheduling should co-locate pairs of data
files to be compared on a given node, implying maximization of
‘data locality’ for all comparison tasks.

Overall execution timeperformanceof the all-to-all compar-
ison problem. In a heterogeneous system, all worker nodes, each
with different computing power, perform their own comparison
tasks concurrently. The overall comparison problem is completed
only when all worker nodes have completed their respective tasks.
Therefore, making full use of the computing power for each of the
worker nodes and allocating data and tasks to the worker nodes
with aminimum load imbalance are critical to improving the over-
all performance of the computing problem.

4.2. Reducing time and storage consumption

Though time consumption for data distribution is affected by
many factors, it is largely proportional to the total size of the
data sets to be distributed for a given system. Let |Di| denote the
number of files to be allocated to worker node i, and N represent
the number ofworker nodes in the system. As all-to-all comparison
problems usually process data files with similar sizes, the time
consumption Tdata for distribution of all data files to N nodes can
be approximated as:

Tdata /
NX

i=1
(|Di|) . (4)

For storage usage, each of the nodes should be assigned data
files within its storage capacity. When the storage usage on each
node is reduced, the total storage usage in the distributed system
is also reduced.

Considering reducing both the data distribution time and
data storage usage, a pre-scheduling of data distribution aims to
minimize the amount of data stored on any node 1 to N , i.e., the
constraint is to:

Minimize max {|D1| , |D2| , . . . , |DN |} . (5)

4.3. Improving performance for individual tasks

For all-to-all comparison problems, each of the comparison
tasks running on the corresponding node has to access and process
the required data items. The time spent on data processing is
problem-specific. It depends onwhat the specific comparisons are,
what algorithms are used and how the algorithm is implemented.
The time spent on data access can be minimized to its lowest
possible value when all required data items are made available
locally.

Let us formulate the requirement for data locality. Let Di and
Ti respectively denote the data and task sets allocated to node i.
Also, let C(x, y) represent the comparison task for data items x

and y. T denotes the set of all comparison tasks of the all-to-all
comparison problem, and N is the number of nodes. Perfect data
locality for all comparison tasks is thendefined as a situationwhere
each task is allocated to a node containing both data items it needs,
i.e.:

8C(x, y) 2 T , 9i 2 {1, . . . ,N},
x 2 Di ^ y 2 Di ^ C(x, y) 2 Ti. (6)

4.4. Improving overall computational performance

The best possible overall performance of an all-to-all compar-
ison problem is achieved if all nodes are allocated a workload
proportional to their respective processing capabilities. This load
balancing requirement means that all worker nodes will complete
their respective set of comparison tasks at around the same time.

The requirement for load balancing is formalized as follows. Let
|Ti| denote the number of pairwise comparison tasks performed
by node i, and Pi be the processing capability of node i. In this
paper, the processing capability of node i is determined by both the
processing power of node i and the execution time of comparison
tasks on the node. The processing power and task execution
time have a substantial correlation. Considering the execution
time of different comparison tasks is mainly determined by the
processing power of related worker nodes and also general all-
to-all comparison problems are usually CPU-intensive [29], it is
reasonable to use the hardware processing capability (i.e., the
number of CPUs in this paper) of each worker node to represent
the system and task heterogeneity. For an all-to-all comparison
problem with M data items pairwise compared on N nodes, the
total number of comparison tasks is M(M � 1)/2. Load balancing
requires the number of comparison tasks allocated to each node
to be proportional to its processing power. This is achieved if the
tasks are divided as evenly as possible among the nodes, taking into
account the relative processing power of each node, i.e., for each
node i

|Ti| 

2

666666

Pi

NP
i=1

Pi

· M(M � 1)
2

3

777777

(7)

where d·e is the ceiling function.

4.5. Optimization for data pre-scheduling

With the three requirements described above, the data pre-
scheduling problem can be formalized below. For the overall
system,we aim to achieve the objective in Eq. (5)whilemeeting the
constraints in Eqs. (6) and (7). Minimizing the objective in Eq. (5)
implies saving storage space and data distribution time, while
meeting the constraints in Eqs. (6) and (7) means improving the
computing performance of both individual comparison tasks and
also the whole set of tasks.

Therefore, data pre-scheduling is formalized as the following
constrained optimization problem.

Minimize max {|D1| , |D2| , . . . , |DN |}
such that Eqs. (6) and (7) are also met. (8)

Although Eq. (8) only refers to the size of the data sets Di, it is
important that the solution also takes the different computational
abilities of each worker node i into account. This is done by
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requiring that Eq. (7) be satisfied simultaneously. Eq. (7) uses the
relative processing powers Pi of each node to assign a different
number of comparison tasks Ti, and hence a differently-sized data
set Di, to each worker node i.

Similar optimization problems have been tackled previously
in other domains. Examples include block design [31] and graph
coving [30]. In these optimization problems, Balanced Incomplete
Block Design is an NP-hard problem [8] and the graph coving
problem is NP-complete [30].

Similar to these known NP problems, the scheduling problem
formalized here in Eq. (8) is a typical combinational optimization
problem. It faces the challenge of a large number of combinations
of data items and related comparison tasks. Finding the best
solution from this large solution space is difficult, particularly
for heterogeneous distributed systems. In the next section, a
metaheuristic strategy is developed to address this challenge.

5. Metaheuristic data pre-scheduling

This section presents ametaheuristic data pre-scheduling based
on an extended simulated annealing (SA) process. To improve
the SA process’s performance, specific methods are developed for
generation and selection of solutions. The pre-scheduling strategy
is then implemented as an algorithm.

5.1. Features of the optimization problem

The pre-scheduling optimization problem formulated in Eq. (8)
has the following characteristics:

1. It is not difficult to find a feasible solution that meets both
constraints but does not necessarily optimize the objective in
Eq. (8). For a given all-to-all comparison problem as shown in
Fig. 1, the total number of comparison tasks (edges) is finite
and fixed. Any distribution of these tasks and related data files
to nodes by following these two constraints gives a feasible
solution for pre-scheduling.

2. The quality of a feasible solution can be evaluated quantita-
tively, by calculating and comparing the objectives of two can-
didate feasible solutions.

3. New solutions can be generated by changing the existing
solutions. There are many ways to do so, but a simple strategy
is to swap comparison tasks between two worker nodes.

From these features, solving the pre-scheduling optimization
problem can begin with a randomly-generated initial solution.
Then, we keep generating new feasible solutions and checking
their improvement on the objective, retaining improved solutions
and discarding others. This is achieved below throughmetaheuris-
tics and simulated annealing.

5.2. Simulated annealing

Simulated annealing [17] has been widely used in solving
combinatorial optimization problems. The SA process imitates the
behaviour of physical systems which melt a substance and lower
its temperature slowly until it reaches the freezing point.

Let S denote the solution space, i.e., the set of all possible
solutions. The objective function is denoted by f , which is defined
on members of S. SA aims to find a solution Si 2 S that minimizes
f over S. SA makes use of an iterative improvement procedure
determined by neighbourhood generation. Firstly, an initial state
is generated. Then, SA generates neighbourhood solutions at each
temperature, which is gradually lowered, until a stopping criterion
becomes true. The SA procedure is controlled by a group of
parameters, which are called a cooling schedule.

Table 2
Cooling parameter settings (k represents the iteration step).

Item Setting

Temperature decreasing function tk+1 = 0.99tk
Starting temperature 1.0
Ending temperature 10�5
Inner loop iteration threshold 100

While the features of our pre-scheduling optimization problem
justify the suitability of SA for solving the problem, the following
two issues need to be addressed.

Determine the Annealing and Acceptance Probability mod-
ules. For an SA module, a suitable set of parameters of the cooling
schedule is important for the efficiency and accuracy of the algo-
rithm. The parameters to be set include the starting temperature,
ending temperature, temperature reduction function and termina-
tion criterion. In addition, an acceptance probability functionmust
also be chosen for SA to accept an undesirable intermediate state
which may lead to a better global solution. In a local optimization
algorithm, a new state is accepted when it optimizes the cost func-
tion. However, SA can accept an undesirable state based on the
value of the chosen acceptance probability function.

Determine the neighbourhood selectionmethod and fitness
equation. As a local searching technique, at each temperature,
SA generates a new neighbourhood solution randomly from the
current solution. For each solution, a fitness equation is used to
determine the quality of the solution. Both the neighbourhood
selection method and fitness function need to be designed to be
specific for our pre-scheduling problem.

5.3. Annealing design for all-to-all pre-scheduling

Here we address the two general simulated annealing require-
ments identified in Section 5.2 for the specific case of all-to-all
comparison problems.

5.3.1. Designing the annealing module

To balance the accuracy of the final solution and the perfor-
mance of the SA process, here we choose geometric cooling and
determine the SA algorithm’s parameters specifically for our pre-
scheduling problem. Geometric cooling is one of the most widely
used SA schedules [7]. At each temperature, a certain number of it-
erations are carried out to search formore solutions. Table 2 shows
a choice of parameter settings, which are used later in algorithm
design.

5.3.2. Acceptance probability function

The second SA module to be designed is the acceptance
probability function. Let Pr(·) denote the acceptance probability
function, 1E represent the energy difference between the
neighbouring and current states, and t be the temperature. We
choose the Boltzmann function as the acceptance probability
function [26,16]:

Pr(1E) = exp(�1E/t). (9)

The chance of accepting an energy-increasing move, i.e., a solution
with poorer quality, decreases with the temperature. This enables
SA to escape shallow local minima early on and explore deeper
minima more fully.

5.3.3. Initial solution

A feasible solution to the pre-scheduling problem in Eq. (8)
can be derived by following the constraint in Eq. (7) to allocate
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comparison tasks and also by following the constraint in Eq. (6)
to distribute data. We use the same notations explained before:
M for the number of data files to be processed, N for the number
of worker nodes, Di for the data files stored on node i, and Ti for
the task set allocated to node i. In addition, let U denote the set of
tasks that have not yet been scheduled. An initial solution can be
randomly generated as follows:

1. For each node i 2 {1, . . . ,N}, randomly pick comparison tasks
from U and assign them to Ti until |Ti| meets Eq. (7) or |U| = 0.
A scheduling of all comparison tasks is thus obtained: T =
{T1, . . . , TN}.

2. For each task set Ti 2 T , schedule all required data files to node i.
This forms data set Di.

Once this is done, the set of task and data allocations to the nodes,
S = {(T1,D1), (T2,D2), . . . , (TN ,DN)}, is a feasible solution, which
meets both constraints in Eq. (8).

Such a randomly-generated initial solution S is not optimal in
general. However, the SA process improves it step by step until a
solution is obtained with acceptable quality.

5.3.4. Neighbourhood selection method

The solution neighbourhood defines the way to get from the
current solution to another. Our basic idea for generating a new
neighbouring solution is tomove a comparison task from one node
to another or to swap comparison tasks between two nodes. The
generated neighbourhoods should cover the whole solution space.
Therefore, the new neighbourhood solution S

0 is generated from
current solution S by using the following neighbourhood selection
method, which ensures enough randomness of the SA to reach an
arbitrary point in the neighbouring solution space:

1. Randomly pick two different worker nodes i and j from all
worker nodes 1, . . . ,N;

2. Randomly swap two comparison tasks between nodes i and j,
then update sets Ti and Tj; and

3. Re-schedule all required data files to nodes i and j based on sets
Ti and Tj.

5.3.5. Fitness equation

A fitness equation determines the quality of candidate solu-
tions. Our solutions are expressed as S = {(T1,D1), (T2,D2), . . . ,
(TN ,DN)} (Section 5.3.3). From the solution’s structure, the fitness
equation for S can be defined as the set of numbers of data files
allocated to each of the nodes. Let F(S) denote the fitness of solu-
tion S:

F(S) = {|D1| , |D2| , . . . , |DN |} . (10)

The cost difference between two alternative solutions S and S
0

is calculated as follows. Firstly, the data set sizes in both F(S) and
F(S 0) are sorted in descending order. This means that a worker
node that stores more data files is listed before a worker node
that stores fewer data files. Therefore, the worker node with more
data files has higher priority to be processed. Then, the vector cost
difference 1F is defined as:

1F = F(S)� F(S 0)

=
��|D1|�

��D01
��� , . . . ,

�|DN |�
��D0

N

��� . (11)

Considering that the target in Eq. (8) is a minimum–maximum
optimization problem, it always prefers to reduce the data sizes
from the worker nodes with more data files for an improved
solution. Finally, the value of the scalar cost difference 1f is
defined as:

1f =
⇢
the 1st non-zero size in 1F , if any
0, otherwise. (12)

In this way, solutions with smaller differences from Eq. (11) are
always accepted. The elements of 1F shown in Eq. (11) are not
sorted in descending order. This is because the evaluation of
the quality difference between the two solutions F(S) and F(S 0)
is determined by the first non-zero element, which represents
the most significant difference between the two solutions. It is
not determined by the maximum element in Eq. (11). Also, in
comparison with other methods that only compare the maximum
values in F(s) and F(S 0), our evaluation method makes full use
of the information of all elements in F(S) and F(S 0). Thus, the
resulting SA algorithm has a higher efficiency in moving from one
solution to better ones.

5.4. Data pre-scheduling algorithm

Algorithm 1 summarizes all the features presented in Sec-
tions 5.3.3–5.3.5. Our solution uses SA as the underlying optimiza-
tion technique with consideration of the specific requirements of
all-to-all comparison problems. In the algorithm, the tempera-
ture decreases from its initial value (Line 3) to the stopping value
(Line 4) by following the temperature decreasing function
(Line 16). At each temperature, the algorithm generates a num-
ber of new solutions (Lines 5 and 7). For each new solution, the
algorithm calculates its fitness and the change in the fitness level
(Line 9), and then decideswhether to accept or discard this new so-
lution (Lines 11–13). At the end of the algorithm, the final solution
is returned (Line 18).

Algorithm 1 Data Pre-Scheduling Algorithm
Initial:
1: Randomly generate an initial solution S using the method in

Section 5.3.3;
2: Set parameters based on Table 2;
3: Set the current temperature t to be the starting temperature.
Pre-Scheduling:
4: while The current temperature t is higher than the ending

temperature do
5: while The iteration step is below the inner loop iteration

threshold do
6: (The loop threshold is defined in Table 2)
7: Generate a new solution S

0 from S: S 0  new(S)
8: (The method new is described in Section 5.3.4);
9: Calculate the change of Fitness, �f , from Equation (12)

10: (Fitness methods for F , �F and �f are given in
Section 5.3.5);

11: if exp(��f /t) > random[0, 1) then
12: Accept the new Solution: S  S

0

13: end if
14: Increment the iteration step by 1;
15: end while
16: Lower the current temperature t based on the function in

Table 2;
17: end while
18: Return final solution S.

6. Runtime task scheduling design

As per Fig. 2, two scheduling mechanisms can be used to
schedule comparison tasks: static and dynamic. In static task
scheduling, the tasks are distributed to worker nodes based on
fixed information about the computing power of the nodes. Once
allocated to a specific node, a task always executes on that node.
Static scheduling simplifies the system design and minimizes the
runtime communication costs.
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In practice, however, the properties of computing nodes can
change dynamically, especially in situations where the worker
nodes are shared with other system users. In comparison with
static scheduling, dynamic task scheduling makes decisions about
task assignments at runtime, allowing the computation to adapt
to changes in the computing environment, such as the processing
power on a particular node being pre-empted by other system
users.

This section defines both static and dynamic scheduling of
large-scale all-to-all comparison problems.

6.1. Initial task schedulability

Given the pre-scheduling approach developed in Section 5 and
the basic principles presented in Section 3.1, the runtime task
scheduling problem can be defined as the need to find a worker
node with all required data items for each comparison task.

Using the notations previously defined, let C(x, y) represent the
comparison task between data items x and y and Di is the data
set stored on worker node i. Then Lc is the set of all worker nodes
available to execute comparison C(x, y):
Lc = {i | x 2 Di ^ y 2 Di}. (13)
From Eq. (6), for each comparison task C(x, y), node set Lc is
guaranteed to be non-empty after distributing all data items using
our pre-scheduling strategy, thereby ensuring the schedulability of
all comparison tasks.

6.2. Static scheduling strategy and algorithm

Static scheduling is inherently considered in our pre-scheduling
approach described in Section 5. Directly accepting the task
assignment suggested by this pre-scheduling strategy, a static
scheduling algorithm is formally described in Algorithm 2. In
the algorithm, each worker node in the system keeps executing
the comparison tasks that have been allocated to it when it has
available computing resources.

Algorithm 2 Static Task Scheduling
Initial:
1: Task set Ti composed of all comparison tasks allocated to

worker node i;
Static Scheduling:
2: for Each worker node i do
3: while There are unscheduled tasks in task set Ti and
4: enough available computing resources on node i do
5: Pick an unscheduled comparison task from Ti;
6: Assign this task to node i;
7: Mark this comparison task as scheduled;
8: Update the available computing resources on this node i;
9: end while

10: end for

In Algorithm 2, scheduling is conducted for each of the worker
nodes (Line 2). While there are still unallocated tasks in the task
set (Line 3) and the node has sufficient computing resources to
accommodate more tasks (Line 4), we keep allocating tasks from
the unallocated task set one after another to the node (Lines 5–8).
Since the tasks have been pre-allocated to the nodes, the only
scheduling decision made here is to choose the order in which to
perform the comparisons on each node.

This static scheduling algorithm works well provided we have
good data locality and (static) load balancing. It requires accurate
information about the nodes, data files and comparison tasks. It
also requires that the distributed system does not have major
changes in its environment and thus does not exhibit much
uncertainty. If any of these conditions is not met, runtime dynamic
scheduling may be required to compensate, as explained below.

Fig. 7. All possible comparison tasks for each of the 4 worker nodes. The row and
column numbers identify the data files stored on each node. The digit numbers in
the cells represent how many worker nodes can perform the specific comparison
between two such files.

6.3. Runtime dynamic scheduling

Our design for runtime dynamic task scheduling also follows
the data pre-scheduling approach from Section 5. To give an in-
sight into the dynamic scheduling strategy, consider the following
simple example. Assume an all-to-all comparison problem with
10 data items (numbered from 0 to 9) is to be pairwise com-
pared on 4 worker nodes. Fig. 7 shows a feasible data distribution
solution. Nodes 1–4 are allocated data items (0, 1, 4, 5, 6, 8, 9),
(0, 1, 2, 4, 5, 7, 9), (1, 2, 3, 6, 7, 8, 9) and (0, 2, 3, 4, 5, 6, 7), re-
spectively.

Comparison tasks for eachworker node are also shown in Fig. 7,
in which the digit number in each cell represents how many
worker nodes can perform that particular comparison task. For
example, comparison task (0, 4) between data items 0 and 4 can be
executed onNode 1, 2 or 4, so in each of thematrices corresponding
to these nodes, the total 3 appears in the cell for this comparison.
With such a range of options, dynamic task scheduling needs to
decide to which node each specific comparison task is allocated.

6.3.1. Flexibility for dynamic scheduling

As shown in Fig. 7, the locations of all data items are fixed by
our pre-scheduling, so there is only a limited number of worker
nodes that can execute each comparison task. Let |L(c)| denote the
number of worker nodes that can execute comparison task c with
data locality. Set U represents all comparison tasks that have not
yet been scheduled in the system. We quantify the ‘flexibility’ of
the schedule as:

F` =
X

c2U
|L(c)| . (14)

The highest flexibility occurs when any comparison task can be
executed on anyworker node. In this extreme situation, the system
is able to easily resolve any load imbalance at runtime. In contrast,
if each of the comparison tasks can only execute on one worker
node, the systemhasno flexibility tomake any runtime adjustment
for load balancing.
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For all-to-all comparison problems, the initial system flexibil-
ity is determined by our data pre-scheduling before the compu-
tation begins. Thus, runtime dynamic task scheduling focuses on
allocating comparison tasks that have not yet started to execute.
The number of these tasks decreases as the computation pro-
gresses.

Let setGi represent those comparison tasks that can be executed
byworker node i and setU be all comparison tasks that havenot yet
been scheduled or have not started to execute in the system.When
a comparison task c is scheduled to worker node i, the resulting
change in the system’s flexibility is denoted by 1F`. We have:

1F` = |L(c)| , where c 2 U, c 2 Gi. (15)

How to manipulate 1F` for dynamic task scheduling determines
the scheduling priorities. Two typical examples are to maximize
1F` and or to minimize 1F`.

Maximizing Flexibility First (MaxFF). As shown in the upper
part of Fig. 8, the comparison tasks with the most suitable worker
nodes are scheduled in this strategy (maximum 1F`). At the
beginning, all worker nodes can get enough workload. However,
as the computation progresses, the system’s imbalance cannot
be resolved. Though some worker nodes have idle computing
resources (e.g., Node 2), the remaining comparison tasks cannot be
scheduled to them because they cannot execute on those nodes.

Minimizing Flexibility First (MinFF). The lower part of Fig. 8
shows that the system can start with allocating and executing the
comparison tasks with the least number of suitable worker nodes
(minimum 1F`). As the computation proceeds, the remaining
comparison tasks have the flexibility to be assigned to more
suitable worker nodes. This enables the system to have enough
flexibility to deal with load imbalances at runtime.

6.3.2. Dynamic scheduling design

Dynamic scheduling aims tominimize the change in the system
flexibility after scheduling each task while avoiding any remote
data accesses. This is expressed as:

Minimize 1F`. (16)

The objective in Eq. (16) can be achieved by choosing a task c using
the following rule:

|L(c)| = min {|L(i)| | i 2 U ^ i 2 Gi} . (17)

Accordingly, our dynamic scheduling strategy is designed in
Algorithm 3, which prefers those comparison tasks which can be
executed on the smallest number of worker nodes.

Algorithm 3 Dynamic Task Scheduling
Initial:
1: Set U composed of all the unscheduled comparison tasks;
2: Set Gi composed of all comparison tasks that can be executed

by each node i;
3: Compute |L(c)| for each comparison task c in set U .
Dynamic Scheduling:
4: while There are unscheduled tasks in set U do
5: if Node i has enough available computing resources then
6: Choose a comparison task c from U , satisfying Equation

(17);
7: Assign this task c to node i;
8: Mark this comparison task c as scheduled and update

set U;
9: Update the available computing resources on this node i;

10: end if
11: end while

Table 3
Pre-scheduling of Scenario 1: Seven data files and five worker nodes, in which
worker nodes A and B are twice as powerful as the other three.

Node Distributed data files Allocated comparison tasks

A 0, 1, 2, 3 (0, 1) (0, 2) (0, 3) (1, 2) (1, 3) (2, 3)
B 2, 4, 5, 6 (2, 4) (2, 5) (2, 6) (4, 5) (4, 6) (5, 6)
C 0, 3, 4, 6 (0, 4) (0, 6) (3, 6)
D 0, 1, 3, 5 (0, 5) (1, 5) (3, 5)
E 1, 3, 4, 6 (1, 4) (1, 6) (3, 4)

7. Analysis of our scheduling strategies

After developing the data pre-scheduling strategy and runtime
task scheduling strategy, a complete solution for solving all-to-all
comparison problems in heterogeneous distributed systems has
been provided aswe planned in Fig. 2. This section further analyses
our solution by considering the challenges mentioned in Section 3.
Consider a heterogeneous distributed system with five worker
nodes, which are labelled from A to E. The following two scenarios
are investigated for demonstration of our approach:

(1) Scenario 1: A data set of seven data files, numbered from 0 to 6,
and where worker nodes A and B are twice as powerful as the
other three; and

(2) Scenario 2: A data set of nine data files, numbered from 0 to 8,
and where worker nodes A and B are three times as powerful
as the other three.

Scenario 2 increases the level of heterogeneity from Scenario 1 in
the distributed system.

7.1. Scenario 1: seven data files, and worker nodes A and B are twice

as powerful as the other three

By applying Algorithm 1 to this scenario, a pre-scheduling solu-
tion is obtained as shown in Table 3. Table 3 shows that with task-
oriented data distribution, our pre-scheduling algorithm not only
suggests data allocations to the worker nodes but also proposes
task assignments corresponding to the data allocations.

In this example, each worker node is allocated 4 data files,
which indicates a good data balance in the heterogeneous system.
Moreover, worker nodes A and B are each assigned 6 tasks, which
is double the number of tasks given to nodes C , D and E. This is
in accordance with the assumed computing power of the workers,
and thus suggests a good load balance in the heterogeneous
environment.

Hence, after the data files are distributed as shown in Table 3,
scheduling of the all-to-all comparison tasks can also be completed
by using our scheduling strategies shown in Algorithm 2 or 3.
For the static task scheduling, each worker node will execute the
comparison tasks exactly as shown in Table 3. While for dynamic
task scheduling, the comparison tasks assigned to certain worker
nodes are dynamically determined according to the runtime status
of the system.

7.2. Scenario 2: nine data files, and worker nodes A and B are three

times as powerful as the other three

With an increased level of heterogeneity from Scenario 1 in the
distributed system, Scenario 2 considers nine data files distributed
to five worker nodes, where worker nodes A and B are three times
as powerful as the other three. Applying our Algorithm 1 gives the
results shown in Table 4. Table 4 shows that both worker nodes
A and B are assigned 12 tasks, which is three times more than the
number of tasks given to nodes C ,D and E. Moreover, worker nodes
A and B are allocated five data files each, while each of the other
three worker nodes is allocated four data files.
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Fig. 8. MaxFF and MinFF dynamic scheduling strategies.

Table 4
Pre-scheduling of Scenario 2: Nine data files and fiveworker nodes, inwhichworker
nodes A and B are three times as powerful as the other three.

Node Distributed data files Allocated comparison tasks

A 0, 1, 2, 3, 5, 7 (0, 1) (0, 2) (0, 3) (0, 7) (1, 2) (1, 3)
(1, 5) (1, 7) (2, 5) (2, 7) (3, 7) (5, 7)

B 0, 3, 4, 5, 6, 8 (0, 4) (0, 5) (0, 6) (0, 8) (3, 5) (3, 6)
(3, 8) (4, 5) (4, 6) (5, 6) (5, 8) (6, 8)

C 1, 2, 4, 6, 8 (1, 4) (1, 6) (2, 4) (2, 8)
D 2, 3, 4, 7, 8 (2, 3) (3, 4) (4, 7) (4, 8)
E 1, 2, 6, 7, 8 (1, 8) (2, 6) (6, 7) (7, 8)

7.3. Summary of the two scenarios

By using our solution, it can be seen from the two scenarios
investigated above that both Challenges 1 and 2 from Section 3.2
are well addressed because of the consideration of data balancing
and static load balancing in the data pre-scheduling strategy.
Moreover, both our static and dynamic task scheduling strategies
support heterogeneous distributed environments, so Challenge 3
is also addressed. By developing the pre-scheduling strategy based
on the extended SA process, an arbitrary search for a suitable
solution is avoided, so Challenge 4 is also addressed.

8. Experiments

This section evaluates the performance of our data-aware
task scheduling approach for large-scale all-to-all comparison
problems in heterogeneous systems. The performance evaluation
is conducted from four main perspectives: storage saving, data
locality, execution time and scalability.

Storage saving. Storage savings were measured in our experi-
ments by using a group of simulations with different numbers of
storage nodes in heterogeneous environments. The results from
our approach were also compared with those from Hadoop’s data
distribution strategy.

Data locality. By meeting the constraint in Eq. (6), all data files
are distributed to the worker nodes to allow local accessibility of
data pairs for comparisons. The data locality performance of our
pre-scheduling approach was compared with that of the widely
used Hadoop data distribution strategy.

Execution time performance. Execution time performance
was measured for distributing data and pairwise comparing
data items, respectively. The time spent on comparison tasks
was evaluated for individual tasks, individual worker nodes, and
all worker nodes as a whole. Considering both time for data
distribution and time for task execution, the total execution time of

the all-to-all comparison problem could be evaluated. The results
were compared with those from the Hadoop framework.

Scalability. Scalability is one of the main issues that have to
be addressed in large-scale distributed computing. Experiments at
different scales were carried out to evaluate the scalability of our
data-aware task scheduling approach. Changes in the problem’s
scale included the numbers of input files and worker nodes.

8.1. Experimental settings

In this paper, the execution performance and scalability are
measured by running real experiments. The following settings
were used for the experiments.

Distributed computing system. A heterogeneous Linux cluster
was built with 9 servers, which all run 64-bit Red Hat Enterprise
Linux and use Intel(R) Xeon E5-2609. One node acted as themaster,
and the other eight were workers. Among the eight worker nodes,
four had two sockets and 64 GB RAM memory, and the other four
had a single socket and 32 GB RAMmemory.

Prototype system and Hadoop system. Our prototype system
is developed based on Mesos (version 0.9.0) and HDFS (version
1.2.1). By using Mesos’s scheduling APIs and HDFS’s data distri-
bution plug-in, the data pre-scheduling strategy and runtime task
scheduling strategy are both implemented. Beside this, Hadoop
(version 1.2.1) with unchanged HDFS data strategy is used as the
benchmark system. More specifically, the default block size is
64 MB and the default scheduler is FIFO [22].

Domain applications. As a typical all-to-all comparison
problem, the bioinformatics CVTree problem [12] was chosen
for our experiments. Three versions of CVTree applications were
developed: CVTree with our prototype system, CVTree with
Hadoop and CVTree with single machine. Though the three
applications use different programming APIs, the comparison
algorithms and data processing operations are the same.

Experimental data. A set of dsDNA files from the National
Center for Biotechnology Information (NCBI) [25] was chosen as
the input data for the CVTree problem. The size of each data file
was around 150 MB, and over 20 GB of data in total were used in
the experiments.

8.2. Storage saving and data locality

In our simulations, an all-to-all comparison problem with 256
data files was investigated. The distributed system was composed
of multiple worker nodes with the number of nodes varying from
8 up to 64. These nodes were grouped into two halves: all nodes
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Table 5
Data storage and data locality forM = 256 files andN varying from8 to 64. Half of the nodes had twice the computing power of the other half. The number of data replications
in Hadoop was set to be the default value 3. Comparison is also made with our previous work on heterogeneous systems [34].

N max{|D1|, . . . , |DN |} Storage saving (%) Data locality (%)
This paper [34] Hadoop(3) This paper [34] Hadoop(3) This paper & [34] Hadoop(3)

8 162 207 96 37 19 63 100 48
16 128 163 48 50 36 81 100 28
32 94 113 24 63 56 91 100 14
64 60 79 12 77 69 95 100 7

Table 6
T -test at a 5% significance level for the results of our approach for the experiments
shown in Table 5 (mean values from 10 runs for all cases).

N max{|D1|, . . . , |DN |} Pass Ci Variance

8 162 Yes [159.2392162.9608] 6.7667
16 128 Yes [127.9879129.6121] 1.2889
32 94 Yes [93.8705495.52946] 1.3444
64 60 Yes [59.7603261.43968] 1.3778

within the same group have the same computing power, while the
nodes in one group were twice more computationally powerful
as those in the other group. For Hadoop’s framework, each of the
data blocks has r replications, which are stored on differentworker
nodes for reliability. The number, r , of data replications is set to be
the default value 3 unless otherwise specified.

With the increase in the number ofworker nodes, Table 5 shows
the storage savings as a percentage for the data pre-scheduling
from this paper, our previous work on heterogeneous systems [34]
andHadoop’s data distribution strategy. It can be seen fromTable 5
that all three strategies save much storage space (compared to
copying all data to all nodes), implying a lower time cost on data
distribution. This is important especially for big data problemswith
a large number of worker nodes. For instance, for a distributed
system with 64 worker nodes, the storage saving reaches as high
as over three quarters (77%) for our data pre-scheduling strategy.
It is even as high as 95% for Hadoop.

However, Hadoop is designed without consideration of data lo-
cality for comparison tasks. Therefore, a large number of compari-
son tasks have to be executed with remote data access. This causes
runtime data re-arrangement and significant computing perfor-
mance degradation. For example, Table 5 shows that only 7% of
comparison tasks have data locality in a systemwith 64 nodes, im-
plying that 93% of the comparison tasks rely on remote data access
to execute. In comparison, for our data pre-scheduling strategy,
which meets the constraint in Eq. (6), all comparison tasks have
perfect data locality for any number of worker nodes.

Moreover, compared to our previous work on heterogeneous
systems [34], the approach in this paper achieves better results.
For instance, (79 � 60)/79 = 24% more storage savings can be
made in a system with 64 nodes, which means much less storage
usage and predictable performance improvements.

Furthermore, quantitative t-test results using the R language
show that for each of the four cases, the null hypothesis that
the results come from a normal distribution with the mean value
shown in Table 6 cannot be rejected at the significance level of
5%. The parameter Ci in Table 6 indicates the region into which
95% of the results will fall. It further demonstrates that 95% of
the results in each case fall into a small region around the mean
value, implying that consistent results can be obtained from our
approach.

Onemight argue that storingmoredata copies in the distributed
system using the Hadoop framework would solve the problem
of the lack of data locality. However, the experimental results
in Table 7 do not support this argument. Rather, they show the
inefficiency of arbitrarily increasing and distributing data copies to
the worker nodes. For Hadoop’s data strategy, the number of data

Fig. 9. Total execution time Ttotal performance for all four solutions. Ttotal = Tdata +
Ttask . The lower and upper parts of the bars represent Tdata and Ttask , respectively.

replications was manually tuned to achieve a similar maximum
number of data files to our approach at each node. For a system
with 64 worker nodes, even with a complicated tuning, Hadoop
achieved only as low as 20% data locality. Even then the effort of
manually tuning Hadoop is prohibitive and the flexibility of using
the Hadoop framework is lost.

8.3. Execution time performance

To demonstrate our data distribution and task scheduling
strategies, four different solutions were designed and quantita-
tively compared through the CVTree problem:

1. The Hadoop(3) solution using Hadoop’s data distribution (with
three data replications) and task scheduling;

2. The Hadoop(6) solution with six data replications;
3. Our solution using our data pre-scheduling approach incorpo-

rating with static task scheduling; and
4. Our solution using our data pre-scheduling approach incorpo-

rating with dynamic task scheduling.

For the above solutions, the number of data items to be
distributed to each worker node in the distributed system is listed
in Table 8. In Table 8, by choosing a suitable value of replications
in Hadoop (Hadoop(r)), we make our data pre-scheduling solution
use storage space just between two different Hadoop solutions.
This canhelp us checkwhether arbitrarily increasing thenumber of
data duplicationswithout considering data co-location is helpful in
increasing overall execution performance, though the simulation
results in Table 7 have already shown evidence in this regard (the
poor data locality in the last column).

Fig. 9 compares the total execution time performance Ttotal

from the four solutions to the CVTree problem. In Fig. 9, each
bar chart is composed of two parts: the lower part represents
the time Tdata spent on data distribution, while the upper part
represents the time Ttask spent on comparison task execution. The
height of the bar represents the total execution time Ttotal of the
CVTree problem for the specific solution: Ttotal = Tdata + Ttask.
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Table 7
Storage and data locality of our heterogeneous approach and Hadoop (variable r) for M = 256 files and N varying from 8 to 64. Half of the nodes had twice the computing
power of the other half. The number of data replications r for Hadoop was tuned manually for each case to achieve a similar maximum number of files to our approach on
each node.
N Hadoop(r) data replications max{|D1|, . . . , |DN |} Storage saving (%) Data locality (%)

This paper Hadoop(r) This paper Hadoop(r) This paper Hadoop(r)

8 6 162 192 37 25 100 52
16 9 128 144 50 44 100 38
32 12 94 96 63 63 100 26
64 15 60 60 77 77 100 20

Table 8
Experimental scenarios for the CVTree problemwith N = 8 and differentM values.

M max{|D1|, . . . , |D8|}
This paper Hadoop(3) Hadoop(6)

78 53 30 59
93 68 35 70

109 79 41 82
124 90 47 93
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Fig. 10. The number of comparison tasks completed on each node. Half of the
worker nodes (Nodes 5–8) are twice as computationally powerful as the other half
(Nodes 1–4).

It is worth mentioning that for both our approach and Hadoop’s,
neither Tdata nor Ttask includes the times spent on data distribution
scheduling and computation task scheduling, which can be
executed independently. In particular, in comparison with the
times for data distribution and task computation, the times for
data distribution scheduling, computation task scheduling, and
result collection are typically negligible for all-to-all comparison
problems of big data sets. (They are also not measured in existing
literature on Hadoop-based systems.)

Our observations from Fig. 9 are summarized as follows. The
first observation from Fig. 9 is that both our static and dynamic
solutions outperform the two Hadoop solutions significantly in
terms of overall performance Ttotal. The second observation is
that increasing the number of data replications from 3 to 6 in
Hadoop improves Ttotal but at a cost of increased storage demands.
However, the improved performance is still far behind our static
and dynamic solutions. This is mainly due to our solutions’ perfect
data locality, which Hadoop’s solutions do not have. The third
observation from Fig. 9 is that our dynamic solution behaves with
better Ttotal performance than the static one, as expected.

Fig. 10 shows the number of comparison tasks allocated to each
worker node from all four solutions. As half of the eight nodes
(Nodes 5–8) are twice as computationally powerful as the other
half (Nodes 1–4), both our static and dynamic solutions allocate
roughly twice as many comparisons to the four high-performance
nodes as to the other four nodes. The static schedule allocates
comparison tasks purely based on prior knowledge of the system
resources, while the dynamic solution uses real-time information
of the system’s state. In comparison with our solutions, both
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Fig. 11. Task performance Ttask of our static and dynamic solutions.

the Hadoop(3) and Hadoop(6) solutions do not differentiate
high-performance and low-performance nodes directly in task
scheduling. As a result, the numbers of tasks allocated tasks by
Hadoop is quite different from those from our solutions. The
Hadoop system is originally designed for homogeneous systems.
Thus, the number of comparison tasks scheduled to each worker
node is roughly the same. This leads to poor load balancing and
the need for remote data access. This is clearly shown in Fig. 10.

Comparisons of the task execution performance between our
static and dynamic solutions are given in Fig. 11. It can be seen from
this figure that for either the static or dynamic solution, all nodes
complete their respective comparison tasks at a similar time with
small deviations, implying good load balancing. But the deviations
in task execution time are smaller in the dynamic solution than in
the static solution. This means that the dynamic solution balances
the load better than the static one. It can also be seen from Fig. 11
that the dynamic solution completes all comparison tasks around
10% faster than the static solution.

The dynamic solution completes all comparison tasks faster
than the static one because it accounts for dynamic changes in the
environment of the distributed system including changes in I/O
speeds, fluctuations of the execution times of the comparison tasks,
and other runtime effects. Such changes are not compensated
for at all in the static schedule, which is computed prior to the
execution of all comparison tasks. However, they are tolerated in
dynamic scheduling, which is computed at runtime for each of the
comparison tasks bymaking use of the real-time information of the
distributed system.

8.4. Scalability

Scalability characterizes the ability of a system, network, or
process to handle a growing amount of work in a capable manner
or its ability to be enlarged to accommodate that growth [5]. It was
evaluated in our experiments by using the speed-up metric.

The dotted line in Fig. 12 shows the ideal 1:1 linear speed-
up which could be achieved if communication overheads, load
imbalances and extra computation effortwere not considered [20].
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Fig. 12. Speed-up achieved by our dynamic scheduling algorithm for the CVTree
problem compared to the theoretical ideal.

In practice, of course, no solution can achieve this. For the CVTree
problem investigated in our experiments, the actual speed-up
achieved by our data pre-scheduling and dynamic task scheduling
is also depicted in Fig. 12. It increases linearly with the increase
in the number of processors available for the computation of the
problem, indicating good scalability of our approach in distributed
computing of all-to-all comparison problems.

It is also worth mentioning that despite the inevitable over-
heads due to network communications, extra memory de-
mands and disk accesses, our heterogeneous scheduling approach
achieved about 93% of the ideal 1:1 linear speed-up performance.
This was measured at 12 cores as 11.2/12 = 93% from the results
shown in Fig. 12.

9. Conclusion

A data-aware task scheduling approach has been presented for
distributed computing of large-scale all-to-all comparison prob-
lemswith big data sets in heterogeneous environments. It has been
developed from a formalization of the requirements for storage
saving, data locality and load balancing as a constrained optimiza-
tion problem. To solve this optimization problem, metaheuristic
scheduling has been used for task-oriented pre-scheduling of data
distribution. Then, static and runtime dynamic scheduling strate-
gies have been developed for allocation of comparison tasks to
worker nodes. Experiments have shown that our data-aware task
scheduling approach achieves advantages of storage savings, per-
fect data locality for comparison tasks, improved total execution
time performance, and good scalability.
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