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a b s t r a c t

All-to-all comparison problems represent a class of big data processing problems widely found in many
application domains. To achieve high performance for distributed computing of such problems, storage
usage, data locality and load balancing should be considered during the data distribution phase in the
distributed environment. Existing data distribution strategies, such as the Hadoop one, are designed for
problemswithMapReduce pattern and do not consider comparison tasks at all. As a result, a huge amount
of data must be re-arranged at runtime when the comparison tasks are executed, degrading the overall
computing performance significantly. Addressing this problem, a scalable and efficient data distribution
strategy is presented in this paper with comparison tasks in mind for distributed computing of all-to-all
comparison problems. Specifically designed for problems with all-to-all comparison pattern, it not only
saves storage space and data distribution time but also achieves load balancing and good data locality for
all comparison tasks of the all-to-all comparison problems. Experiments are conducted to demonstrate
the presented approaches. It is shown that about 90% of the ideal performance capacity of the multiple
machines can be achieved through using the approach presented in this paper.

© 2016 Elsevier B.V. All rights reserved.

1. Introduction

Data-intensive computing [1] with a very large number of
big data sets can be a great challenge in service computing for
both commercial applications and scientific investigations. For
these big data problems, a huge amount of data needs to be
stored, retrieved, analyzed and visualized within a period of time
acceptable to the users [2,3]. This demands significant resources
of computing power, memory and storage spaces, and network
communications. While distributed computing systems provide
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a general platform to solve large-scale computing problems,
improving the computing performance for large-scale and data-
intensive computing problems is an emerging requirement.

Among various big data processing problems, all-to-all com-
parison problems are widely found in many application domains
such as machine learning, data mining, information management,
bioinformatics and biometrics. A typical example is the calcula-
tion of covariance matrix for high-dimensional data in machine
learning. In data mining, the computation of similarity matrix is
a critical step for clustering and classification. It gives all pairwise
similarities or dissimilarities between the objects under consid-
eration [4]. The experiments by Perera [5] computed the cosine
similarity between 8192 feature vectors. Mapping the ontologies
Molecular Functions and Biological Processes from Gene Ontol-
ogy with 10,000 and 20,000 concepts, respectively, involves com-
parisons of about 2 ⇥ 108 pairs of entities [6]. In bioinformatics,
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phylogenetic relationships are inferred through comparing gene
sequences of different species [7]. Sequence alignment, clustering
analysis [8] and recently investigated global network alignment [9]
are typical all-to-all comparison problems in computational biol-
ogy and bioinformatics.

All-to-all comparisons represent a typical computing pattern,
which focuses on processing a large number of large- or small-
size data files. In a general formulation of the all-to-all comparison
problems, each data item of a data file needs to be compared with
all data items of the other data files in the data set. Therefore,
the all-to-all comparison computing patten is fundamentally
different from the MapReduce computing pattern [10], which has
been implemented in Hadoop with wide applications in big data
processing [11]. If the number of data files in a data set or the
number of data items in a data file is big, the scale of the required
computation for all-to-all comparisons becomes massive [12].

Efforts have been made to address all-to-all comparison
problems previously [13–18]. Some solutions have been proposed
for special-purpose all-to-all comparison problems such as the
popularly used BLAST [19] and ClustalW [20], or for different types
of computing architectures with GPUs [16] or sharedmemory [21].
However, these solutions require that all data files be deployed to
each of the nodes in the system.While distributingwhole data sets
everywhere is conceptually easy to implement, it causes significant
time consumption and communication cost and demands a huge
amount of storage space. Therefore, the data distribution strategy
from these previous solutions is not scalable to the big data
processing problems considered in this paper.

In addition to these specific solutions, some computing frame-
works are also widely used to process big data problems in dis-
tributed environments [22–25]. Enabling distributed processing of
large data sets across clusters of commodity servers, Hadoop [11]
is designed to scale up from a single server to thousands of
machines. With fault tolerance, it can achieve high computing
performance for distributed computation that well matches the
MapReduce computing pattern. However, the Hadoop distributed
file system (HDFS) and its data distribution strategy are inefficient
for all-to-all comparison problems due to the completely different
computing pattern involved.

The main contribution of this paper is a scalable and efficient
data distribution strategy for a class of all-to-all comparison
problems, in which all input data files have the same or similar
size and thus comparison tasks have the same or similar execution
time. The strategy is developed with consideration of storage
usage, data locality and load balancing of distributed computing
tasks. This paper has substantially extended our preliminary
studies in a conference paper [12] from four aspects: new insights
into the challenges, reformulation of the problem, refinement of
the data distribution strategy, andmore experimental studies. This
will be summarized at the end of Section 2 on Related Work.

The paper is organized as follows. Section 2 reviews related
work and motivates the research. Section 3 formalizes all-to-all
comparison problems and identifies the challenges of data distri-
bution. This is followed by Section 4 to formulate the data distri-
bution problem as an optimization problem. Providing a heuristic
solution to the optimization problem, our new data distribution
strategy is presented in Section 5, and is experimentally demon-
strated in Section 6. Finally, Section 7 concludes the paper.

2. Related work and motivations

Several approaches have been developed to address specific
all-to-all comparison problems in bioinformatics. All-to-all com-
parisons are a key calculation stage in Multiple Sequence Align-
ment (MSA) [26] and studying of phylogenetic diversity in protein
families [27]. In general, the computing of these bioinformatics

problems includes the calculation of a cross-similarity matrix be-
tween each pair of sequences [28,29].

Data intensiveness describes those applications that are I/O
bound or with a need to process large volumes of data [2,10].
Compared with computing-intensive problems, applications of
all-to-all comparison problems devote most of the processing
time to I/O and movement for a massive amount of data [30].
Therefore, to improve the performance of data-intensive problems,
the distribution of all the data sets needs to be well considered.

To process all-to-all comparison problems, various distributed
systems and runtime libraries have been used. Heitor and
Guilherme [13] proposed a methodology to parallelize a multiple
sequence alignment algorithm by using a homogeneous set of
computers with the Parallel Virtual Machine (PVM) library. In
their work, a detailed description of the modules was provided
and a special attention was paid to the execution of the multiple
sequence comparison algorithm in parallel. Macedo et al. [14]
proposed an MPI/OpenMP master/slave parallel strategy to run
the DIALIGN-TX algorithm in heterogeneousmulti-core clusters. In
their research, different task allocation policies were compared to
determine the appropriate choice. All these approaches distribute
all data to each of the computing nodes in the cluster, leading to
inefficiencies in data distribution and storage. Our work in this
paper aims to avoid such inefficiencies.

Meng and Chaudhary [15] presented a heterogeneous comput-
ing platform through a Message Passing Interface (MPI) enabled
enterprise computing infrastructure for high-throughput biologi-
cal sequence analysis. In order to achieve load balancing, they dis-
tributed the workload based on the hardware configuration. The
whole database is split intomultiple nearly-equal sized fragments;
and then each of the computing nodes is assigned a number of
database fragments according to its processing capacity. However,
in practical computing of all-to-all comparison problems using
their approach, data transmissions among the computing nodes
cannot be avoided at runtime. This drawback will be overcome in
our work presented in this paper.

Xiao et al. [16] proposed a design and optimization of the BLAST
algorithm in a GPU–CPU mixed heterogeneous system. Due to the
specific architecture of the GPU, their implementation can achieve
a six-fold speed-up for the BLAST algorithm. GPUs were also used
for a parallel implementation of MAFFT for MSA analysis [26]. In
the work by Torres et al. [31], they were configured for exact
alignment of short-read genetic sequences. To accelerate the next
generation long read mapping, Chen et al. made use of FPGA
hardware to speed up sequence alignment [32]. In comparison
with all those hardware-dependent implementations, our work in
this paper does not rely on specific hardware.

Several approaches were also developed for load balancing
in distributed computing of all-to-all comparison problems. One
version of parallel all-to-all comparison of genome sequences was
carried out by Hill et al. [17]. The main intention of the work
was to provide load balancing among the clusters by dividing the
comparisonmatrix into rows and then dynamically assigning these
rows to different nodes. Gunturu [18] proposed a load scheduling
strategy, which depends on the length of the sequence and the
number of processors in the network. They assumed that all
the processors in the network already had both sequences to be
compared in their localmemory. Ourwork in this paper distributes
data to the computing nodes with consideration of the computing
tasks, thus avoiding this assumption.

Recently, efforts have beenmade to use computing frameworks
for all-to-all comparison problems. All-pairs is an abstraction
designed by Moretti et al. [33] for data-intensive computing on
campus grids. It focuses on providing an abstraction for users to
deal with all-to-all comparison problems. To give each comparison
task the required data, a spanning tree method is proposed to
deliver all data to every node efficiently.
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Moreover, some methods have been developed on top of
Hadoop and/or MPI for distributed computing of all-to-all com-
parison problems. Marc et al. [34] proposed a scalable complete
genotyping system, which brings together the complete composi-
tion vector and affinity propagation algorithms needed to produce
genotypes from a variety of genome data. This suite of tools was
developed on top of Hadoop and MPI to support multiple comput-
ing nodes and large data sets. CloudBurst, proposed by Schatz [35],
uses Hadoop for parallel short read-mapping. Experiments show
that the running time of CloudBurst scales linearly with the num-
ber of reads mapped, and exhibits near linear speed-up as the
number of processors increases. In all these methods, all the data
sets are distributed through Hadoop’s data distribution strategy,
which is unsatisfactory for scalable computing of large-scale all-
to-all comparison problems.

The inefficiency of Hadoop’s data distribution in all-to-all
comparison problems is mainly due to the following reasons:
(1) Although the number of data replications can be manually set
in HDFS, one does not know how to set it and thus tends to use
the default number of three. Once set, this number becomes a
constant regardless of the number of machines and the number
of data files. (2) The location of each file is randomly determined
in HDFS. This is not suitable for general all-to-all comparison
problems for high performance that requires good data locality.
(3) Increasing the number of data replications does not necessarily
improve the overall computing performance much due to poor
data locality unless replicating the data files to everywhere. These
issueswill be fixed in this paper bymaking data distribution aware
of comparison tasks.

Despite significant developments in processing all-to-all com-
parison problems, technical gaps still exist in this area. The existing
solutions mainly focus on parallelizing different all-to-all compar-
ison algorithms and providing load balancing. None of them have
paid a special attention to data distribution. Most previous meth-
ods have assumed that all data can be stored in each node, implying
poor scalability for big data sets. While some of the existing meth-
ods use distributed file systems such as HDFS, the data strategy in
use is nonetheless inefficient when processing large-scale all-to-
all comparison problems. Many available approaches are designed
for domain-specific applications or hardware-specific computing
platforms, and thus do not provide a solution to general all-to-all
comparison problems in general distributed computing platforms.

To address these challenges, this paper presents an approach
to distributed computing of a class of all-to-all comparison
problems in which all input data files have the same or similar
size and consequently all comparison tasks have the same or
similar execution time. The approach automatically determines
the number of data replications with good data locality and
load balancing for comparison tasks. Substantially extended our
preliminary studies [12], new developments in this paper include:
(1) new insights into the challenges of the all-to-all comparison
problem (Section 3.2); (2) a more precise reformulation of the
data distribution problemwith additional computing performance
considerations (Section 4.3); (3) a refineddata distribution strategy
(Section 5) from the reformulated problem; and (4) more case
studies (Section 6). As Hadoop and its underlying MapReduce
computing pattern are themostwidely used solution to distributed
computing of big data, the approach presented in this paper for
distributed computing of all-to-all comparisons will be compared
with Hadoop.

3. Problem statement and challenges

Let A, C andM denote the data set to be pairwise compared, the
comparison function on pairs in A and the output similarity matrix
of A, respectively. Characterized by the Cartesian product or cross

Fig. 1. General work flow for solving all-to-all comparison problems in distributed
computing environments.

join of A, the all-to-all comparison problem discussed in this paper
is mathematically stated as follows:
Mij = C(Ai, Aj), i, j = 1, 2, . . . , |A| , i < j (1)
where Ai represents the ith item of A, Mij is the element of output
matrixM resulting from the comparison between Ai and Aj, and |A|
means the size of A.

The original motivation for studying this problem came
from our investigation into the performance improvement for
bioinformatics, where the elements being pairwise compared are
typically genes or genomes [7,29]. Later, it is realized that the
same computing pattern also applies in many other domains,
e.g., ontology mapping in information management [6] and
similarity matrix computation for clustering and classification in
data mining [4,5].

3.1. Principles for data distribution

A typical scenario for using distributed computing systems in
all-to-all comparison problems is described as follows. In general,
a data manager manages and distributes all the data to the worker
nodes first. Then, computing tasks are generated and allocated
by a job tracker to the nodes. Lastly, the tasks are executed by
task executors to process related data sets. This work flow of this
process is shown in Fig. 1. It is seen from Fig. 1 that to solve all-to-
all comparison problems efficiently both data distribution and task
computation phases need to be improved.

Two issues affect the overall computing performance of big data
processing in distributed environments. They are data locality and
computing task allocation.
• Data locality is a basic principle for processing big data

problems. It means that the computing operation is generally
more efficient when it is allocated to a worker node near the
required data. Computation tasks which need to access remote
data sets can be very inefficient due to the heavy network
communications and data transmission.

• The distributed computing of big data problems is more
efficient when all the worker nodes are allocated suitable
numbers of computing tasks which match their processing
capability. In that case, all the computing power of the system
can be efficiently utilized.

Thus, data distribution for distributed computing of all-to-all
comparison problems should enable (1) good data locality for
comparison tasks, and (2) load balancing of comparison tasks
through task allocation with good data locality.
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Table 1

Three examples to show three challenges of the data distribution problem.

Example Node ID Data file IDs Comparison tasks with local data Tasks without local data Load balanced

I: ¨ 1, 5, 6 (1,5) (1,6) (5,6) (1,3)
6 files on ≠ 1, 2, 5 (1,2) (2,5) (1,4) (2,6) Likely
4 nodes Æ 2, 3, 4 (2,3) (2,4) (3,4) (3,5)

Ø 3, 4, 6 (3,6) (4,6) (4,5)
II: ¨ 1, 2, 3 (1,2) (1,3) (2,3)
4 files on ≠ 1, 2, 4 (1,4) (2,4) None No
3 nodes Æ 3, 4 (3,4)
III: ¨ 1, 3, 5 (1,3) (1,5)
6 files on ≠ 1, 4, 6 (1,4) (1,6)
8 nodes Æ 2, 3, 5 (2,3) (1,2)

Ø 2, 4, 6 (2,4) (3,4) Likely
∞ 1, 3, 5 (3,5) (3,6)
± 1, 4, 6 (4,6) (4,5)
≤ 2, 3, 5 (2,5) (5,6)
≥ 2, 4, 6 (2,6)

3.2. Challenges of the data distribution problem

The Hadoop distributed file system (HDFS) provides a strategy
to distribute and store big data sets. In HDFS, data items are
randomly distributed with a fixed number of duplications among
all storage nodes. While multiple copies of data items in HDFS
enhance the reliability of data storage, the HDFS data strategy
is inefficient for all-to-all comparison problems due to its poor
data locality, unbalanced task load and big solution space for data
distribution.

3.2.1. Poor data locality in HDFS
Hadoop’s data strategy is designed for a trade-off between

high data reliability and low read/write cost. From this design
perspective, it does not consider the data requirements for
comparison tasks that follow. For example, consider a scenario
with 6 data items and 4 worker nodes. A possible solution for
Hadoop’s data strategy is shown in Example I in Table 1. It is seen
from this example that although each of the 6 data items has
2 copies, there is no worker node that contains all the required
data for certain comparison tasks, (1,3), (1,4), (2,6), (3,5) and (4,5),
indicating poor data locality for these comparison tasks. In this
case, runtime data movements among the nodes through network
communications cannot be avoided. These will induce runtime
storage costs and affect the overall computing performance of the
all-to-all comparison problem. This problem becomesworse when
the scale of the computing becomes bigger.

3.2.2. Unbalanced task load resulting from the HDFS
To show an unbalanced task load resulting from the HDFS

data strategy, consider a scenario with 4 data items and 3 worker
nodes. A possible Hadoop’s data distribution solution is depicted in
Example II in Table 1. Also shown in the table is a possible scheme
for allocation of all 6 comparison tasks to the 3worker nodes.With
the HDFS, there is no way to ensure a balanced task allocation,
which requires each of the 3 nodes be allocated 2 comparison tasks.

3.2.3. Inefficiency of increasing file replications in HDFS
In the HDFS data strategy, the number of data replications can

be manually set by users. But there is no guidelines on how this
number is set and thus users tend to use the default number of
three. Once the number is set, it becomes a constant regardless of
the number of machines to be used and the number of data files to
be distributed. Moreover, the location of the data file replications
is randomly determined in the sense of user’s awareness. This
causes poor data locality, leading to poor performance of the
distributed computing. One might imagine that further increasing
the data replications may help. However, unless replicating data

files to everywhere, increasing the data replications in HDFS does
not improve the data locality performance much but results in
significant computation costs due to the increased demand in
network communications for data movement at runtime.

Consider a possible HDFS solution with 6 data items and 8
worker nodes shown in Example III in Table 1. It is seen that even
if the number of data file replications is increased to 4, poor data
locality (Section 3.2.1) and unbalanced task load (Section 3.2.2)
still exist. The comparison tasks (1,2), (3,4) and (5,6) cannot be
completed without remote data access at runtime.

3.2.4. Big solution space of the HDFS data distribution
Distributing data pairs also means allocating related compari-

son tasks. We aim to allocate Q distinguishable comparison tasks
to N indistinguishable worker nodes. From combinatorial mathe-
matics, the total number of feasible solutions is expressed by the
Stirling number. Based on the discussion in our previous research
paper [12], too many possible distribution solutions to access in
practice even for a very simple case. This implies that it is gener-
ally impossible to evaluate all possible solutions to find the best
answer in a reasonable period of time. Therefore, it is necessary to
develop heuristic solutions for data distribution.

4. Formulation for data distribution

This section develops requirements of the computing frame-
work for data distribution. It begins with overall considerations
and assumptions. This is followed by formulating reduction of the
storage usage and improvement of the computing performance. It
ends with an overall optimization problem to specify the require-
ments for data distribution.

4.1. Overall considerations and assumptions

To solve all-to-all comparison problems by using the work
flow shown in Fig. 1, the data distribution strategy needs to be
developed. In the scenario we followed, the data distribution
strategy will generate the solution of data distribution first. Then,
all the data files are deployed based on the solution provided. In
this paper, we do not consider the failure of worker nodes, which
will be addressed in the future.

The following aspects need to be considered for data distribu-
tion:
• Storage usage of the distributed system. For all-to-all compar-

ison problems with big data sets, distributing data sets among
all nodes should consider not only the usage of storage space
for each nodewithin its capacity, but also keeping the total time
spent on data distribution at an acceptable level.
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• Performance of the comparison computation. For distributed
computing, it is important to allocate comparison tasks in a
way to make full use of all available computing power in the
system. Also, good data locality for all comparison tasks can
help improve the computing performance greatly. Hence, the
data distribution strategy should be designed to allocate data
items in a way to improve the performance of comparison
computation.
In real-world scenarios, there exist a large number of applica-

tions in which all data files have the same or similar size and all
comparison tasks have the same or similar execution time. Typi-
cal examples are covariance matrix computation, similarity calcu-
lation in clustering and classification, distance matrix estimation
among a group of remotely sensed data or images, andmanymore.
This paper addresses such a class of applications.

In the following, we analyze the requirements for storage usage
of the distributed system and performance of the comparison
computation.

4.2. Reducing the storage usage

Many factors contribute to the time spent on data distribution.
Given the network bandwidth, network topology and the size of
the data items, from the assumptions above, the time for data
distribution is proportional to the number of data items to be
distributed. Let D represent all data files to be distributed. Then,
the time for data distribution, Tdistribution, can be expressed as:
Tdistribution / D. (2)
As mentioned previously, the storage usage for each of the worker
nodes must also be within its limitation. Given our assumptions,
this can be achieved if all data sets are evenly distributed.

Now, we consider both data distribution time and storage
limitation. Let |Di| denote the number of files allocated to worker
node i. A data distribution strategy is expected to minimize the
maximum of |D1|, . . . , |DN |, i.e.,
Minimizemax {|D1| , |D2| , . . . , |DN |} . (3)

Choosing to minimize the maximum number of data files in
the worker nodes has the following benefits: (1) this target makes
all the worker nodes have the similar number of data files. In the
ideal case, the differences of the number of data files among the
nodes are at most one, meaning a balance data storage usage for
the distributed systems. (2) Considering the number of comparison
tasks can be executed is proportional to the number of data files
stored in the worker node, this target also makes all the worker
nodes have the similar number of executable comparison tasks.

4.3. Improving the computing performance

In distributed computing of an all-to-all comparison problem,
the overall computation time of the computing tasks executed is
determined by the last finished worker node. To complete each of
the comparison tasks, the correspondingworker node has to access
and process the required data items.

Let K , Tcomparison(k) and Taccessdata(k) represent the number of
comparison tasks allocated to the last finished worker node,
the time for comparison operations for task k and the time for
accessing the required data for task k, respectively. The total
elapsed time of executing comparisons tasks, Tcomparison, is then
expressed as:

Tcomparison =
KX

k=1

�
Tcomparison(k) + Taccessdata(k)

�
. (4)

From Eq. (4), our data distribution strategy reduces the total
execution time Ttotal by meeting two constraints: load balancing

for comparison tasks on the worker nodes, and good data locality
for all pairwise comparison tasks.

For load balancing, the maximum number J of the comparison
tasks allocated to the last finishedworker nodes can beminimized.
Let Ti denote the number of pairwise comparison tasks performed
by worker node i. For a distributed system with N worker nodes
and M data files, a total number of M(M � 1)/2 comparison tasks
need to be allocated thework nodes. Minimizing the value of K can
be expressed as follows:

8Ti 2 {T1, T2, . . . , TN}, Ti 
⇠
M(M � 1)

2N

⇡
, (5)

where d·e is the ceiling function. Because N > 1 (for distributed
computing) and Ti, the number of tasks, is a positive integer, Eq.
(5) implies that
M(M � 1)/2 � N, M > 2. (6)

Good data locality can also be mathematically formulated. If
all required data for a comparison task are stored locally in the
node that performs the task, the task will not need to access data
remotely through network communications. Good data locality
implies a minimized value of Taccessdata(k) with its lowest possible
value of 0. Let (x, y), T , Ti and Di represent the comparison task for
data x and data y, the set of all comparison tasks, the set of tasks
performedbyworker node i, and the data set stored inworker node
i, respectively. Good data locality for all comparison tasks can be
expressed as follows:

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

(7)

In other words, there must be at least one node i capable of
performing each comparison (x, y) with local data only.

Data allocation discussed above becomes trivial for N = 2.
In this case, at least one node must store all data files from the
requirements in Eqs. (5) and (7). Therefore, a well-defined data
distribution problem requires
N > 2. (8)

4.4. Optimization for data distribution

Considering both storage usage and computing performance as
discussed above, a data distribution strategy is expected to meet
the target in Eq. (3) and also satisfy the constraints in Eqs. (5) and
(7). When the target in Eq. (3) is achieved, the storage usage for all
work nodes can be reduced greatly, thus reducing the time spent
on distributing all data sets (Tdistribution). Meeting the constraints in
Eqs. (5) and (7) means that the overall comparison time Tcomparison
can be minimized. As a result, the following total time elapsed for
data distribution and task execution is effectively reduced:
Ttotal = Tdistribution + Tcomparison. (9)

Therefore, the data distribution problem can be expressed as a
constrained optimization problem:
⇢
Minimize max {|D1| , |D2| , . . . , |DN |}
s.t. Eqs. (5)–(8). (10)

As discussed previously in Section 3, the large number of
combinations of data and related comparison tasks makes the
optimization problem for data distribution difficult to solve in
practical applications. In the next section, a heuristic algorithmwill
be developed to address this challenge.

5. Heuristic data distribution strategy

This section starts with discussions on heuristic rules for data
distribution. Then, our data distribution algorithm is presented
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Fig. 2. Additional comparison tasks introduced by adding new data d to node i.

with detailed steps. Our data distribution strategy is further
analyzed through an example.

5.1. Heuristic rules for data distribution

A way to derive a feasible solution to the distribution problem
formulated in Eq. (10) is to meet the constraints in Eqs. (5) and (7).
It is seen from the constraint in Eq. (7) that if we can determine
the location for a specific comparison task (x, y), the location of the
required data x and y can also be determined. Thus, wewill allocate
all comparison tasks to the worker nodes in a way to meet the
constraints in Eqs. (5) and (7). From this task allocation, a feasible
solution to the data distribution problem is also obtained.

Consider the scenario shown in Fig. 2. The right column of
the comparison matrix in the figure shows additional comparison
tasks that can be allocated to a specific node iwhen a new data file
d is distributed to a nodewith p data files already stored. Therefore,
if we can allocate as many comparison tasks as possible to node i
for each new data file d, the total number of data files needing to
be distributed can be minimized.

The additional comparison tasks introduced by adding newdata
d to worker node i include those that have never been allocated
before (marked by circles in Fig. 2) and those that have already
been allocated (marked by triangles in Fig. 2). The related rules for
distributing data are developed as follows:

Rule 1: For those comparison tasks that have never been
allocated before, a data distribution strategy can be designed to
allocate as many of these tasks as possible to node i by following
Constraint (5).

Rule 2: For those comparison tasks that have already been
allocated, the data distribution strategy can be designed to re-
allocate each of these tasks by following Constraint (5). For
instance, if a comparison task t has already been allocated to
worker node q, the strategy compares the numbers of allocated
comparison tasks between node i and node q. If worker node i has
fewer comparison tasks, task t is re-allocated to node i.

From these heuristic rules, an algorithmwith detailed steps can
be developed for actual data distribution.

5.2. Data distribution algorithm

Algorithm 1 shows our heuristic and task-driven data distribu-
tion strategy. It is self-explained.

Algorithm 1: Data Distribution Algorithm
Initial : Set U of all unallocated pairwise comparison tasks;
Variable: Variable data set D and node set C, which are

initially empty;

1 while Set U of unallocated tasks is not empty do

2 D �; C �; /* empty D and C */
3 Find all data files needed for these unallocated tasks;
4 Put these data files into set D;
5 For each file in set D, count the unallocated tasks that

require this file;
6 Sort set D in descending order in terms of the counting

numbers;
7 while Node set C is empty do

8 Choose the first data file in set D. Let d denote this file;
9 for All worker nodes in the system do

10 Find the set of nodes without file d;
11 Put these nodes into set C;
12 for All nodes in set C do

13 Find and mark those nodes with the fewest
allocated tasks;

14 Remove all marked nodes from C;
15 for All nodes in set C do

16 Find and mark those nodes with the fewest
allocated files;

17 Remove all marked nodes from C;
18 if Set C becomes empty then

19 Remove file d from set D;

20 for Each worker node i in set C do

21 if node i is empty then

22 Distribute data file d to this node i;
23 break; /* get out of this for loop */
24 else

25 Calculate the number of new comparison tasks
that can be allocated to this node i by adding the
file d (Rule 1);

26 if Data file d has not been distributed then

27 Sort C in descending order in terms of the numbers
from Line 25;

28 Distribute data file d to the first node in set C;
29 Allocate to this node all new tasks found in Line 25 for

this node;
30 Update set U of unallocated tasks;
31 Reallocation: For comparison tasks introduced by adding

data file d above but already allocated to other nodes
before, re-allocate these tasks by following Rule 2.

In comparison with Hadoop’s data distribution strategy, our
solution has the following advantages. Firstly, Hadoop randomly
distributes data items without considering the requirements
from computation tasks. In this case, a large number of data
files has to be relocated at runtime for the computing tasks,
resulting inmassive datamovement and performance degradation
(Section 3.2). However, our solution presented in this paper is
computing tasks aware. It distributes data items in a way that all
data items can be processed locally, indicating good data locality
for all computation tasks. Secondly, static system load balancing
is promised by using our data distribution strategy, which will be
shown later in Section 5.4. Contrarily, Hadoop does not provide
static task allocation solutions. To achieve a load balancing in
Hadoop, again a huge amount of data has to be moved around
among multiple machines.
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5.3. Theoretic results

Theoretic analysis is conducted to derive a lower bound dmax for
max{|D1|, . . . , |DN |} as well as an insight to data availability and
system reliability. These theoretic results are summarized in two
theorems.

Theorem 1. For the constrained optimization problem defined in
Eq. (10) for distributing M data files to N computing nodes, a solution
max{|D1|, . . . , |DN |} has a lower bound dmax as:

max {|D1| , |D2| , . . . , |DN |}

� 1
2

 

1 +
p
4M2 � 4M + Np

N

!

, dmax. (11)

Proof. For M data files, the total number of comparison tasks in
an all-to-all comparison problem is M(M � 1)/2. Consider the
following extreme scenario: if each worker node is allocated no
more than dM(M � 1)/(2N)e comparison tasks (Eq. (5)), at least
how many data items are needed to complete all comparisons.
As each comparison task needs two different data items as
characterized in Eq. (7), we have the following relationship:
✓
max {|D1| , |D2| , . . . , |DN |}

2

◆
=
⇠
M(M � 1)

2N

⇡
. (12)

Solving the equation gives the result in Eq. (11). ⇤

Remark 1. The lower bound dmax given in Eq. (11) of Theorem 1
is useful. It implies that a solution will not be lower than this
lower bound. In other words, it is the theoretically lowest possible
number of data files that need to be deployed to each of the nodes
in order to meet the constraints of the data distribution problem.
The actual solution obtained from an algorithmmay be higher than
this lower bound.

If a data file has only one copy in a distributed system, it will
become inaccessible from anywhere if the node where the data
file is stored fails. In this case, the distributed computing system
for the all-to-all comparison problem is unreliable. Therefore, it is
an essential reliability requirement to have at least two data copies
stored at different nodes for each data file. The following theorem
shows that this system reliability requirement is guaranteed by the
data distribution approach presented in this paper.

Theorem 2. For the constrained optimization problem defined in
Eq. (10) for distributing M data files to N computing nodes, the
distribution strategy presented in this paper gives a solution that
promises at least two data copies stored in different nodes for each
data file.
Proof. If a data item stored in oneworker node is not duplicated on
another node, in order tomeet the constraint in Eq. (7), all the other
data items have to be stored in the sameworker node. This implies
that the worker node stores all data items. Considering the target
in Eq. (10) is to save storage bymaking each node only store part of
thewhole data, storing all data in one node can be avoid. Therefore,
at least two copies stored in different nodes are guaranteed for each
data file. This completes the proof. ⇤

Remark 2. Hadoopprovides three duplications for each of the data
items. This is a heuristic to address the data availability and sys-
tem reliability requirements. It has not been theoretically demon-
strated to be an optimal setting for a specific objective function. It is
also noted that users may change the default three replications to
a different number, e.g., four or five, according to the requirements
of specific systems and/or applications. The approach presented in
this paper gives a solution that provides at least two replications
of data items through our theoretical optimization framework. For

Table 2

Distribution of 6 files to 4 nodes. (Theoretic lower bound dmax = 4 fromTheorem1.)

Node Distributed data files Allocated comparison tasks

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

a specific distributed system or a specific application, if more than
two copies of data are more appropriate, one may still use our the-
oretical optimization framework and implementation algorithm
while adding an additional constraint on the lower bound of the
number of data replications to make it more than two, e.g., three
or four. This is also similar to Hadoops general user interface for
configuring the number of data duplications.

5.4. Analysis of the data distribution strategy

To analyze the data distribution strategy, consider an example
with 6 data files {0, 1, 2, 3, 4, 5} and 4 worker nodes {A, B, C,D}.
Our data distribution algorithm presented above gives the solution
shown in Table 2.

In the result shown in Table 2, each worker node is allocated
similar number of comparison tasks, which indicates a good static
load balancing for the distributed system. Moreover, only part of
the whole data sets is stored in each worker node for storage
saving.

6. Experiments

This section conducts experiments to demonstrate the effec-
tiveness of our data distribution strategy. It includes both sim-
ulation studies and experiments in a real distributed computing
system. The section begins with development of evaluation crite-
ria. Then, it evaluates the behavior and performance of our data
distribution strategy against these criteria.

6.1. Evaluation criteria and experimental design

Three criteria are used to evaluate our data distribution strat-
egy: storage usage, task execution performance and scalability.

Storage Saving is one of the objectives of our data distribution
strategy. The storage saving of our data distribution strategy is
compared with that of the Hadoop one. The storage space required
by Hadoop is variable as the number of data replications is
adjustable. Thus, it is not a good baseline for storage performance
comparisons. This paper evaluates storage savings against the
storage required by distributing all data to everywhere.

Data Locality reflects the quality of data distribution and is
an indicator of the computing performance. As comparison tasks
are allocated based on the data distribution in our approach,
the number of comparison tasks with good data locality can be
measured after the data distribution. To show different levels of
data locality between our and Hadoop’s data strategies, different
numbers of worker nodes and Hadoop data replications are tested
in the experiments.

Execution Performance, characterized by the total execution
time Ttotal of an all-to-all comparison problem, is the ultimate goal
subject to the storage usage and other constraints. As shown in
Eq. (9), Ttotal includes Tdistribution and Tcomparison, which are affected
by data distribution and storage savings. Comparisons aremade on
these time performance metrics between our and Hadoop’s data
distribution strategies.

Scalability is significant for large-scale distributed computing
of all-to-all comparison problems with big data sets. Various sce-
narios will be investigated under different numbers of processors
on the worker nodes in a real distributed system. This demon-
strates the scalability of data distribution strategy.
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Table 3

Storage and data locality of our approach and Hadoop with 3 data replications for
M = 256 files on N nodes.

N 4 8 16 32 64

max{|D1, . . . , |DN |}: dmax (Theorem 1) 129 91 65 46 33
This paper 192 152 117 85 59
Hadoop(3) 192 96 48 24 12

Storage saving (%): This paper 25 41 54 67 77
Hadoop(3) 25 63 81 91 95

Data locality (%): This paper 100 100 100 100 100
Hadoop(3) 56 48 28 14 7

6.2. Performance in storage saving and data locality

Consider a scenario with 256 data files and a set of storage
nodes with the number of nodes ranging between 1 and 64.
From the optimization problem in Eq. (10) for data distribution,
the maximum value of the numbers of data items distributed to
the worker nodes is used to characterize the storage usage from
our data distribution strategy. The theoretic lower bound dmax in
Theorem 1 is calculated for each of the N values.

6.2.1. Comparison with Hadoop’s strategy with default 3 data
replications

The first group of experiments compares our data distribution
strategy with Hadoop’s one with the default 3 data replications.
The experimental results are tabulated in Table 3, which shows
storage usage, storage saving and data locality for both our
and Hadoop’s data distribution strategies. The storage saving is
calculated against the storage space required when distributing all
data files to every node as many existing approaches do.

In comparison with the data distribution strategy to distribute
all data to all nodes, it is seen from Table 3 that both our
and Hadoop’s data distribution strategies have significant storage
savings for large-scale all-to-all comparison problems while the
Hadoop one saves even more space. This implies less data
distribution time, especially when the number of nodes becomes
big. For a cluster of 64 nodes, the storage saving reaches three
quarters (77%) from our data distribution strategy and even as high
as 95% from the Hadoop one.

Though with a lower storage saving, our data distribution
strategy achieves 100% data locality for all computing tasks, as
clearly shown in Table 3. In comparison, the higher storage savings
from Hadoop are achieved with a significant sacrifice of data
locality. For example, for a cluster of 64 nodes, the data locality
from Hadoop is as low as 7% compared to 100% from our data
distribution strategy. Good data locality is particularly important
for large-scale all-to-all comparison problems. It will reduce
data movements among nodes at runtime for comparison task
execution. Thus, it benefits the overall computing performance of
the all-to-all comparison problem.

6.2.2. Comparison with Hadoop’s strategy with increased data
duplications

One may argue that manually increasing the number of data
replications may solve the data locality problem in Hadoop’s data
distribution. However, there are no guidelines on how this number
is set for an all-to-all comparison problem in a given distributed
environment. Also, once set, this number becomes constant in the
deployed environment, leading to inflexibility for a range of other
all-to-all comparison problems. Furthermore, even if this number
can bemanually tuned every time, it does not fundamentally solve
the data locality problem. In comparison, our data distribution
strategy automatically determines the number of data replications
with 100% data locality.

Table 4

Storage and data locality of our approach and Hadoop(variable x) forM = 256 files
on N nodes, where the number (x) of data replications for Hadoop has to be tuned
manually for each case to achieve a similar maximum number of files on a node.

N 4 8 16 32 64

Setting of x in Hadoop(x) 3 6 9 12 15

max{|D1, . . . , |DN |}: dmax (Theorem 1) 129 91 65 46 33
This paper 192 152 117 85 59
Hadoop(x) 192 192 144 96 60

Storage saving (%): This paper 25 41 54 67 77
Hadoop(x) 25 25 44 64 77

Data locality (%): This paper 100 100 100 100 100
Hadoop(x) 56 52 38 20 26

To support these claims, the second group of experiments
are conducted, in which we manually tune the number of data
replications for Hadoop’s data distribution strategy to the value
that gives a similar maximum number of data files on a node to
that of our distribution strategy. Therefore, a data file is replicated
6, 9, 12 and 15 times for a distributed systemwith 8, 16, 32 and 64
data nodes, respectively, as shown in Table 4. With these manually
settings, the experimental results in Table 4 show that our data
strategy behaves with better storage saving performance than the
Hadoop one. With more storage usage than our data strategy, the
Hadoopone still demonstrates very poor data locality. For example,
for 64 data nodes, Hadoop’s data distribution only achieves 26%
data locality compared to 100% from our data locality.

6.3. Performance in execution time Ttotal

Ttotal is used to measure the execution performance of
processing an all-to-all comparison. As shown in Eq. (9), it includes
the time Tdistribution for data distribution and the time Tcomparison for
comparison computations. All these time metrics are evaluated,
and compared with those from Hadoop-based data distribution
and distributed computing.

The settings for our experiments are as follows:

• A distributed system in real machines. A homogeneous Linux
cluster was built with nine physical servers interconnected
through 1 Gps Ethernet network. Among the nine servers, one
node acts as the master and the remaining eight are worker
nodes. All nine nodes use Intel(R) Xeon E5-2609 and 64 GB
memory. They all run 64-bit Redhat Enterprise Linux.

• Experimental application. As a typical and significant all-to-all
comparison problem in bioinformatics [7], the CVTree problem
is chosen for our experiments. The computation of the CVTree
problem has been recently investigated in single computer
platforms [28,29]. It is further studied in this paper in a
distributed computing environment. The problem has been
re-programmed in our experiments by using the Application
Programming Interfaces (APIs) provided by our distributed
computing system. For comparison, a sequential version of
the CVTree program is also developed for our experiments.
As CVTree is a significant technique in bioinformatics, an
additional benefit of using CVTree as an experimental example
is to demonstrate a significant real-world application of all-to-
all comparisons.

• Experimental data. A set of dsDNA files from theNational Center
for Biotechnology Information (NCBI) is chosen as the input
data. The size for each file is around 150 MB and the total
amount of data is over 20 GB.

• Experimental cases. To show that arbitrarily increasing the
number of data replications is inefficient in achieving high
computing performance for all-to-all comparison problems
(discussed in Section 6.2), the Hadoop data strategy with



160 Y.-F. Zhang et al. / Future Generation Computer Systems 67 (2017) 152–162

Table 5

The CVTree problem for N = 8 nodes and different numbers of input data files (M).

M max{|D1|, . . . , |D8|}
dmax This paper Hadoop(3) Hadoop(4)

93 34 53 35 59
109 39 63 41 69
124 45 71 47 78

Fig. 3. Comparisons of the Ttotal performance between our strategy and Hadoop’s
strategies (lower solid-filled part of the bars: Tdistribution; upper dot-filled part of the
bars: Tcomparison).

different data replication numbers are used to compare with
our approach. Table 5 clearly shows that when each data has 4
copies for Hadoop’s data distribution (Hadoop(4)), the Hadoop
data strategy distributes more data files to each worker node
than our approach.

Let us consider the execution time of data distribution and
distributed computing. For a given all-to-all comparison problem
with 3 different sizes of data sets, both the data distribution
time (Tdistribution) and computation time (Tcomparison) are measured,
respectively. Adding up these two time measurements gives the
total execution time Ttotal.

For comparison of the execution time performance between
our and Hadoop-based approaches, it is clear that the Hadoop
MapReduce computing framework is not suitable for supporting
the all-to-all comparison computing pattern directly. Thus, our
distributed computing task scheduling is integratedwith Hadoop’s
data distribution strategy when the execution time performance is
evaluated for Hadoop-based distributed computing.

Fig. 3 shows Ttotal for three different data distribution strategies:
Ours, Hadoop(3) andHadoop(4), under differentM values. For each
bar plot of Ttotal, the bottom and upper parts represent Tdistribution
and Tcomparison, respectively.

It is clearly seen from Fig. 3 that our data distribution strategy
achieves much better Ttotal performance than the Hadoop one. It
also confirms that for Hadoop’s data distribution strategy, simply
increasing the number of data replications from 3 to 4, which
generates more data files on a node than our approach, does not
improve much the Ttotal performance. It is noted from Fig. 3 that
the Tdistribution performance resulting from our data distribution
strategy is slightly poorer than that fromHadoop(3) but better than
that from Hadoop(4). This is because our distribution strategy has
less storage savings than Hadoop(3) but more storage savings than
Hadoop(4) as shown in Table 5. More storage savings mean less
time for data distribution.

To show the good load balancing from our data distribution
strategy, Fig. 4 depicts Tcomparison performance measurements for
each of the eight worker nodes under differentM values. It is seen

Fig. 4. Tcomparison performance from our data distribution strategy for each of the
worker nodes under differentM values.
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Fig. 5. Speed-up achieved by the data distribution strategy and computing
framework of this paper.

from the figure that for the sameM value, Tcomparison for each of the
worker nodes is very similar and well within the load balancing
requirement from Eq. (5). The balanced tasks on each node all use
local data without the need for data movements among the nodes
through network communications.

6.4. Scalability

To support processing all-to-all comparison problems with big
data sets, scalability is an important ability for our data distribution
strategy. It is evaluated in the following experiments by using the
speed-up metric.

Shown in Fig. 5 for up to eight worker nodes (plus a manager
node) in our lab, this linear speed-up dotted line can be considered
as an ideal speed-up.

Also shown in Fig. 5 is the actual speed-up achieved from
our data distribution strategy. It shows that with the increase of
the number of processors, our data distribution strategy behaves
with a linear speed-up. This implies good scalability of the overall
distributed computation. It is worth mentioning that although
all-to-all comparison problems incur inevitable costs in network
communications, extra memory demand and disk accesses, the
data distribution strategy presented in this paper can achieve
about 89.5% of the performance capacity of the ideal linear speed-
up. The is measured by 7.16/8 = 89.5% from the results shown in
Fig. 5.



Y.-F. Zhang et al. / Future Generation Computer Systems 67 (2017) 152–162 161

7. Conclusion

To address distributed computation of all-to-all comparison
problems with big data, a scalable and efficient data distribution
strategy has been presented in this paper. Driven by comparison
task allocation, it is designed to minimize and balance storage
usage in the distributed worker nodes while still maintaining
load balancing and good data locality for all comparison tasks.
Experiments havebeen conducted in realmachines to demonstrate
the proposed data distribution strategy for all-to-all comparison
problems.
Contributions of the authors: Y.-F. Zhang conducted detailed
research and experiments, and wrote the draft version of the
paper. Y.-C. Tian designed the project, supervised the research,
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