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Nowadays heterogeneous architectures formed by multicore and manycore systems have become attrac- 

tive solutions to cope with the data booming in genomic-based studies. Our work explores the efficient 

usage of heterogeneous architectures in such area. In particular, we have studied the use of manycore 

components like the Xeon Phi accelerator, which has proved to be a convenient choice because it allows 

an easy migration of applications developed for multicore servers based on the × 86 architecture. Our 

study also focuses on the problem of sequence alignment, which is one of the fundamental and most 

costly computational stages in most genome variant studies. We concentrate our attention on BWA, one 

of the most popular sequence aligners, and we have focused our attention on three types of heteroge- 

neous systems, one containing Intel multi-core CPUs and accelerators, one that are made up of several 

multi-core servers, and one large-scale system. Each with different characteristics in terms of number 

of CPUs, number of cores and system organization memory. Although the problem of alignment of se- 

quences fits in the embarrassingly parallel pattern, achieving good performance and good scalability in 

heterogeneous environments can be complex. We have analyzed different strategies based on the dis- 

tribution of data and the replication of certain data structures and we found that MDPR (Multi-level 

Data Parallelization and Replication) strategy has shown the best results in all the heterogeneous plat- 

forms tested. Its results have surpassed other strategies proposed in the literature and have shown its 

malleability to be used in different heterogeneous environments without the need to apply specific ad- 

justments according to the underlying architecture. In the design of MDPR, different static and dynamic 

data distribution strategies have also been evaluated. The best results were obtained by the static strat- 

egy, which has a significant preprocessing cost. However, the dynamic strategy of data distribution using 

a round-robin mechanism obtained similar times without the need for the preprocessing stage. Although 

our proposal was applied to BWA using human genome data samples, this strategy can be easily applied 

to other sequence datasets and alignment tools that have similar operating principles with those of BWA 

aligner. 

© 2019 The Authors. Published by Elsevier B.V. 

This is an open access article under the CC BY-NC-ND license. 
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. Introduction 

In recent years, heterogeneous systems consisting of different

rchitectures have become a significant trend in the high perfor-

ance computing arena [1] . Manycore architectures, such as GPUs,

ave obtained considerable popularity, despite the fact that the

pecific programming languages such as OpenCL and CUDA require

ignificant coding skills [2] . Intel Xeon Phi [3] is another manycore
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oprocessor, which has became an attractive solution for existing

rograms on multicore systems that can be easily ported because

eon Phi is also based on the × 86 architecture. 

Compared to computing evolution (doubling the number of

ransistors every 18 months), the amount of sequence genome data

nly doubles every 12 months [4] . However, this is an spectacular

rowth of data that constitutes an important challenge that still

equires efficient applications to process them. 

Sequence alignment, variant calling and variant annotation

omprises three fundamental operations in genome data studies

5] . Sequence alignment is a crucial step that can provide pri-

ary consequences for the other two operations. It involves map-

ing short reads to a genome sequence reference as accurately as
nder the CC BY-NC-ND license. ( http://creativecommons.org/licenses/by-nc-nd/4.0/ ) 
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c  

m  
possible [6] . Although many aligners have been developed in re-

cent years, such as MAQ, SOAP and BLAST, they all exhibit a signif-

icant execution time and a large memory footprint. Although, its

execution time is similar to other existing aligners, BWA (Burrows-

heeler Aligner) [7] takes advantage of the BWT indexing tech-

nique that decreases memory requirements of the alignment pro-

cess. This reduction in memory needs combined with its mapping

accuracy have made BWA one of the most popular aligners in the

scientific community. 

In this paper, we explore different strategies that allow BWA to

run on heterogeneous systems that combine multicore CPUs with

manycore accelerators or different multicore systems. We analyze

some proposed strategies in the literature and propose enhance-

ments and new strategies to improve global performance. This

paper extends our previous studies in which we proposed some

data parallelization/replication strategies and made an evaluation

of BWA-based aligners in manycore-based systems. In those works

our study focused only on heterogeneous systems that incorporate

accelerators. In one case, we analyzed improvements when the ap-

plications were executed in native mode [8] , and in [9] we studied

different variants to execute BWA in symmetric mode. The MDPR

strategy analyzed in the current paper derives from these previ-

ous works and it has been generalized and extended so that it can

be executed indistinctly not only in accelerator-based servers but

in other types of heterogeneous environments formed by multiple

CPUs organized around different NUMA architectures. The strategy

MDPR utilizes multiple instances in order to reduce memory bot-

tlenecks by decreasing memory congestion and improving memory

locality. We present a study where we analyze the performance

of different BWA variants on multicore and manycore system. We

have augmented also MDPR with different mechanisms of dynamic

data distribution and we have evaluated them with two represen-

tative datasets and three heterogeneous architectures. The main

contributions of this paper can be summarized as follows: 

• We propose a strategy (named MDPR) that has been applied

to BWA by adding new mechanisms of data parallelism and

data replication. The strategy exhibits a hierarchical struc-

ture based on different instances of computation that in-

clude replication of certain data structures and the distribu-

tion of input data among all parallel instances. 
• We analyze three data distribution strategies for MDPR, one

static and two dynamic (even and round-robin). 
• We have carried out an experimental study comparing dif-

ferent versions of BWA on multicore and manycore sys-

tems, including the strategies proposed in this work and

other alternatives proposed in the literature. This study has

shown us the best alternatives to run BWA on manycore sys-

tems based on Intel Xeon Phi and on heterogeneous systems

based on Intel and AMD multicore processors. 

The rest of the paper is organized as follows. Section 2 de-

scribes related work in performance improvement of sequence

alignment algorithms, including BWA, on parallel architectures.

Some general background in multicore and manycore architectures

is presented in Section 3 and BWA aligner is described in Section 4 .

Section 5 discusses DP, DR, DPR and MDPR strategies. Section 6 de-

scribes our experimental environment and Section 7 shows the re-

sults we obtained in the experiments. Finally, Section 8 discusses

the main conclusions of this research and highlights some future

work. 

2. Related work 

Our work explores effective data parallelism solutions for the

BWA aligner that are suitable for heterogeneous architectures.

Many sequence aligners have been studied on multicore system,
uch as Blast [10] , Bowtie [11] , SOAP2 [12] and BWA [13] , but few

orks have been applied to Intel Xeon Phi manycore systems or

ther heterogeneous systems. 

Several researchers have studied the problem of read alignment

n multicore architectures with shared memory. Zhang et al. [14] il-

ustrated that sequence alignment is memory-sensitive and tried

o optimize the usage of BWT index by decreasing their irregu-

ar memory accesses. Kathiresan et al. [15] presented several par-

llelization strategies, including memory cache improvements, that

ould be useful on multicore system. Macedo et al. [16] introduced

 hybrid programming schema using OpenMP and MPI to facilitate

ultiple sequence alignment application on heterogeneous multi-

ore clusters, but they do not explore their approach to sequence

lignment in manycore architectures. Olivier et al. [17] compared

ifferent task scheduling algorithms on multicore systems to eval-

ate their impact in overall performance. Lenis et al. [18] inves-

igated memory interleaving and data parallelization strategies for

UMA multicore systems. Chen et al. [19] studied an offloading ac-

eleration scheme applied to BWA aligner in FPGA architectures.

outgast et al. [20,21] made an effort to adopt alignment appli-

ations on GPU- and FPGA-based architectures. Several proposals

f alignment performance improvement on FPGA are discussed in

22] . Additionally, many papers [23] studied sequence alignment

mprovements on manycore architecture based on GPUs. 

Particular proposals applied to BWA have also been produced

n recent years. Many of them describe different approaches to

mprove the performance of BWA aligner on some particular ar-

hitecture. Zhang et al. [14] found aligner BWA is a memory-

ensitive application by optimizing cache mechanisms on multi-

ore architectures. Houtgast et al. [24] accelerated BWA by offload-

ng some highly parallel kernels on a GPU system. Houtgast et al.

25] utilized a simple adaptive load balance algorithm on GPUs and

chieved a considerable performance improvement. Other existing

pproaches are using Hadoop technology, such as BigBWA [26] that

chieved a significant improvement of performance on multiple

odes. Or SparkBWA [27] that tried to use another big data tech-

ology, Spark, to boost BWA aligner. MICA [28] explored the extra

arallelism available in each Xeon-Phi core. Cui et al. [6] proposed

BWA which works on Xeon-Phi systems using the offload mode.

BWA utilizes a multi-level parallelization strategy that includes

ata IO parallelization and a parallel pipeline in reads alignment.

ian et al. [29] presented several practical SIMD vectorization tech-

iques on Xeon-Phi architectures. However, such SIMD techniques

equire complex code rewriting in order to incorporate them with

he existing genome aligners. Memeti et al. [30] and Wang et al.

31] provided solutions for large scale DNA analysis which exploits

hread affinity level and SIMD techniques in the Xeon Phi, but their

olution does not deal with data parallelism among threads or in-

tances. pBWA [32] is an efficient parallel version of BWA based

n the Open MPI library. It not only preserves the multi-thread

apability provided by BWA but also adds efficient parallelization

or core alignment functions on the heterogeneous cluster. Unfor-

unately, it uses Pthread library and cannot be evaluated for a large

umber of instances of pBWA on the Xeon Phi architecture due

o its memory limitations. Herzeel et al. [33] evaluated an Intel

ilk implementation of BWA on heterogeneous systems that cor-

ected data load imbalance produced by differences in data reads.

e compared this BWA Cilk version with the original BWA Pthread

ersion and an BWA OpenMP-based version proposed in our pre-

ious work [9] . 

. Multicore-manycore architectures 

Nowadays, systems based on NUMA (Non Uniform Memory Ac-

ess) architectures are the most used in the field of high perfor-

ance computing. These systems are often used in conjunction
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Fig. 1. Heterogeneous multicore-manycore architecture. 
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ith manycore accelerators that increase the number of cores

vailable in the system at a reasonable cost. In this section we

rovide a brief description of the basic architectures that we have

sed in our study, namely, multicore systems with NUMA nodes

nd manycore accelerators. 

Fig. 1 shows the main architectures of the systems used in this

ork. Two multicore systems are depicted at the left side and cen-

er of the figure (an AMD-Opteron based server and an Intel Xeon-

ased server). Intel Xeon Phi is at the right side. Our AMD Opteron

nd Intel Xeon systems have a NUMA node with different link lev-

ls across processors. 

AMD-Opteron and Intel Xeon systems have both a NUMA archi-

ecture with four independent sockets, each socket has a one or

wo multicore processors and each processor is attached to a local

emory bank. Each processor and its corresponding memory bank

s referred as a NUMA node. One of the most significant charac-

eristics of NUMA systems is that accesses from threads running

n local cores (located in the same NUMA node) have lower la-

ency than accesses that go to physical memory located in different

UMA nodes (as shown in Fig. 2 ). This asymmetry in memory ac-

esses involves additional complexity when executing parallel ap-

lications because access to remote banks increases the execution

ime and, in the case of genome alignment, introduces also con-

estion problems. 

Intel Xeon Phi accelerator (seen at right side of Fig. 1 ) has a

i-ring architecture with 57 to 61 cores inside. Each core in the

eon Phi has a SPU, a VPU with 512-bit SIMD capability, and a pri-

ate 512KB L2 cache that is maintained fully coherent by a global-

istributed tag directory (TD) [34] , which forms a unified shared L2

ache of 30.5MB. Xeon Phi can achieve 1 TFlops in double precision

r 2 TFlops in single precision. In addition, memory bandwidth can

each 352GB per second theoretically thanks to 16 memory chan-

els. The memory controllers (GDDR MC) and the PCIe Client Logic

rovide a direct interface to the GDDR5 memory and the PCI ex-

ress bus, respectively. 
Fig. 2. NUMA memory architecture. 
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The Intel Xeon Phi has an × 86 architecture that allows three

xecution modes. An application can be executed in three different

ays when submitted to a Xeon Phi system [35] : 

• Native mode: the application is executed on each compo-

nent (processor or accelerator) independently. 
• Symmetric mode: the accelerator is seen as a regular node

in the system and the application is executed on all compo-

nents (main processor and an accelerator). 
• Offload mode: the application is executed on the main pro-

cessor but selected highly parallel sections pass to the accel-

erator. 

. Genome aligner: BWA 

Genome read aligners provide the relative position of short

eads within a reference genome. Despite the particular differences

f each aligner, they all share a similar mode of operation that can

e summarized as follows: 

1. There is a set of reads that can be mapped to the reference

genome independently. 

2. There is a reference genome data structure (genome index)

that is read-only data and is used to map each individual

read. 

3. The results consist in populating a shared data structure that

would be written on an output file at the end of the align-

ment. 

Read aligners need to construct an index for short reads or for

enome reference or for both. Depending on the index construc-

ion, read aligners can be classified into three groups [23] : hash

able-based, FM-index based and merge sorting based. The former

wo groups contain the majority of aligners used by the scientific

ommunity. BLAST, MAQ, SOAP and ZOOM are examples of hash

able-based aligners. Their main drawback is the large memory

onsumption required for the index. In contrast, the memory re-

uirements of aligners based on the FM-index mechanism are sig-

ificantly lower, which explains their increasing popularity. 

We focus our study on BWA, written by Li [7] , which is one

f the most popular sequence alignment tools from the FM-index

ased family. BWA consists of three algorithms, BWA-backtrack,

WA-SW and BWA-MEM. Our study focuses on BWA-backtrack

hat has already been used by other works in the literature, such

s mBWA [6] , pBWA [32] and BMIC [36] . Thus, we will try to pro-

ide a view as complete as possible of the performance that each

f the different strategies can obtain when applied to the same ba-

ic application. 

BWA creates the index of genome reference beforehand. Later,

hort read data is processed using fixed sized chunks, in a round-
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Fig. 3. Scalability on 2-socket 2-NUMA 24-thread system. 

Fig. 4. Scalability on 4-socket 4-NUMA 64-thread system. 
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Fig. 5. Sequence alignment procedure. 
robin pattern among threads. Each thread in BWA processes one

chunk of data, 256 K by default, that is independently mapped to

the genome reference. Like many other aligners, BWA has multi-

threading capability (using the Pthread library) to solve read map-

ping operations in parallel since there is no data dependency in

this action. The addition of multi-threading to an aligner does not

guarantee that processing resources are used efficiently. In fact, it

is quite common to observe that efficiency decreases when the

thread count grows large enough [8] . 

This phenomenon is shown in Figs. 3 and 4 . These figures illus-

trate the results obtained by three sequence aligners (BWA, SOAP2

and BOWTIE2) that are all FM-index-based application when map-

ping two large short read genome examples of 17.6GB against hu-

man genome. Each figure illustrates the results obtained when

aligners are executed on two different servers. Both servers are

based on NUMA architecture but they differ in the total number

of processors, cores and NUMA nodes available. The first system

( Fig. 3 ) has 2-sockets with 2-NUMA Intel Xeon CPU with 12 cores

each). Twenty-four threads can be executed simultaneously using

Hyper Thread technology. The second system ( Fig. 4 ) is a 4-socket

4-NUMA Intel Xeon CPU. Each socket contains 8-core processor, so

the total number of cores is 32 and 64 threads can be executed si-

multaneously. In both cases, each socket is connected to a memory

bank, which constitutes a NUMA node. NUMA nodes are connected

by QuickPath Interconnect link. 

The performance degradation experimented by all three strate-

gies can be observed in Fig. 3 as the parallelization degree in-

creases. Execution times are reduced until half of the available

cores in each architecture are used. From that point, the execu-

tion times hardly improve or even get worse slightly. This abnor-

mal phenomena in performance appears when memory becomes

the application bottleneck and it could be explained as follows, 1)

the increasing number of accesses to remote memory bancks in
he system and, 2) the memory congestion exhibited by the bank

here the reference genome is allocated. 

Moreover, the library and the organization used to handle ap-

lication threads can cause certain variations in the execution

imes obtained. In our paper [9] , it was observed that the par-

llelization using Pthread, OpenMP and Cilk presented noticeable

ifferences in performance, with OpenMP and Cilk being the best

lternatives to Pthread, which was the library originally used in

WA. Besides the thread library, the main performance problems

n genome read aligners arise from the use of memory in NUMA

ystems. Memory allocation is done according to a first-touch pol-

cy and this means that the genome reference index is allocated in

 single bank, that will become a bottleneck when multiple threads

ry to access it [18] . 

. Strategies based on data parallelization and replication 

The scalability problems of BWA are mainly due to the con-

ention generated by the need for multiple threads to access the

ame memory bank where the reference genome is located. To

itigate this problem we propose a series of alternatives based

n a basic common scheme. In this scheme, there is a first level

f parallelism based on groups of threads that handle groups of

eads. On the other hand, the reference genome will be replicated

n different instances, each of which will be accessible by different

hread groups. The number of groups of threads and the number of

eplicas of the reference genome can vary and can be organized in

ifferent ways. The final objective is to analyze which variant ob-

ains the best results in multicore or manycore architectures. In the

anycore systems we are interested in finding strategies that are

fficient using all the resources of the system (that is, executing

n symmetric mode). And we are also interested in solutions for

anycore systems that can be easily transferred to multicore sys-

ems composed of servers with different characteristics in terms of

erformance. The variants that have been implemented and tested

re the ones described below. 

.1. Data management on homogeneous architectures: DP, DR and 

PR strategies 

We are exploring data management that involves both paral-

elism and replication. As shown in Fig. 5 , two datasets are in-

olved in the alignment process. N corresponds to the set of all

hort reads, and n is the number of read subsets in which N is di-

ided. M represents the reference genome, and m is the total num-

er of replicas made of such genome. Therefore, read subsets are

eferred as N1 , .., Ni, . . . , Nn and reference replicas are referred as

 1 , ..M j, . . . M m according to Fig. 5 . 
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Fig. 6. Implementation of DP, DR and DPR. 
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Although the reference genome could also be divided, and thus

ncreasing the degree of parallelism available in the application

nd reducing memory consumption, this approach has been dis-

arded in our study for three main reasons. First, the index of each

art of the reference genome would have to be reconstructed at

un-time, increasing the total execution time (in the traditional ap-

roach, the index is built only once offline and that index is used

n all the executions of the aligner). Second, the final results of

ach subset (or blocks) have to be recombined to be assigned the

orrect position within the whole reference genome. Finally, a cer-

ain loss of precision in the final results is experienced due to reads

hat might map in the cuts between successive blocks of the refer-

nce genome. 

In our approach, BWA is organized as a set of thread groups

 Ng ) that are responsible for mapping some reads. In practice, a

hread group represents a group of threads in OpenMP or a pro-

ess in MPI, as shown in Fig. 6 . Each thread group is executed

sing a different number of threads depending on the hardware

ores available in the system. One thread group in the alignment

s logically organized as a collection of threads that work on in-

ependent datasets of short reads and share the genome index

mong all the threads. For a total number of potential threads Nt

nd a number of thread groups Ng , each thread group consists of

t / Ng threads. For example, Nt is 24 and 240 in the cases of In-

el Xeon and Xeon Phi, respectively. When applying two thread

roups ( Ng = 2 ), 12(24/2) and 120(240/2) threads are included in

ach thread group on the Intel Xeon and on the Xeon Phi, respec-

ively. 

The process of alignment has three main phases: 

1. Loading the index for the genome reference Mj ; the time of

this phase is T (M j) = T (M) ; 

2. Mapping short read subset Ni to genome reference Mj , which

achieves mapping sub-result Ri j = M ap(Ni, M j) ; the time of

this step is T ( Rij ); 
3. Collecting all alignment sub-results and merging them into

final output R = 

∑ 

Ri j; the time of this step time is T ( R ); 

Total execution time is T = T (M) + T (R ) + 

∑ i = n, j= m 

i =1 , j=1 
T (Ri j) . Ac-

ually, the mapping consumes most of the execution time because

oading the index and collecting subresults mainly involve linear

perations of reading and writing files. Hence, we can simplify the

xpression to T = 

∑ i = n, j= m 

i =1 , j=1 
T (Ri j) , being this stage the one that

an benefit from parallelization. 

There are different variations that can be applied to the values

or n and m . 

1. Original execution: n = 1 , m = 1 . 

This case corresponds to the original structure of BWA. As

shown in Fig. 6 a, multiple OpenMP threads are processing

all short reads using a single reference genome. 

2. DP strategy: n > 1 , m = 1 . 

In this case (see Fig. 6 b), short reads are evenly divided into

to n parts based on the number of thread groups that are

used ( Ng ), and a single copy of the reference genome is

used by all thread groups. We refer to this strategy as data

parallelization (DP). Alignment process runs in every thread

group with the shared genome index and its relative subset

of short read. Subset results are finally gathered and merged

from all thread groups. 

3. DR strategy: n = 1 , m > 1 . 

In this case, the reference genome is replicated m times,

while short reads are shared among all thread groups. We

refer to this strategy as data replication (DR). As shown in

Fig. 6 c, the reference genome is replicated for every thread

group in memory. The alignment process in each thread

group accesses to the shared set of short reads. Finally, the

results are merged as in the previous case. 

4. DPR strategy: n > 1, m > 1. 

In this case, both short reads and reference genome have

several parts or copies (the set of reads is divided in n parts
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Fig. 7. MDPR strategy. 
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and reference genome is replicated m times, being n and m

the same value). As shown in Fig. 6 d, each group of threads

has one reference genome replica and short read dataset is

evenly divided into as many parts as thread groups. This

strategy is referred as DPR as it combines the previous two

strategies. 

5.2. Data management on heterogeneous architecture: MDPR strategy

The strategies described above can be applied in homogeneous

multicore systems with shared memory. In the case of systems

based on accelerators (executing in symmetric mode) or in the

case of independent multicore systems, we propose a new strat-

egy that generalizes DPR. It is referred as MDPR (Multi-level Data

Parallelization and Replication) and is illustrated in Fig. 7 . The de-

sign of MDPR involves several challenges related to the use of an

environment based on heterogeneous and distributed computing

resources. 

On the one hand, a work distribution mechanism must be es-

tablished using message passing primitives that do not introduce

excessive overhead in terms of communication and synchroniza-

tion. MDPR minimizes communication and synchronization needs

because there is no central process in charge of reading and dis-

tributing the input data, and collecting output results. Each par-

ticipant process in the computation reads its data directly and

only needs to be informed of the file positions where this data

is located. Additionally, results are produced independently by

each process and they are finally combined by the central process

through a simple append operation. 

On the other hand, the configuration of the application and the

distribution of the work must be done in such a way that a simi-

lar execution time is guaranteed in each of the nodes that make

up the system. MDPR has been designed in such a way that it

can be dynamically configured according to the characteristics of

the NUMA architecture (adjusting the number of instances used)

and incorporates data distribution mechanisms (both static and dy-

namic) that allow the distribution of data in an unbalanced way in

order to adapt the whole application to the relative performance

exhibited by each node of the system. These mechanisms and their

subsequent evaluation are described below. 
The short read dataset ( S ) is partitioned into several subsets:

ne subset for each node in the system ( Fig. 7 shows the case of

wo nodes: node X( S ′ ) and node Y( S ′′ )). We have several thread

roups or instances in node X (denoted as S ′ 1 , . . . , S ′ i, . . . , S ′ x,

 < = i < = x ) and several thread groups in node Y (denoted as

 

′′ 1 , . . . , S ′′ j, . . . , S ′′ y, 1 < = j < = y ). Thread groups are generated by

aking into account the memory requirements of the aligner (in

articular, the size of the reference genome) and the amount of

vailable space on the memory banks in each system. Reference

enome replicas are denoted as R ′ 1 , . . . , R ′ x, and R ′′ 1 , . . . , R ′′ y . Each

WA instance executes several threads to align short reads as-

igned to it. It is worth mentioning that the number of instances

n a heterogeneous architecture does not require to be identical. In

act, in the experimental part we will show results obtained with

arious combinations that we tested. 

It is important to note that the division of the data set between

ll the nodes of the system does not imply a significant increase

n communications because each group of threads is only provided

ith the appropriate pointers to the file where all the reads are

ocated. That is, the distribution of data is not done by a master

rocess that reads the data file and distributes the blocks to the

ther processes by using message passing mechanisms. In our case,

he master process only communicates the start and end points

f each block to each process; afterwards, each process will read

irectly that part of the file that is accessible through the shared

le system that is attached to all the computing nodes (Lustre, in

ur case). 

According to this schema, the best performance should be ob-

ained if all thread groups consume a similar time. However, the

eterogeneity of the whole system may lead to different execution

imes if short reads are distributed evenly. This load imbalance sit-

ation can be ameliorated by partitioning the short read dataset

n an uneven way. This partitioning can be done in different ways

nd we have evaluated three possibilities: a static distribution that

ivides the dataset off-line and two dynamic distribution mecha-

isms that divide the dataset at run-time. Details of each mecha-

ism follows: 

1. Static distribution. 

In this mode, size of datasets S ′ and S ′′ are computed be-

forehand and the initial dataset of short read is divided stat-

ically at the start of execution. Each node reads then its
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Fig. 8. Data distribution mechanisms. 
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block at the beginning without the need to perform new

distribution operations later. The ratio between S ′ and S ′′ is

computed according to the relative performance achieved by

the best result achieved by DPR in each architecture. For in-

stance, in the case of two nodes (X and Y), for a certain

number of instances on the node X and on the node Y ( x

and y instances, respectively), the time-cost Tx and Ty are

measured. Then the Ty / Tx ratio between node X and node

Y is used to divide the input data S . Namely, the ratio be-

tween S ′ and S ′′ is computed according to the relative per-

formance achieved in each node. Hence, for the node X we

have size (S ′ ) = size (S) ∗ T y/ (T x + T y ) and for the node Y we

have size (S ′′ ) = size (S) ∗ T x/ (T x + T y ) . Obviously, this static

distributions does not introduce any overhead at run-time

but it requires the previous execution of several examples

that to calculate the relative performance of each node of

the system. This mechanism is illustrated at the upper part

of Fig. 8 . 

2. Even distribution. 

In this case, all instances of MDPR receive a block of data

of the same size. If the total number of instances is ( x + y )

and the total size of the dataset ( S ) is size ( S ), each instance
Table 1 

Experiment dataset. 

Name Data set Data size 

Short Read SRR766060(SRR) 17.4GB 

– YH110112(YH) 4.4GB 

Genome Reference HS37D5 3GB 

Table 2 

Experiment system. 

System Hostname Type Pro

S1 Sandman Intel Xeon E5 2620 2 

Sandman-Xeon Phi Intel Xeon Phi 7120 1 

S2 Penguin Intel Xeon E5 4620 4 

Batman AMD Opteron Processor 6376 4 

S3 AMD + Intel AMD Opteron + Intel Xeon 17 
Read length Read number –

100 34.2 M Paired-end 

100 14.8 M Segment 

– – Human Genome 

cessor NUMA Core Thread Memory Data Width 

2 12 24 64GB 64bits 

1 60 240 16GB 512bits 

4 32 64 128GB 64bits 

8 32 64 128GB 64bits 

25 126 252 576GB 64bits 

process a block of size ( size (S) / (x + y ) ). The ratio between

node X and node Y could set up as x / y . In node X we

have size (S ′ ) = size (S) ∗ x/ (x + y ) , and in node Y we have

size (S ′′ ) = size (S) ∗ y/ (x + y ) . Similarly to what happens in

the static distribution case, the original dataset is divided at

the beginning of the execution and no significant overhead

is introduced. However, this scheme does not lead in general

to a good load balance if relative performance of nodes is

significantly different. As shown in the central part of Fig. 8 ,

master instance generates equal size divisions of the original

dataset and each instance (slave) will process it. 

3. Round-robin distribution. 

This distribution mechanism implies that a master instance

distributes chunks of reads to slave instances when they

have finished previous chunks. This mechanism should guar-

antee a better load balance than the previous one at the ex-

pense of a larger overhead at run time. Originally, each BWA

thread processes a set of reads of the same size (256 K, by

default). That size has shown a good trade-off between the

computation time for mapping all reads in the set and the

I/O time consumed with that set. In our implementation,

this set size has been maintained and, therefore, chunck

size is calculated by multiplying 256 K by the number of

threads that are executed in each instance. For instance, if

we execute BWA aligner in a system that has 64 available

threads, chunk size should be at least 16 M (256 K 

∗64) if

one instance is applied or 8 M (256 K 

∗32) if two instances

are applied. This mechanism is illustrated at bottom part in

Fig. 8 , where chunks of short read are distributed following

a round-robin way. An instance receives a new chunck when

it has completed the previous one. As mentioned previously,

chunk distribution simply implies the communication of the

start and end points of the corresponding chunk. 

. Experimental environment 

To evaluate the different versions of BWA that have been de-

cribed in this article and compare them with other versions pro-

osed in the literature, we have used two datasets and three dif-

erent architectures. Below we show the details of these data sets

nd these architectures. 

Table 1 shows the sample datasets we used in our experiments

SRR76 60 60 and YH110112). The first one was obtained from the

0 0 0 Genomes Project [37] and the second one corresponds to a

enome sequence of a Han Chinese individual [38] . HS37D5 corre-

ponds to the human reference genome. 

Table 2 summarizes the main characteristics of the three sys-

ems used in our experiments (referred as S1, S2 and S3). Sandman

nd Sandman-Xeon Phi (S1) constitutes an heterogeneous system
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Table 3 

BWA aligners on basic execution modes. 

Architecture Native mode Symmetric mode Offload mode 

Xeon BWA-Xeon sBWA 

Xeon Phi BWA-Xeon Phi mBWA 
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made of 2 Intel Xeon E5-2620 processors and one Intel Xeon Phi

7120 accelerator. Sandman has 2 processors, 2-NUMA nodes (with

32GB of memory in each node), 12 cores and 24 available threads

with hyper threading enabled. Sandman-Xeon Phi consists of 60

cores, 240 available threads and 16GB memory on card. Each core

runs at 1333 Mhz and can process 4 hardware threads. The second

system S2 that we used in our experiments consists of two multi-

core servers: Penguin (equipped with Intel processors) and Batman

(equipped with AMD processors). Penguin has 4 Xeon processors,

4-NUMA nodes, 32 cores, 64 threads and 32GB memory size per

processor, and Batman has 4 sockets (with 2 processors per socket

which implies a total of 8-NUMA nodes). Furthermore, a large-

scale system (S3) that was used in MDPR experiments consisting

of 6 nodes (combining AMD Opteron and Intel Xeon processors),

with a total of 126 physical cores and the capability of executing

252 threads. The architectures of these systems are illustrated in

Fig. 1 . 

All experiments were executed using Intel Parallel Studio XE.

And a minimum of 6 executions of each independent case with

the same environment and configuration were carried out for the

purpose of getting mean values with high confidence intervals. 

7. Experimental results and evaluation 

In this section we show several experiments comparing differ-

ent versions of BWA in order to find the one that provides better

performance. The first set of experiment shows a comparison be-

tween the basic mode of BWA (native mode) and strategies from

the literature that run in offload mode and in symmetric mode

on Xeon Phi systems. The next experiments analyze the behavior

of the strategies based on data parallelization or data replication

described in Section 5.1 . Finally, experiments carried out with the

MDPR strategy are shown to evaluate the performance of the three

mechanisms of data distribution both on our manycore system and

on our multicore systems. 

7.1. Evaluation of parallelism on basic execution modes 

These experiments evaluate the scalability of three basic ex-

ecution modes of BWA according to the description provided in

Section 3 (i.e., native, offload and symmetric modes). We ran the

applications on our manycore system (Sandman and Sandman-

Xeon Phi, as described in Table 2 ) and we used two datasets. We

tested the BWA versions shown in Table 3 . BWA-Xeon and BWA-

Xeon Phi correspond to the original version of BWA running in na-

tive mode either in the Xeon part of the system or in the Xeon

Phi part of the system. sBWA is a straightforward implementation
Fig. 9. Scalability of BWA aligners (Identical color in
f BWA running in symmetric mode with two instances of BWA

ligner (one in Xeon and one in Xeon Phi) connected by MPI ser-

ices. Finally, mBWA [6] , runs BWA in an offload mode. It starts in

he Xeon part and the main time consuming parts are off-loaded to

he Xeon Phi part. Fig. 9 shows average execution times obtained

y each strategy for each dataset. The longer column in one color

epresents the results from dataset YH, while the shorter column

n the same color stands for the results from dataset SRR. 

Maximal parallelism in our system is 24 threads in Xeon

Sandman) and 240 threads in Xeon Phi (Sandman-Xeon Phi).

ence, BWA-Xeon case illustrates scalability of 6, 12, 18 and 24

hreads. BWA-Xeon Phi and mBWA cases use 60, 120, 180 and 240

hreads. Execution of sBWA was done with the following number

f threads: 6 (on the Xeon) and 60 (on the Xeon Phi), 12 and

20, 18 and 180, and 24 and 240, respectively. All strategies show

 similar tendency in each dataset. Despite the high number of

hreads used, BWA-Xeon Phi exhibits the worst execution times,

ith sBWA being the best performing version. sBWA always out-

erforms native and offload cases. But, although sBWA simultane-

usly takes advantage of available cores both on the Xeon and on

he Xeon Phi, the performance improvement is not linear with the

umber of threads. 

These results can be explained because sequence alignment has

arge data I/O operations and is very sensitive to the time costs of

uch operations. Reading the reference genome and the datasets,

nd writing the final mappings are more expensive in terms of ex-

cution time in the Xeon Phi than in the Xeon. In the case of of-

oad mode, mBWA performs main data I/O operation in the Xeon

art instead of in the Xeon Phi part, and offloads highly parallel

oops into the Xeon Phi part. Thus when comparing the perfor-

ance of the same amount of threads in mBWA with that of BWA-

eon Phi, mBWA spends approximately two thirds of the execution

ime spent by the BWA-Xeon Phi. The same situation occurs with

WA-Xeon and BWA-Xeon Phi, the former case reaches better per-

ormance than the latter one, despite a lower amount of threads

pplied in BWA-Xeon. In the case of sBWA, the asymmetric distri-

ution of initial data compensates the loss in performance incurred

y data I/O operations on the Xeon Phi. 

Fig. 9 also illustrates another problem that affects all four align-

rs: scalability does not improve significantly as a growing number
 short column: SRR and in long column: YH). 
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Fig. 10. Scalability comparison on Sandman. 

Fig. 11. Scalability comparison on Sandman-Xeon Phi. 
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f threads is used. As mentioned in Section 4 , BWA uses a shared

ata structure containing the reference genome. This data struc-

ure is loaded at one particular memory bank of the system by

he master thread. Thus this memory bank turns into a congestion

ottleneck of performance as the number of threads grows. This

emory bank needs to support more concurrent accesses coming

rom different threads to populate the corresponding caches. 

.2. Evaluation of data parallelism strategies 

In this subsection, we show the results obtained in the evalua-

ion of the three different data parallelism strategies described in

ection 5.1 . All strategies were executed in system S1. 

.2.1. Scalability of DP, DR and DPR 

We set up two thread groups for execution in the strategy of

P, DR and DPR, namely n = 2 in DP, m = 2 in DR and n = m = 2

n DPR. Figs. 10 and 11 show relative speedups on Intel Xeon and

eon Phi, respectively. The speed-up is calculated under dataset

RR using as a baseline case the execution time of original BWA

ith one thread running on Sandman. 

In general, the three strategies have a consistent behavior in

ll cases and it can be concluded that DPR obtains the best per-

ormance, followed by DP and DR. Results in the Xeon exceed by

 factor of 10 approximately those obtained in the Xeon Phi. The

verhead of I/O explains part of these lack of performance, as it

as mentioned in the previous section. This loss in performance is

lso explained because BWA does not take advantage of the 512-bit

IMD units available in the Xeon Phi. On the other hand, the effect

f memory contention is attenuated thanks to the use of replicas

f the reference genome. This effect is greater in the case of the

eon system because it has two clearly separated NUMA nodes.

n the case of Xeon Phi, the use of replicas allows increasing the

umber of concurrent accesses. But in this case, the improvement
s not so significant because there are no clearly-separated NUMA

odes and the performance is improved until a point is reached

here the ring connecting all the memory banks is saturated. 

.2.2. Analysis of thread groups and data replicas in DP, DR and DPR 

One of the factors associated with the design of the DP, DR and

PR strategies is the number of thread groups or the number of

eplicas used by them. With the experiments shown in this subsec-

ion we want to answer questions like what is the ideal number of

roups or replicas that should be used in a particular architecture?

r can we use any practical rule that can be applied to deduce such

umber? 

We executed DP, DR and DPR varying the number of thread

roups and replicas that were used ( x and y ). In all cases, we used

he maximal number of available cores. This means that 24 and

40 threads were used in all the cases on the Xeon part (Sand-

an) and on the Xeon Phi part (Sandman-Xeon Phi), respectively.

he number of OpenMP threads used at each instance ( tx and ty )

n the Xeon and Xeon Phi are tx = 24 /x and ty = 240 /y . For in-

tance, if 2 thread groups are applied at the whole system, each

eon thread group utilizes 12 OpenMP threads and each Xeon Phi

hread group utilizes 120 OpenMP threads. Thus, the number of

hread groups 2, 3, 4, 6 and 12, could stand for the number of

penMP threads 12, 8, 6, 4 and 2 in each thread group in Fig. 12

nd 120, 80, 60, 40 and 20 in each thread group in Fig. 13 . For

R and DPR, the number of thread groups is limited by memory

onsumption of each group. Basically, one thread group of BWA

ligner consumes about 5GB memory, which is mainly required to

tore the human genome sequence reference (4.4GB). According to

he memory size available on the Xeon part (64GB) and on the

eon Phi part (16GB), 12 and 3 should be the maximum number

f thread groups that can be launched at each part. We tested DP,

R and DPR using thread groups of 2, 3, 4, 6 and 12 thread groups

n both systems, but in the cases of DPR-BWA and DR-BWA only 3
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Fig. 12. Performance comparison on Sandman. 

Fig. 13. Performance comparison on Sandman-Xeon Phi. 

Fig. 14. BWA memory access. 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 15. DPR-BWA memory access. 
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thread groups were applied in the experiment of Xeon Phi due to

the memory limitations. 

Results are shown in Figs. 12 and 13 . It can be observed that

the best performance is achieved when a small number of groups

are used (2 or 3). Beyond these values, adding more groups wors-

ens performance. These results seem coherent if we take into ac-

count the number of NUMA nodes in the system (2 in the case of

Sandman and 1 in the case of Sandman Phi). Having more repli-

cas helps distribute traffic between different memory banks and

prevents a single bank from becoming congested. However, adding

more replicas increases the overhead and reduces the performance

of the cache because there is more competition between different

groups of threads without increasing the transference capacity of
ach memory bank. Threads that belong to each group also take

dvantage of those cache entries that contain the index positions

hich are read in the first stages of the alignment. By increasing

he number of thread groups, the usage of index entries in the

ache memory gets worse and there is an increasing number of

ache misses that does not compensate for the reduction of mem-

ry congestion. 

The performance improvements observed in these experiments

re based on the idea that each group of threads will make ac-

esses to the memory node of its NUMA domain, thus taking ad-

antage of the greatest available bandwidth. Using the NUMATOP

ool, we obtained measurements on the distribution of memory ac-

esses between the different memory nodes. Figs. 14 and 15 show
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run-time. 
he behavior of the original version of BWA and our DPR strategy

hen they were executed in Sandman, a system that has 2 NUMA

odes formed by a processor and a memory bank. The two figures

how, on the one hand, the proportion of local memory accesses

LMA) and the speedup of the application compared to the sequen-

ial execution. As can be seen in Fig. 14 , BWA exhibits a proportion

f local memory access greater than 80% if it is executed in a sin-

le processor (12 threads). 

When increasing the parallelism, the additional threads are ex-

cuted in the second processor and all of them will generate re-

ote accesses of memory because they have to access the node

here the reference index is located. The LMA index decreases to

ust over 40%. As a result, remote accesses have a negative effect on

he execution time of the application because latency is higher for

emote accesses and they increase congestion in the node where

he index is located. This negative impact on the execution time

xplains that when doubling from 12 to 24 threads the speed-up

nly improves by a factor of just over 2. 

On the contrary, the use of instances (as shown in Fig. 15 ) in

PR always maintains a proportion of local accesses above 80% al-

hough the number of instances used is increased. There is no neg-

tive impact on memory access times nor does congestion occur.

nyway, as we saw earlier, the best speedup (factor 12, approxi-

ately) is obtained when the number of instances is low (2 or 4,

hich means one or two instances executed in each NUMA node).

f the number of instances is too high (6 or more) the groups of

hreads compete and interfere with the use of the cache memory

ithout improving the access times to the main memory. 

.2.3. Performance evaluation of MDPR 

This last set of experiments analyzes the performance of the

DPR strategy, evaluating the three data distribution policies de-

cribed in Section 5.2 . 

MDPR-BWA allows the execution of BWA aligner in the sym-

etric mode and it can also be used on distributed memory sys-

ems. The best execution time should be achieved if reads are dis-

ributed so that all the threads finish at the same time. The distri-

ution of reads can be done in different ways taking into account

hat there is a trade-off between the overhead incurred and the

oad balance that can be achieved. In our case, we have evaluated

 static mechanism that requires some benchmarking executions

eforehand but does not incur any overhead at run time. We have

lso tested two dynamic methods (even distribution and round-

obin), which incur in more overhead in execution time but do not

equire any prior benchmarking. 

In these experiments, we used the same datasets used in previ-

us experiments (SRR + YH) and three different heterogeneous sys-

ems. The first one (referred as S1) is the one equipped with an

ntel Xeon and Xeon Phi (Sandman and Sandman-Xeon Phi used in
Fig. 16. MDPR comparison on 
revious sections). The second one (referred as S2) is made of an

ntel-based server and an AMD-based server. Furthermore, we also

ested MDPR in a large system (S3) that comprises 6 nodes (made

f Intel Xeon and AMD Opteron processors), 17 sockets, 25 NUMA

omains, capable of running 252 threads. 

According to the results obtained in the evaluation of DPR with

ifferent number of replicas the following configurations of MDPR

ere tested in S1: 1 + 1(2), 2 + 1(3), 2 + 2(4), 2 + 3(5) and 4 + 2(6).

he first value corresponds to the number of replicas in the Xeon

art and the second value corresponds to the number of replicas

n the Xeon Phi. System S2 has 4 + 4 sockets and 4 + 8 NUMA do-

ains, while system S3 has a total of 17 sockets and 25 NUMA do-

ains. Thus, the configurations evaluated in S2 are 1 + 1(2), 2 + 2(4),

 + 4(8) and 4 + 8(12); in S3 the configurations were 6, 9, 17 and 25.

ll available hardware threads were used in all cases of MDPR ex-

eriments (i.e., Intel Xeon and Xeon Phi could use 24 threads plus

40 threads, the S2 system could support 64 threads each, and S3

ould provide 252 threads). 

As shown in Figs. 16–18 , the static distribution of MDPR

chieves the best execution times in all cases. The even distribu-

ion is the worst strategy since it only makes an initial distribution

f the data without subsequent corrections according the relative

erformance of the nodes. As an intermediate strategy, the round-

obin method obtains results close to the static one without the

eed for preliminary setup computations. On the other hand, if we

nalyze the number of replicas used, it is observed that the best

esults are obtained when the number of replicas is adjusted to

he number of NUMA domains available in the system. This be-

avior has already been observed in the DPR experiments on the

anycore system and is confirmed in the execution of MDPR in

ystems S2 and S3. 

The results also show that, although the even distribution is

he one that achieves worst results in all scenarios, this phe-

omenon is more significant when applied in heterogeneous sys-

ems where the differences in performance between its compo-

ents is very significant. In our case, this is observed in the S1

ystem, where the Xeon Phi part is significantly slower than the

eon part (as seen in previous experiments). Therefore, when the

ame amount of data is distributed to each instance, the execu-

ion in the instances running in the slowest component will de-

ermine the overall execution time. As the degree of heterogene-

ty decreases and the number of instances increases, the perfor-

ance differences of both dynamic data distribution strategies are

lose to the performance of the static strategy. If we take into

ccount the cost incurred by the static strategy to compute the

elative performance of each computing node, the use of the dy-

amoc round-robin strategy constitutes a good trade-off between

he reduction in execution times and the overheads added at
Xeon and Xeon Phi(S1). 
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Fig. 17. MDPR comparison on Intel and AMD NUMA nodes(S2). 

Fig. 18. MDPR comparison on Intel and AMD NUMA nodes(S3). 
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8. Discussion and conclusion 

In this paper, we have evaluated different data parallelism

strategies to execute BWA aligner in heterogeneous architectures

made of multicore and/or manycore nodes. BWA has scalability

limitations when large numbers of threads are used. The use of

a shared reference genome generates problems of memory con-

tention that explain such scalability issues. 

We have analized several strategies in order to reduce the nega-

tive impact incurred by BWA due to memory contention. The basic

idea that inspires our strategies is to divide the application into

a series of groups (or instances) that will cooperate in the tasks

of read alignment; each group is formed by a certain number of

threads that will process each chunk of data in which the original

dataset is divided. In addition, the application can use data repli-

cation. In our case, this serves to replicate the reference genome in

each group or instance. The strategy that incorporates all these ele-

ments is the one that we referred as MDPR and is the one that has

obtained the best results, in general. MDPR can be used in any het-

erogeneous systems based on manycore and/or multicore nodes. 

From our experiments, we have observed that the best MDPR

results are obtained when the number of instances is equal to

the number of NUMA domains of the underlying architecture. In

this way, the structure of the application is being adjusted to the

characteristics of the different nodes that build the whole system:

there are as many groups as there are NUMA domains and each

group executes with as many threads as cores the processor of that

domain has. 

In our study we have also analyzed three strategies to perform

the distribution of data among the different groups that are cre-

ated in MDPR. The best execution times were obtained by the
tatic strategy that initially distributes the entire data set taking

nto account the performance of each node of the system, which

ere previously evaluated through a benchmarking process. How-

ver, we believe that the use of a dynamic strategy that distributes

ata chunks in a round-robind fashion is the best practical alterna-

ive because the loss of performance is not significant and its use

oes not require the need to perform any previous benchmarking

f nodes. 

First, we evaluate different versions of BWA that run on many-

ore systems in native mode, offload mode and symmetric mode.

econd, we analyze different versions of BWA that using different

trategies to parallelize the distribution of short reads or to repli-

ate the reference genome. 

Tables 4–7 summarize the best results achieved in all our ex-

eriments by each BWA-based aligner presented in this paper

hen they were executed with the maximum number of resources.

ach entry in the tables shows the aligner that was used, the sys-

em on which it was executed, the dataset, the average execution

ime that was obtained, the corresponding speed-up, the number

f groups or instances used and the total number of threads. The

peed up is obtained by comparison with the original implemen-

ation of BWA (BWA-Pthread) using one thread with SRR dataset

first entry in Table 4 ). 

Tables 4 and 5 show the results obtained by different BWA ver-

ions executed using a native o a offload method in the Xeon part

r in the Xeon-Phi part, respectively, of our S1 system. In both

ases we have also compared an official BWA implementation (re-

erred as BWA-ALN-Xeon-Phi) from Intel Corporation [39] . BWA-

LN-Xeon-Phi was tested in native mode ( Tables 4 and 5 ) and

t was also tested in symmetric mode in S1 cluster, as shown in

able 6 . 
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Table 4 

BWA performance summary on Intel Xeon. 

Aligner System Dataset Time-cost(s) Speed-up Group num Thread num 

BWA-Pthread S1-Xeon SRR 18,658 1X 1 1 

BWA-ALN-Xeon-Phi S1-Xeon SRR 1873 10X 1 24 

YH 2985 6.3X 1 24 

DP S1-Xeon SRR 1580 11.8X 2 24 

YH 2591 7.2X 2 24 

DR S1-Xeon SRR 1740 10.7X 2 24 

YH 2784 6.7X 2 24 

DPR S1-Xeon SRR 1392 13.4X 3 24 

YH 1777 10.5X 3 24 

Table 5 

BWA Performance Summary on Intel Xeon Phi. 

Aligner System Dataset Time-cost(s) Speed-up Group num Thread num 

BWA-ALN-Xeon-Phi S1-Xeon Phi SRR 2895 6.4X 1 240 

YH 4623 4X 1 240 

mBWA S1-Xeon Phi SRR 2427 7.7X 1 240 

YH 3817 4.9X 1 240 

DP S1-Xeon Phi SRR 2630 7.1X 3 240 

YH 3395 5.5X 3 240 

DR S1-Xeon Phi SRR 3347 5.6X 2 240 

YH 4118 4.5X 2 240 

DPR S1-Xeon Phi SRR 2555 7.3X 2 240 

YH 2955 6.3X 3 240 

Table 6 

BWA performance summary on S1. 

Aligner System Dataset Time-cost(s) Speed-up Group num Thread num 

BWA-ALN-Xeon-Phi S1 SRR 1156 16.1X 2(1 + 1) 24 + 240 

YH 1733 10.8X 2(1 + 1) 24 + 240 

sBWA S1 SRR 1301 14.3X 2(1 + 1) 24 + 240 

YH 2047 9.1X 2(1 + 1) 24 + 240 

MDPR-static S1 SRR 966 19.3X 5(2 + 3) 24 + 240 

YH 1477 12.6X 5(2 + 3) 24 + 240 

MDPR-even S1 SRR 1501 12.4X 5(2 + 3) 24 + 240 

YH 2443 7.6X 5(2 + 3) 24 + 240 

MDPR-roundrobin S1 SRR 1086 17.2X 5(2 + 3) 24 + 240 

YH 1584 11.8X 5(2 + 3) 24 + 240 

Table 7 

BWA performance summary on S2 and S3. 

Aligner System Dataset Time-cost(s) Speed-up Group num Thread num 

MDPR-static S2 SRR 204 91.5X 12(4 + 8) 64 + 64 

YH 385 48.5X 12(4 + 8) 64 + 64 

S3 SRR 109 171.2X 25 252 

YH 175 106.6X 25 252 

MDPR-even S2 SRR 260 71.8X 8(4 + 4) 64 + 64 

YH 535 34.9X 8(4 + 4) 64 + 64 

S3 SRR 167 111.7X 25 252 

YH 212 88X 17 252 

MDPR-roundrobin S2 SRR 245 76.2X 12(4 + 8) 64 + 64 

YH 411 45.4X 12(4 + 8) 64 + 64 

S3 SRR 145 128.7X 17 252 

YH 195 95.7X 17 252 
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As seen in Tables 4 and 5 , our strategy DPR that use data repli-

ation and data parallelization obtain better execution times in

eneral. DPR achieved a speed-up of 13.4 and 10.5 for SRR and YH,

espectively, in the Xeon case, and a speed-up of 7.3 and 6.3 in the

eon-Phi case. Only mBWA achieved a slightly better result in the

ase of SRR dataset with a seep-up of 7.7. 

Table 6 shows the best results obtained by the strategies run-

ing in symmetric mode on the entire S1 system. In this case, two

ersions of MDPR (with static distribution and with round-robin)

btain better results than the other two strategies that do not use

ata replication (BWA-ALN-Xeon-Phi) and sBWA. The best strategy

s MDPR-static with speed-ups of 19.3 and 12.6, respectively, while
DPR-roundrobin achieves values of 17.2 and 11.8. It is worth not-

ng that although our MDPR approach allows a significant improve-

ent of performance in manycore systems based on Intel Xeon

hi, the characteristics of this accelerator (limited I/O capacity and

ain memory interconnected by a ring bus) limit its potential per-

ormance in comparison with multicore systems with NUMA ar-

hitecture, if we take into account the total number of cores used.

peed-up values obtained at the S1 system are significantly lower

hat those obtained at S2 and S3 systems (see Table 7 ), but the to-

al number of cores in S1 was greater than that used in S2 and S3.

Finally, Table 7 shows the results of the different MDPR variants

hen running on larger systems formed by several heterogeneous
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multicore nodes. MDPR with static distribution achieves the best

results, followed by the round-robin version. 

From all the results obtained, we can conclude that the MDPR

strategy is a very attractive alternative to reduce the execution

time of BWA in the distributed systems, either by using a static

distribution or a dynamic round-robin pattern. 

Our study also reveals an idea that can be applied to other

problems in the field of bioinformatics. Although in this field there

is a great growth in the quantity and quality of existing data sets,

in practice, the resolution of problems such as sequence alignment

are limited mainly by the size of reference genomes (usually be-

tween 3GB and 30GB) which are the structure that should remain

in main memory all the time. Data files with sequences are read

gradually in the form of chunks and, therefore, they do not sup-

pose any significant limitation in terms of memory requirements in

current systems. Consequently, the design of parallel applications

by using an architecture based on instances that contain replicas

of certain data structures constitutes a solution with low algorith-

mic complexity that can provide significant improvements in sys-

tems whose memory architecture is of the NUMA type, as shown

by MDPR in the case of BWA. 
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