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CHAPTER 1

INTRODUCTION

1.1 Motivations

Major CPU manufacturers have produced multicore CPUs since 20xx. Several demand-
ing programs can be multithreaded to gain higher performance with less expensive hardware
and better efficiency [4]. The recent parallel library for shared memory multiprocessor sys-
tem and multicore systems, OpenMP library [1] is now the most well-known one. OpenMP
can be applied successfully to develop parallel programs such as Generator polynomials
search using OpenMP [5], OpenMP model for realizing the image edge detection within the
platform of TMS320C6678 DSP [6], Doolittle parallel algorithm for multicore machines [7],
Parallel multilevel fast multipole algorithm (MLFMA) for shared memory parallel platform [8],
Parallel OpenMP to implement of the image processing application [9], Three OpenMP-based
parallel implementations for solving descriptors to be deployed on shared-memory ma-

chines [10] and so on.

The difficulty of multithreading may depend on the characteristics of each application.
Park et al. [11] created a parallel FORTRAN programming environment using OpenMP. How-
ever, they focus on general program development and also created a new tool for supporting
each step in the methodology. It is not flexible for other free and open-source tools. More-
over, it does not support implementation details to get the highest performance, especially,

demanding applications such as bioinformatics, Big Data analyses, etc.

As the first case study, SNPHAP [2] is chosen for this thesis due to its demanding char-
acteristic. SNPHAP is a haplotype inference bioinformatics program using EM (Expectation
Maximization) algorithm. An inferred haplotype is not a direct observation but can be ob-
tained from unphased (ambiguous) genotype data (resulting in haplotype ambiguity) through
experiment in software techniques. A haplotype provides a snapshot of human evolution
to estimate the age and location of disease mutations related to a set of multiple linked
markers and to investigate many population processes [12]. There exist many methods for
inferring haplotypes from unphased genotype data. One of the most widely used meth-

ods is to statistically estimate haplotype frequencies from genotyping markers of a eroup of



unrelated individuals by employing the Expectation Maximization (EM) algorithm to predict
the missing or incomplete data [13, 14]. This problem can take longer computation time
caused by a large number of possible haplotype instances. Therefore, if the method can be

extended into parallel algorithms, the throughput may be increased yet more accurate.

The second case study, gsort() is still a challenging sorting algorithm because of the
explosive growth of data in social/web mining, large-scale scientific, commercial application
domains and so on. Among all the sorting algorithms, QuickSort is the most well-known
and standard sorting algorithm [15, 16] . To compare with any existing sorting algorithms,

QuickSort is the fastest one in practice [17].

1.2 Existing Approaches

Being a contribution, Eronen et al. [3] compare runtime per genotype (seconds) of
the SNPHAP with other haplotyping software. It can be noticed that run time per genotype
of the SNPHAP is the best. Moreover, the SNPHAP reduces memory requirements so that
these make parallelization of SNPHAP even more challenging. Recently, there has been
little research to implement the EM algorithm for inferring haplotypes in parallel. Huang and
Chen [18] have done experiments as a final project by inferring haplotype using EM algorithm

with MPI (Message Passing Interface) library for passing information among the processors.

For sorting, numerous parallel architectures can be applied to perform sorting algo-
rithms. Earlier studies have shown [19-21] that sorting can be done at the interconnection
level of a particular network of processors named the MultiRing network. Recently, sorting
networks have been implemented on FPGAs instead. References [22-24] used FPGAs as sort-
ing kernels for database intensive operations. In addition to FPGAs, hundreds to thousands
of processing elements/cores inside the GPUs can be applied as co-processors for sorting [25]

based on SIMD parallelism including the Bitonic-Merge Sort on Intel Xeon Phi [26].

A few parallel algorithms have been proposed to enhance the existing QuickSort algo-
rithm. Initially, Heidelberger [27] presented the parallel version on an ideal Parallel Random
Access Machine. In practice, the sequential QuickSort can be enhanced with several parallel
techniques to run on any shared memory/multicore systems with multithreading operating
system. Tsigas and Zhang [28] proposed a fine-grain parallel QuickSort algorithm to fit data
into caches. M. Sub and C. Leopold [29] presented several alternative algorithms of paral-

lel QuickSort based on pthreads and OpenMP 2.0. Man et al. [30, 31] developed psort()



algorithm to be compatible with Stdlib gsort(). Meanwhile, Kim et al. [32] have shown that
a dual core OMAP-4430 can achieve only 1.47x Speedup from their Introspective QuickSort
algorithm. Mahafzah [33] splitted the input array with multi-pivot/thread into partitions using
extra space and then sorted them in parallel up to 8 threads. Very recently, Bingmann et
al. [34] proposed multikey QuickSort algorithms for string sorting on NUMA (Non Uniform
Memory Access) architectures. Their results show that the Speedup is bounded by memory

bandwidth.

1.3 Statement of Problem

Inferring haplotype using EM algorithm of SNPHAP can take longer computation time
caused by a large number of possible haplotype instances are widely needed. Moreover,
gsort() inside SNPHAP should be further optimized in order to sorting efficiency for a large
number of data. Therefore, if the method can be extended both SNPHAP and gsort() into

parallel algorithms, the throughput may be increased.

For sorting, moreover, it is still challenging to enhance parallel QuickSort performance
and efficiency at the same time. These challenges are due to sequential data partitioning, la-
tency/bandwidth between memory hierarchy, and sequential/recursive nature of QuickSort.
Furthermore, the bottlenecks of parallel QuickSort should be further investigated together
with some performance characteristics such as CPU utilization and memory bandwidth/la-

tency.

1.4 Contributions

The contributions of this thesis can be divided into two parts:

Firstly, SNPHAP has already been highly optimized for sequential execution and con-
sidered as a benchmark for haplotyping in term of speed. This thesis has put tremendous
efforts speed SNPHAP up by 4.88x times faster than the original version. The contributions

are summarized as follows:

+ The development for parallelizing SNPHAP consists of four major steps: Profiling, Mul-

tithreading, Verification, and OpenMP Profiling.

« The applied OpenMP For constructs convert functions consuming most execution

time to threads according to the Profiler.



The enhanced SNPHAP is parallelized further with OpenMP T'ask construct to run

gsort().

Secondly, a new gsort() algorithm has been proposed and named Parallel Partition

and Merge QuickSort (PPMQSort) for various multicore CPUs. The contributions are summa-

rized as follows:

1.5

The PPMQSort algorithm is compatible and benchmarked with Stdlib gsort() while

achieving superlinear Speedup in some CPUs.

The time complexity of PPMQSort has been analyzed using BigO notation and compa-

rable with others.

A new efficiency metric of any parallel programs on either HyperThread or non-
HyperThread CPUs is proposed. The PPMQSort algorithm can achieve the highest

efficiency among previously published algorithms.

Based on the Linux Perf measurement tool, a system performance model of any shared
memory/multiprocessor/multicore systems is proposed to estimate memory band-

width.
The Speedups of PPMQSort with Worst-case input data although very rare but can be

as high as those of Random cases.

Thesis Organization

This thesis consists of five main chapters, which covered all of our research. Given

briefly summarized as follows.

Chapter 2 describes and background involved in this thesis. Related work summarizes

previous work that has been done with similar objectives. Finally, SNPHAP algorithm and

parallel QuickSort algorithm are explained.

Chapter 3 presents the parallel SNPHAP and results discussion.
Chapter 4 presents the PPMQSort and results discussion,
Chapter 5 is the last chapter providing conclusion and future work.

Appendix A describes the SNPHAP program



CHAPTER 2

BACKGROUND AND RELATED WORK

This chapter presents a review of the research background associated with parallel
SNPHAP and parallel QuickSort in order to fulfill the objective of this thesis. This chapter is
structured into 4 main sections; OpenMP library, Multicore and Parallel computing technol-

ogy, SNPHAP algorithm, and Parallel QuickSort algorithms as following.

2.1 OpenMP library

This section begins with the overview of OpenMP library, the parallel programming
model of this thesis. The recent parallel language standard for shared memory multipro-
cessor system (SMP), OpenMP library 3.0 [1] is now the most well-known library that can be

applied successfully to develop parallel programs running on multicore CPUs architecture.

OpenMP library is an application program interface (API) for thread based parallelism
on shared memory multicore processors. The AP| consists of a set of compiler directives,
library routines, and environmental variables that support FORTRAN and C/C++ on multi-
ple architectures. For programmers, OpenMP provides a portable, scalable model of thread
based parallelism application. The model of multithreading execution is the fork-join model.
The Master thread initially starts the running program. After the program is executed for a
while, the Worker threads are spawned (forked) at a parallel region to form a team together
with the Master thread. At the end of each parallel region, all threads are synchronized
(joined) before the Master thread can continue further. A parallel region can also nest with
other parallel regions. The main advantage of using OpenMP is the ability of all CPU cores to
share and access the same memory pool (data) with less communication overhead and net-
work latency compared with other parallel computing paradigms such as cluster computing,
grid computing, etc. To improve the performance, this thesis makes use of three OpenMP

constructs:
2.1.1 For Construct (Data-level parallelism)

The parallel For construct defines that the iterations of the loop must be executed
in parallel by the thread team. Moreover, it could be used to split the iterations of a loop

across multiple threads. When OpenMP encounters the parallel For construct, threads are



created and the iterations of the loop are divided to distribute over available threads. At
the end of the parallel region, all threads must wait until all iterations of the loop have

completed. The syntax of parallel For construct is illustrated in Figure 2.1.

#pragma omp parallel for [clause [[,] clause] ... ] new-line

for_loop

Figure 2.1 parallel For construct definition by OpenMP 3.0 [1].

This thesis specifically demonstrates how to parallelize on the loop of cmp_hap()
inside hap_prior() and hap posterior() of SNPHAP and also distribute the work load equally

at run time.
2.1.2  Task Construct (Task-level parallelism)

OpenMP version 3.0 [1] introduces a T'ask model to handle irregular and dynamic
parallelism in the form of recursive routines. According to OpenMP 3.0, tasks are independent
units of work which are executed in parallel by threads. OpenMP 3.0 T'ask construct can
be applied to parallelize recursive algorithms. On the other hand, it is possible to express
parallelism using recursion where the amount of hardware/platform parallelism is unknown

in advance. The syntax of T'ask construct is illustrated in Figure 2.2.

#pragma omp task [clause [[,] clause] ... ] new-line

structured-block

Figure 2.2 T'ask construct definition by OpenMP 3.0 [1]

The Task construct defines the statement(s) and its data (variables) associated with it.
In addition, threads are assigned to perform the work of each Task. Task may be deferred or
executed immediately. When the Master thread encounters a T'ask construct, any available
thread in a Task pool including the Master thread can execute immediately. If the Task
is forced to wait due to synchronization, it is placed in the pool that is associated with

the current parallel region. The threads in the current team will take all the Tasks out of



the pool and execute them until the pool is empty. This thesis specifically demonstrates
how to exploit the Task construct in gsort() of SNPHAP. Moreover, how the PPMQSort is

implemented with T'ask construct.
2.1.3 Single Construct (Parallel Synchronization)

The Single construct is used to specify that a specific structure block is executed by
only on thread of the team, which is not necessarily the Master thread. This can be useful
for Tasks like control message during a parallel execution. The Single construct has the

syntax as in Figure 2.3.

#pragma omp task [clause [[,] clause] ... ] new-line
#pragma omp single

structured-block

Figure 2.3 Single construct definition by OpenMP 3.0 [1]

The Single construct can be used within a parallel region and also ends with an implicit
synchronization unless a nowait clause is specified. This thesis specifically demonstrates how

to implemented the PPMQSort and gsort() of SNPHAP with the Single construct.

2.2 Multicore and Parallel Computing Technology

Currently, the trend in high-performance computing (HPC) systems has shifted towards
cluster systems with multicore CPUs.  Moreover, major chip manufacturers are producing
multicore CPUs with/without HyperThreading. Therefore, several demanding programs can
be multithreaded to gain higher performance with less expensive hardware and better effi-

ciency [4].

A multicore CPU is a single computing component with two or more independent
actual processors (cores) [35]. Moreover, all cores can execute independently and simulta-
neously. This category is called a Symmetric MultiProcessors (SMP) system (all processors
connected to a large shared memory). Fortunately, multithreaded programming techniques
can be applied to exploit the resource of multicore CPUs such as Task-Level Parallelism as

well as Data-Level Parallelism. To effectively use multicore CPUs, programmers can write



multithreaded code by using a shared memory parallelism library such as OpenMP [1] or
Intel Threading Blocks [36], or using a message passing library such as MPI [37]. For this the-
sis, OpenMP is considered to use for parallelizing sequential algorithms running on multicore

CPUs.

The overview of the multicore CPUs architecture evaluated Intel E5400 Harpertown,
Intel E5520 Nehalem-EP, Intel i3-2600 Sandybridge, Intel i7-2600 Sandybridge, AMD Opteron

8356 Barcelona , as well as AMD A6-3650 Llano are presented in the following.
2.2.1 Intel E5405 Harpertown

This family consists of dual and quad core CPUs featuring 1333 MHz to 1600 MHz
front-side buses. Each CPU socket contains four processing cores. Each core has private
32 KB L1 cache and 12 MB (6 MB shared among two cores) L2 cache with Intel Advanced
Smart Cache architecture. The Harpertown also has the capability of Intel 64 (Intel’s x86-
64 implementation), the Execute Disable Bit, and Virtualization Technology (VT-x) that help

improve application performance.
2.2.2 Intel E5520 Nehalem-EP

Nehalem is the first Intel processor to implement a NUMA architecture incorporating
QuickPath Interconnect (QPI) [38] links to communicate with others cores within a socket, and
the first to incorporate an integrated memory controller. The E5500 Nehalem-EP machines,
the successor to the Xeon Core microarchitecture, is based on the Nehalem microarchitec-
ture. It has four processing cores per socket each with exclusive 32 KB L1 cache and 256 KB
L2 cache. All the cores in a socket share an 8 MB L3 cache. It has an integrated memory con-
troller supporting three DDR3 memory channels. In addition, two QPIs allow two processors

to be interconnected as well as providing I/O connectivity.

The Xeon E5520 includes several new mechanisms that help improve application per-
formance such as Turbo mode and HyperThreading. Turbo mode enables the processor
frequency maximum of 2.53 GHz. For Intel’s HyperThreading technology, two threads are
enabled to execute on each core to hide memory latencies by switching between the hard-

ware threads on memory stalls.



2.2.3 Intel i3-2100 Sandybridge

In early 2011, Intel introduced a new microarchitecture named Sandy Bridge. It kept
all the existing brands from Nehalem, including Core i3/i5/i7. This family includes dual-core
and quad-core CPUs variants and implementations targeted a single 32 nm manufacturing
process for both the CPU and integrated GPU cores. It has an integrated memory controller

supporting DDR3 memory channels.

The Intel i3-2100 also is one of Sandy Bridge microarchitecture. It has two processing
cores per socket each with exclusive 32 KB L1 cache and 256 KB L2 cache. Two cores share an
3 MB L3 cache. In addition, DMI at 5GT/s, Smart cache 3MB and HyperThreading technology

to improve application performance.
2.24 Intel i7-2600 Sandybridge

For Intel i7-2600, it is one of Sandy Bridge family. It has four processing cores per socket
each with exclusive 32 KB L1 cache and 256 KB L2 cache. All the cores in a socket share an
Smart 8 MB L3 cache. Moreover, DMI at 5GT/s and HyperThreading technology to improve

application performance.
2.2.5 AMD Opteron 8356 Barcelona

The AMD Opteron 8356 also is one of the first x86 architecture processors to use a
NUMA architecture. The CPU socket contains a single integrated memory controller that
supports DDR2 memory channel and uses the Direct Architecture over high speed Hyper-
Transport (HT) links between CPU sockets. It is composed of four processing cores per socket.
Each core has a private 64 KB L1 cache and private 512 KB L2 cache, and each socket has a

shared 2 MB L3 cache.
2.2.6 AMD A6-3650 Llano

The AMD A6-3650 codenamed Llano is one of processors in the A6 Series. The A6-3650
includes a Radeon 6530D GPU and a 2.6GHz four cores per socket each with exclusive 64 KB
L1 cache and (16-way) 1024 KB L2 cache. It supports up to 1866 DDR3 memory. The Radeon
6530D has a 443MHz core clock and 320 Radeon cores. Feature support includes PCl express
2.0, AMD Dual Graphics, DX 11, and AMD Accelerated Parallel Processing Technology.
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2.3 SNPHAP Algorithm

2.3.1 Haplotype Inference

The sequence of Human Genome contains approximately 3 billion base pairs ACTG
(all of the bases in DNA) [39]. Normally, Genome variations are differences in the sequence
of DNA from one person to another due to mutations that occur occasionally in a DNA
sequence [40]. Therefore, these differences are called Single Nucleotide Polymorphisms

(SNPs) as shown in Figure 2.4.

SNPs SNPs SNPs
One copy from A g¥. CA GCCA....TTCG G GGTC....AGTC G ACCG....
Another copy from A ... CA GCCA.... TTCG A GGTC....AGTC A ACCG....
One copy from B ...CA TGCCA.... TTCG G GGTC....AGTC A ACCG....
G GGTC....AGTC G ACCG....

Another copy fromB ...CA ¢ GCCA....TTCG

| |
L9
Haplotype 1 from A @ 16 ()G

G t 1f A {
PP AL Haplotype 2 from A C

Haplotype 3 from B s e\ Va

Genotype 2 f B {
e - 4 Haplotype 4 from B COXGM G

Figure 2.4 3 SNPs of 4 haplotypes and 2 genotypes from individual A’s and individual
B’s chromosome 10.

In diploid organisms such as human beings, each individual has two different copies of
each chromosome except sex chromosome; one from an individual’s mother and another
from the father [41]. Figure 2.4 shows individual A’s and individual B’s chromosome 10.
Notice that each individual has two different copies of chromosome 10. Because individuals
differ in SNPs, all other base pairs can be discarded to keep only SNPs. Therefore, haplotype
data can be described as information from a single copy of SNP sequences in a chromosome
and genotype data as information combined from a pair of haplotypes. In addition to Figure
2.4, two haplotypes are copied from individual A, while other two haplotypes are copied
from individual B. Moreover, there are two genotypes; one from individual A, another from

individual B.

For computational effectiveness on computer systems, a sequence of SNPs can be
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represented as binary string of 0’s and 1’s for binary coding of haplotype information [42].
Generally, SNPs are bi-allelic that there are only two alleles in single SNP: wild type and
mutation type. Figure 2.5 shows a simple coding of haplotypes for two individuals with just
twenty SNPs each. As in those four haplotypes, A is wild type and G is the mutation type.

Hence, 0 represents “wild type” and 1 represents “mutation”.

Haplotype 1 from A CTCARAGTACGGTTCAGGCA
Geno elfromA{

typ Haplotype 2from A TTGATTGCGCAACAGTAATA
Haplotype 3 fromB CCCGATCTGTGATACTGGTG

Genotype 2 from B{
Haplotype 4 from B - TC QAT TCCGCGGTTCAGACA

Haplotype 1 from A 01(0[0101100101010000
Haplotype 2 from A 11%401100001010101110

Haplotype 3 fromB Q0(Q10111{010001p00O[1
Haplotype 4 fromB 10101110(1110111010pD0
A | |

Heterozygous Homozygous
d \ | |

GenotypelfromA 21202102202222222220

Genotype 2 from B (20222 1 121202202@22

Figure 2.5 Describing SNPs, Haplotypes, Genotypes and a simple coding of haplo-
types of two individuals with 20 SNPs each.

The genotype’s SNPs of an individual can be encoded as a string of 0 or 1 where two
haplotype SNPs are homozygous (either 0,0 or 1,1). On the other hand, a code 2 represents
a heterozygous where one haplotype SNP is 1 and another is O (in any order). Therefore,
a haplotype sequence becomes a pair of binary vectors while genotype becomes a vector
of the alphabets (0, 1, 2). The genotypes data are more readily available; however, the
haplotype information is more useful in studying human genetics and investigating many

population processes. Therefore, this is the haplotype inference problem.
More details are explained in Appendix A.
2.3.2 SNPHAP: A Haplotyping Tool

Haplotyping tools are developed for studying human genetics and also used to inves-

tigate many population processes, such as migration and immigration rates, linkage disequi-
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librium strength, and the related populations [12].

Several methods for estimating haplotypes and their frequencies have been proposed
including EM [43-45], PHASE [46], and Subtraction [47]. Xu et al. [48] compared the accu-
racy and runtime performance of all three methods. They found that these methods are
efficient and accurate for haplotype frequencies estimation. For runtime comparison with
5-SNPs (loci), EM is faster than Phase, but it is slower than Subtraction. EM and PHASE, how-
ever, provided better estimate compared with Subtraction. From the three studies [12,48,49],
furthermore, EM algorithm shows better accuracy for haplotype frequencies estimation. Al-
though the EM is fast with single runs for a small number of loci, it can take long compu-
tational with multiple runs and for large number of loci (causing large number of possible
haplotype instances) [45,50]. With the advent of large-scale genotyping platforms that allow
researchers to observe more than one million loci the existing tools may not be able to

handle a need to speed up existing haplotype inference tools.

There exists some software utilizing EM algorithm to infer haplotype frequencies in-
cluding Fusue [51], HPlus [52], HelixTree [53] and SNPHAP [2]. The application chosen for the
case study is SNPHAP, developed by Clayton. It is a sequential program for inferring haplo-
type frequencies using genotype data from a number of unrelated individuals, in addition to
missing data at some loci. Moreover, it uses an EM algorithm to calculate ML estimation of
haplotype frequencies given a genotype. The overall procedure comprises (shown in Figure
2.6) (1) Expectation step (hap_posterior() inside SNPHAP), (2) Maximization step (hap_prior()
inside SNPHAP) and repeat (1)(2) until the haplotype frequencies are stable. More details are
explained in Algorithm 3 of Appendix A.
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Figure 2.6 Flowchart of original SNPHAP (version 1.3.1) [2] with hap prior() and
hap posterior() that will be multithreaded in Applying OpenMP paral-
lel For construct subsection. and gsort() that will be multithreaded in
Applying OpenMP Task construct subsection.

Being a contribution, Eronen et al. [3] compare runtime per genotype (seconds) of the

SNPHAP with other haplotyping software when varying the number of loci as shown in Figure

2.7.
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Figure 2.7 Runtime (Seconds) per genotype of various haplotyping software and
SNPHAP is the fastest (Loci = 30) [3].

The compared tools include GERBIL [54] (version 1.0), PL-EM [55] (version 1.5, kindly
provided by Zhaohui S. Qin), fastPhase [56] (version 1.1.3), Phase [57, 58] (version 2.0), and
HaploRec (version 2.3) [59]. From this report, the SNPHAP is the fastest tool among others.
Although the SNPHAP has the strong point of runtime, it is still the sequential (single thread)
version. The runtime of SHPHAP can be further reduced with multithreading technique.
On the other hand, the SNPHAP is not suitable for Clustering because a little bit of time of
inferring haplotype in each EM iteration is overcome by communication time between Cluster
nodes. The SNPHAP, moreover, is communication bound so that multithreading technique

on multicore CPUs is the best solution.
2.3.3 Existing Parallel SNPHAPs

Recently, there has been little research to implement the EM algorithm for inferring
haplotypes in parallel. Huang and Chen [18] have done experiments as a final project by
inferring haplotype using EM algorithm with MPI (Message Passng Interface) library for passing
information among the processors. They hierarchically partitioned the data and distributed
to each processor for one fragment of the sequence. The final result was assembled pro-
gressively. Their program ran on the CTRIS cluster with up to 16 processors with only 250
samples and 130 loci. Finally, the 16-over 2-CPU speedup is 4x. This parallel solution can

be unreachable to researchers without large computer clusters. The parallelization should
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not be limited to a large cluster only.

2.4 Parallel QuickSort Algorithms

This section reviews the research background associated with Sequential QuickSort

Algorithm, Stdlib gsort(), existing Parallel QuickSort Algorithms and Pivot Selection.
2.4.1 Sequential QuickSort Algorithm

QuickSort [15, 16] is the most famous and widely used sorting algorithm. The divide
and conquer concept recursively partitions and swaps an input array into two halves: less
than or equal (LEQ) half and greater than (GT) half with respect to a selected pivot element

at each recursion level. The sequential QuickSort algorithm is presented in Algorithm 1.

The Seq_Partition() function is called in order to partition the input array into two
halves where each half is sorted recursively with Seq QuickSort() function and then return
the pivot index. In general, the sequential partition algorithm compares elements with the
selected pivot, which is located at the first, and swaps the elements that are less than or
equal to the pivot to the left half and greater than the pivot to the right half. Then, it finally

moves the pivot to the right location and returns the index of the pivot.

The time complexity on average is therefore O(n logn) although the poorly selected
pivot can affect its complexity. Even worse, the worst case input array can make the com-
plexity become O(n?). In terms of space requirements, QuickSort is considered to be an
in-place algorithm using minimal extra memory. During the recursion, extra space for calling
stack is proportional to O(logn). To optimize its performance, selecting good pivot(s) from
several candidates has been considered and reviewed in Section 2.4.3. For fully expanded
discussion and implementation see in [15, 16]. Moreover, the sequential QuickSort can be
enhanced with several parallel techniques to run on any shared memory/multicore systems

with multithreading operating system.
2.4.2 Stdlib gsort()

The Standard Library gsort() is a very useful function for sorting an array of any data
types with a user-defined comparison function. It is implemented in C/C++ and also provided
as a built-in function of several C/C++ compilers. Its function prototype is declared in Stdlib.h

as follows.
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Algorithm 1 The Sequential QuickSort Algorithm
1: function Seq_QuickSort(a, start, end)

2 if start < end then > if start < end
3 p < Seq Partition(a, start, end) > Partition two halves
4: Seq QuickSort(a, start,p — 1) > Recursive on Left half

5: Seq QuickSort(a,p+ 1,end) > Recursive on Right half

6 end if

7: end function

8:

9: function Seq_Partition(a,start,end) > Sequential Partition Function
10: pivot < a[start] > Select the pivot element
11: 1 4 start — 1
12: jend+1
13 while TRUFE do
14: repeat j «+ j —1
15: until a[j] <= pivot > Move j until a[j] <= pivot
16: repeat ¢ <— i+ 1
17: until afi] > pivot > Move i until a[i] > pivot
18: if i <jthen
19: Swap(ali], alj] > Exchange ali] <=> al[j]
20: else
21: return j > Return the pivot index
22: end if
23: end while

24: end function

void gsort(void #base, size_t num elements, size_t element _size,

int (xcompare) (void const *, void const *));

The argument base is a pointer to the unsorted array, num_elements indicates the number
of elements, element size is the size of each element, and compare is a pointer to the

user-defined function that returns integer values according to the comparison result.
2.4.3 Pivot Selection

PPMQSort is based on Hoare’s algorithm [15] that partitions around the first element
of subarray. However, selecting the first element is vulnerable to the risk of poor partitioning
yielding O(n?) (worst case). A better technique is the Median of three method, selecting
median of three elements. From distribution of the middle element, the pivot selection

leans towards the middle and thus O(n log n).

There are a few publications for pivot selection. Sedgewick [60] had proposed and

analyzed a dual pivot approach that number of OS swap is more than classical quicksort
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on average. Hennequin [61] analyzed quicksort with k >= 1 pivots. He found that the
performance improved slightly and partitioning became too complicated. In 2009, however,
Yaroslavskiy [62] proposed a new algorithm using a dual pivot partitioning technique and
became the internal sorting in Oracle’s java runtime library. The algorithm employs two
pivots (p and @) to split the elements into 3 parts: small elements (smaller than p), medium
elements (between p and g) and large elements (larger than g). The Yaroslavskiy’s algorithm
outperforms classical quicksort 10% faster. In [63], Wild and Nebel formulated and analyzed
the core of Yaroslavskiy’s dual pivot method. They showed that number of key comparisons
is 1.9n log n+O(n) on average while 2n log n+O(n) of classical quicksort and 2.13n log n+
O(n) of Sedgewick’s dual pivot. Because of using two pivot selection, different behaviors are
possible. Aumuller and Dietzfelbinger [64] analyzed all dual pivot algorithms and identified a
new algorithm that minimizes the key comparisons to 1.8n log n+O(n). Kushagra, et al. [65]
proposed cache behavior analysis as well as the performance of fast three pivot quicksort
algorithm compared with classical quicksort and Yaroslavskiy’s dual pivot quicksort. They
claimed that the caching behavior of the three pivot quicksort algorithm outperforms single

pivot and dual pivot quicksort in experiments.

For this thesis, Median of three technique (selecting three items, sorting them, using
the one in the middle as pivot) is employed to partition two subarrays. Extensively studied
by [60], obtaining a better partition needs a better pivot. And in [66, 67], Sedgewick practi-
cally implemented median of a random sample of the input to be more efficient in terms
of performance. Moreover, Erokio [68] experimented to evaluate on worst case. He found
that Median of three quicksort uses half the time of classical quicksort. Aumuller and Diet-
zfelbinger [64] observed that the comparison count of partition step is main cost according
with [61] that the partition cost and overall cost of quicksort are more variants than with
one pivot. Moreover, the partitioning cost depends on the partitioning procedure, meaning
that partitioning should be simple. Therefore, Median of three is chosen for PPMQSort due

to practical, simplicity and efficient.
2.4.4 Existing Parallel QuickSort Algorithms
Review of parallel QuickSort are given here.

In 1990, Heidelberger et al. [27] presented a parallelization of the Quicksort on a

theoretical/ideal Parallel Random Access Machine with average of O(logn) time complexity.
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In practice, the sequential QuickSort can be enhanced with several parallel techniques to
run on any shared memory/multicore systems with multithreading operating system. Parallel
versions of QuickSort normally start with partitioning data into several chunks to fit any cache
level depending on the size. These chunks can be partially or fully sorted and then merged
to form bigger chunks. These two steps may be recursive as indicated in the Recursion
row of Table 2.1. Some algorithms may use extra space to hold the intermediate results
as shown in Ex. Space row. Eventually, they shall be fully sorted again with either the
Stdlib gsort() or others. Tsigas and Zhang [28] proposed a fine-grain (block-based) parallel
Quicksort algorithm. Subsequently, [29] presented several alternative algorithms of parallel

Quicksort based on pthreads and OpenMP 2.0.

Since 2007, Multi-Core Standard Template Library (MCSTL) has been developed by
Singler et al. [69]. It is integrated into the STL implementation of the GNU libstdc++ library,
as called parallel mode. The algorithm is similar to the one by Tsigas and Zhang [28], which
uses strategy based on nthelement and partialsort. Each thread holds two chunks of size B
(threshold) from the end of each side. It then partitions those two chunks until one of them
runs empty. If the left chunk runs empty, it reserves a succeeding block using a fetch-and-
add primitive, while other is reserved as a preceding block. This process is recursive until
the elements between the left and the right boundaries are less than threshold. Finally,
this threshold size calls the sequential sort. It can achieve Speedups of 21x on an 8-core

32-thread SUN-T1.

Publications for 2008, Traore et al. [70] proposed a provable work-optimal paralleliza-
tions of STL algorithms based on recursive range partitioning and work stealing technique.
The partition algorithm relies on a list of successful steals, called deque-free. Their algorithm
divides data into two subranges and partitions them. The partition follows the STL partition
scheme that splits subranges into two halves, the thief partitioning the right-most half of
the left block, and the left-most half of the right block. If one half has already been parti-
tioned, the thieves try to steal two blocks of elements. The remaining blocks of elements
must be re-ordered. The sorting part of their, algorithm is based on introspective sorting.
The sequential partitioning is called when the input array is less than threshold. Otherwise,
the previous deque-free partition is performed. It can achieve higher Speedup at 8.1x on
an 8 dual-core (16 processors) AMD Opteron at 16 threads. Frias and Petit [71] modified a

cleanup algorithm to achieve a minimal number of comparisons. Their algorithm is applied
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on the top of Strided, Blocked and F&A algorithms [28, 69]. The implementations follow to
the STL partition specifications. From experimental comparison, F&A Algorithm is the best.
The cleanup algorithm, however, is very limited due to the number of misplaced elements
after the parallel phase is very small. Moreover, I/O limits performance as the number of

threads increases.

By 2010, Rashid et al. [72] enhanced Tsigas and Zhang’s [28] PQuicksort on x86 Mul-
tithreaded Architectures. Man et al. [30, 31] developed psort() algorithm to be compatible
with Stdlib gsort(). The input array is divided into groups and gsort() them. Later on, these
partitions can be merged using extra space and finally gsort() them again. Their work can
achieve Speedup by 11 times faster with up to 24 cores. Kim et al. [32] have shown that
an embedded dual core OMAP-4430 can achieve 1.47x Speedup from their Introspective

Quicksort algorithm.

In 2013, Zurex et al. [73] proposed a quick-merge hybrid algorithm that each core
sorts partial data by the quicksort algorithm. Then, the results of each core are merged
with parallel merge-sort algorithm. The computational complexity is O(n log ¢ + % log 2) |
where c is the number of processor cores. Mahafzah [33] spitted the input array with multi-
pivot/thread into partitions using extra space and then sort them in parallel up to 8 threads.
Saleem et al. [74] estimated Speedup for QuickSort and Merge sort algorithms using Intel

Cilk Plus.

More recently, as of 2015, Maus [75] divided input array into k equally sized segments.
Those segments are assigned to k threads and partitioned within its own segment by the
original QuickSort. The algorithm then swaps all small elements with the large elements of
the pivot index in parallel. Recursively apply with half of the threads to perform the left
segment, and another half to the right segment. It can achieve Speedups 1.7x on 2-core
with Hyperthread Core i7 and 2.5x on 4-core with Hyperthread Core i7 for sorting uniform
distribution 10M 32-bit integer data and 6.5x on 32-core with Hyperthread Xeon while sorting
uniform distribution 100M 32-bit integer data. The comparison of some previous parallel

QuickSort algorithms is shown in Table 2.1 in chronological order from left to right.



Table 2.1 Comparison of previous parallel QuickSort algorithms, Par. = Parallel, Seq. = Sequential, NA=Not Available

Year 2003 2004 2011 2011 2013 2014
Reference [28] [29] [31] [32] (33] [74]
Algo. Name PQuicksort cv 1.0 psortl Introspective QuickSort Quicksort
Partition Par. in blocks Seq. Par. n/c Seq. Par. multiple Seq.
of L1 size and gsort() n/c pivots n
Merge Seq. Swap No Seqg. Merge and No No No
and gsort()
Recursion Yes bres No No No Yes
Time Complexity O(%+2log?) NA O(n + % log *) O(5 + 5 log ) O(7log?) NA
Extra Space(size) No No Yes(n) No Yes(n) No
Using gsort() Similar No Yes No No No
Other Sort Insertion No No Insertion No No
Library NA pthreads OpenMP 3.0 OpenMP 3.0 pthreads Cilk Plus
Pros Cache efficient, Load balance-  Qsort() lib. compatible, Limit deep partition, Utilize SMT architecture, Easily
Fine-grained with Busy Waiting Good load balance Cache friendly, Good load balance
Good load balance
Cons Bottleneck- Sync. added, Difficult to implement, No nested parallelism, Sync. added, Unpopular lib.
in Seq. Swap, Less algorithm details High Overhead Seq. Partition Extra Space

Special Sync. Instruction

0¢



CHAPTER 3

PARALLEL SNPHAP

This thesis can be useful to parallel program developers as a parallelizing/multi-
threading methodology especially for SNPHAP on multicore CPUs. As mentioned earlier in
Section 2.3.2, SNPHAP is the fastest solution for inferring Haplotype based on Expectation
Maximization algorithm. This section is divided into three subsections; The first one is Devel-
opment of OMP SNPHAP. The second and third are Experiment Results and Discussions, and

Theoretical Analysis, respectively. Notations used in this chapter are listed in Table 3.1.

3.1 Development of OMP SNPHAP

To parallelize (multithread) the sequential program, SEQ SNPHAP, to execute on the
multicore CPUs in multiple threads, multithreading technique can be applied by inserting
OpenMP constructs on hotspot and independent functions. However, not all modules/

functions in a sequential program can be converted to multithreaded functions.

The methodology for parallel SNPHAP consists of four major steps as shown in Figure
3.1: 1) Profiling (Gprof), 2) Multithreading (GCC + OpenMP), 3) Verification, and 4) OpenMP
Profiling (omPP). This methodology has applied these steps to SEQ SNPHAP in order to create
a multithreaded version of SNPHAP called OMP SNPHAP. Use of a profiling tool helps identify
the most time-consuming areas in the program. The information from the profiler can be
used to appraise performance gain in the OpenMP profiling step. GCC compiler + OpenMP
constructs will be used to force multithreading at hotspot functions that are computational
intensive according to the GProf profiler [76]. Multithreading and Verification steps must be
repeated to ensure that the optimized code produces the same outputs as those of the

sequential version.

Finally, OpenMP (ompP) [77] performs overhead analysis (synchronization, load imbal-
ance, thread management, limited parallelism) and performance properties. This information
can be used to evaluate and justify the parallel performance. If the achievable Speedup is
not satisfactory, the multithreading step can be repeated. The tools for this thesis are free/
open source tools as well as flexible and easy to use. Each step will be explained in the

following subsections.



22

( Start )
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Sequential Profililing
(Gprof)

Multithreading
(Gce + OpenviP)

!

Verification

!

OpenMP Frofiling
(ompP)

!

End

Figure 3.1 Flowchart of applying the multithreading methodology using OpenMP 3.0.

3.1.1 Sequential Profiling: GProf

In this subsection, the most time consuming functions how to be found by the profiling

tool and evaluating the parallel performance measurement of the parallel fractions.

First of all, the SEQ SNPHAP is profiled to find all hotspot functions that consume
significant portion of execution time by GProf tool [76]. The results are shown in Figure 3.2.
Then, the OpenMP constructs are inserted on those functions to convert them as threads

just like Fork-Join model.

According to Figure 3.2, it is clear that cmp_hap() is called by 874,204,285 times, while
the hap_posterior() and the hap_prior() are called by just 4,080 and 3,930 times, respec-
tively. Among 874,204,285 times, the cmp_hap() is called 568,631,912 and 293,886,461
times by hap prior() and hap_posterior(), respectively. Therefore, the cmp_hap() should
be parallelized within hap_prior() and hap_posterior() and executed by multicore CPUs to
significantly reduce the total execution time. Moreover, after the the SEQ SNPHAP has been
further profiled, the sorting function (gsort()) called by the emp hap() consumes more

execution time. Therefore, the gsort() should be parallelized too.
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Index %time self children called name
[1] 100 0.11 1065.70 name [1]
37.60 618.16 3930/3930 hap_prior [3]
65.78 320.99 4080/4080 hap_posterior [4]
319.48 0.00 293886461/874204285 hap posterior [4]
618.16 0.00 568631912/874204285 hap_prior [3]
[2] 89.2  950.35 0.00 874204285 cmnp_hap [2]

Figure 3.2 Results of GProf v.2.18.50 profiling the SEQ SNPHAP program.

3.1.2  Multithreading with OpenMP 3.0

For the Multithreading step, the SEQ SNPHAP will be introduced how can be the mul-
tithreaded program by applying parallel For construct and Task construct to improve the

performance. Each construct will be explained in the following subsections.
3.1.2.1  Applying OpenMP parallel For Construct

The parallel For construct is used to split up the loop iterations among the threads
and also distribute the workload equally at run time. As referred to profiling in the previous
subsection, the loop of the cmp._hap() should be optimized within both the hap prior() and
the hap_posterior() to gain performance. The cmp _hap() compares a couple of haplotypes
until it reaches the last haplotype. But the loops of cmp hap() are not independent. So,
parallelizing the cmp _hap() is not appropriate due to its small loop body. In order to run
cmp_hap() in parallel, both the hap prior() and the hap_posterior() have to be modified by
moving the cmp_hap() to compute in the outer loop. Moreover, the cmp_temp(] array is al-
located to store temporary output for this technique. In addition, the outputs of comparison

are kept in cmp_temp]] array for availability for the next while loop.

The OMP SNPHAP version of the hap prior() and hap posterior() are shown in
Figure 3.3. As it can be seen in each function, a parallel region is defined to contain a
work-sharing construct. A parallel region is a block of code executed by multiple threads
simultaneously, while a work-sharing construct divides the iterations of the loop to distribute

over the CPU cores.

A parallel construct is used to define a parallel region and a For construct is used



// hap_prior function

#pragma omp parallel for private(jj)
for (jj=0 jjj<n_hap; jj++)
cmp_templjj] = '0; // RO0005 region
h=hs; hl=hs;
#pragma omp parallel for private(hs,h)
for (ii=0; ii<n_hap; ii+=2) {
hs = h1+(ii);
h = hs+1;
if (cmp_hapths, h)l=0)
cmp templii] = '1%
hs = h;
if (hs<he-1){
h++;
if cmp_hap(hs, h)I=0)
cmp_templii+1] = '15

// R00006 region

}
} //end parallel for
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e

) Master thread
Serial code
! Fork
Thread 0 Thread 1 ‘ Thread N-1
j=0to ji=n_hap/N to ji=n_hap*(N-1)/N
J=n_hap*(N-1/ N Worker threads
(n_hap/N)-1 (2*n_hap/N)-1 to n_hap-1
\ I | Join
h=hs; hl=hs; < Master thread
Thread 0 Thread 1 Thread N-1 Fork
jj=0to j=n_hap/N to ji=n_hap*(N-1)/N
(n_hap/N)-1 (2*n_hap/N)-1 to n_hap-1
N Worker threads
| | ‘ Join
Serial code Master thread

(@) hap prior()

// hap_posterior function

#pragma omp parallel for

for (jj=0 jj<n_hap/2; jj++) // ROD0OT region
cmp_templjj] = 0%

h=hs; hil=hs;

#pragma omp parallel for private(hs,h)
for (ii=0sii<n_hap/2;ii+=1)1
hs = h1+(ii*2);
h = hs++;
if (cp_hapths, h)1=0)
cmp_templii] = 1%

// RO0008 region

} //end parallel for

Master thread

Fork

N Worker threads

Join

Master thread

Fork

N Worker threads

Join

(b) hap_posterior()

Serial code @
Thread 0 Thread 1 ‘ Thread N-1
j=0 to J=n_hap/N to jj=n_hap*(N-1)/N
(n_hap/N)-1 (2*n_hap/N)-1 ton_hap-1
I [ ]
h=hs; hl=hs; {;
Thread 0 Thread 1 ‘ Thread N-1
ji=0 to ji=n_hap/2N to ji=n_hap*(N-1)/2N
(n_hap/2N)-1 (n_hap/N)-1 _[** to n_hap/2-1
\ | [
Serial code v

Master thread

Figure 3.3 Parallel execution of cmp hap() and code optimization inside (a)
hap prior() and (b) hap_posterior() with OpenMP parallel For construct.
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to define a work-sharing to split up the loop iterations among the threads. In addition, the
private(hs,h) clause is added to define hs and h pointers as a private copy of each thread.
When the Master thread encounters the parallel region, the code within the parallel construct
is copied to a number of T" Worker threads. On the other hand, different sets of haplotypes
(data) are distributed to those worker threads for parallel execution. The number of threads

for the parallel region is set with the omp_set num_threads().
3.1.2.2 Applying OpenMP Task Construct

Recently, OpenMP version 3.0 [1] introduced T'ask construct to express the par-
allelism in several algorithms whose the amount of hardware/platform parallelism unknown
in advance. Some application uses T'ask constructs to express the parallelism in algorithms

such as Floorplan Alignment, SparseLU, Multisort [78] and so on.

In this work, the Task construct is used to parallelize recursive algorithms (gsort())
inside main() as shown in Figure 2.6. As referred to previous subsection, the execution of
cmp_hap() has been parallelized inside hap_prior() and hap_posterior(), respectively. From
Sequential Profiling step, the sorting function (gsort()) is called cmp_hap() consumes the most
execution time too. So, previous OMP SNPHAP has been extended to include multithread
version of gsort(). Due to the standard library gsort() in SNPHAP to difficultly parallelize.
Then, a new gsort1() has been developed with OpenMP Task construct as shown in Figure

3.4 so that it can be called from main() as the following,

gsortl(ho list,ny, sizeof (HAP%), cmp_hap); (3.1)

where ho_list is the haplotype list, ny, is the number of haplotype instances, sizeof(H APx)
is the memory size of one haplotype, and emp hap is the haplotype comparison function.
From Figure 3.4, it can be seen that begin is the left-most index of the subarray of haplotype
list and end is the right-most index of the subarray of haplotype list. Two array indices,
71 and jj are instantiated. Let 4i is initially "begin”, and jj is initially "end”, so that ii
and jj sandwich the items to be sorted. OpenMP Parallel/Single construct in gsortl() is
incorporated in the first call of sort() function (using #pragma omp parallel and #pragma
omp single). As mentioned earlier, the thesis makes use of T'ask construct to create tasks

recursively (using #oragma omp task). A thread executes a task, which may be any thread
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static void sort(char *array, size t size, int (*cmp)(const void*, const void®), int begin, int end)
if(begin == end) return;
int li=begin;

int jj=end,

void *pivot= array + (((begin+end)/2) *size);
do {
while ( cmplarray+ii*size),pivot) < 0) ij++;

while ( cmplarray+(jj*size),pivet) > 0) jj-;

if (ii<=jj) {
swap(array+(ii*size) array+(jj*size), size); // Pivot partition
ii++;
i

}

} while (ii<=jj);

#pragma omp task

sort(array,size,cmp,begin,jj);

#oragfhalomp task // Recursive sort()

sort(array,size,cmp,ii,end);

}

void gsort1(void *array, size t nitems, size t size, int (*cmpXconst void®, const void*,) {

#pragma omp parallel

#pragma omp single {
// Calling sort()

sort(array, size, cmp, 0, (nitems-1));

Figure 3.4 Parallel gsort1() with OpenMP 3.0 T'ask construct.

in the thread pool. Moreover, when a thread finishes executing a task, it catches a new
task to execute. In this way, all threads can execute tasks without barrier synchronization,
thereby improving load balancing. The number of threads for the parallel region is set with

the omp_set_num_threads() function.
3.1.3 OMP SNPHAP Verification

The OMP SNPHAP results must be verified again and again until they are close to those
of sequential version. As shown in Figure 3.5, a utility program named Beyond Compare
matches and differentiates both output files from OMP and SEQ SNPHAP in black and red

respectively.
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time3.out [Beyond Compare] E“EWE
Fle Edt Search ¥iew Tools Help
[*|xE=|s B-[+ ¢ AKX B 7% BBX[De0|@D3 ~[=8e
|D24..A51 loci\datason_S144 threaditimes.out vJ = 9Y3/2010 45906 :D:\ThEsls_Phd\|unmwnmswmﬂm\exper\mentUfupenmmp vj F 8/3/2010 5:12:00
1 ting: Tue Mar 9 11:58:05 2010 |~ 1 ting: Mom Mar & 12:11:58 2010 [~
z 2
1 [ Bt < s sagesns +. Probability  [FTa— oo < — Bocviapsspasgeins +. Probability
4 7 4
5 2ll2l212122111221122111 11211212121 0.170819 5 21121212122111221132111 11211212121 0.170893
6 21121212122111221122121171 1212221 0.134428 6 21121212122111221122121121 lz1zz21 0.134445
7 21121212122211221221111 11211212121 0.078874 7 21121212122211221221111 11211212121 0078811
5 21121212122111221122122112112112211121211 0.071888 § 21121212122111221122122112112112211121211 0071810
5 12211121211111221122111 11211212121 0.043394 9 12211121211111221122111 11211212121 0.043273
10 21121212122211221221121121 1212221 0.040855 10 21121212122211221221121121 lz1zz21 0.040866
11 12211121211111221122121121 1212221 0.037968 11 12211121211111221122121121 lz1zz2] 0.037947
| 1z zllzlzlzl 1112121211 11211212121 0.027118 12 211212121 l1lzlz1211 11211212121 0.027120
i 13 21121212122211221221122112112112211121211 0.023826 13 21121212122211221221122112112112211121211 0.023366
14 22212122212111221122122112112112211121211 0.021550 14 22212122212111221122122112112112211121211 0.021554
15 12122212111221122111 11211212121 0.021390 15 12122212111221122111 11211212121 0.02138%
16 21121212122111221122111 11211212121 0.020568 16 21121212122111221122111 11211212121 0.020522
17 zl1z12121 1112121221121 1212221 0.019883 17 211212121 1112121221121 1212221 0.018671
18 211212121 1112121221121 1212221 0.017810 18 211212121 1112121221121 1212221 0.017806
13 12122212211221221111 11211212121 0.016853 19 12122212211221221111 11211212121 0.016857
20 211212121221 1121221121 1212221 0.014213 20 211212121221 1121221121 1212221 0.014154
21 211212121221 1121211 11211212121 0014066 zl 211212121221 1121211 11211212121 0.01412%
22 21121212122111221122121121 1212221 0013640 zz 21121212122111221122121121 1212221 0.013651
23 12211121211211221221122112112112211121211 0.011374 ~ || 23 12211121211211221221122112112112211121211 0.011317 >
1 Differences 1 < >

snphap listing: Tue Mar 9 11:59:05 2010
snphap listing: Mon Mar B8 12:11:59 2010

# 28 Section(s) Different Load tme: 0,14 sec

Figure 3.5 Verifying haplotyping results of OMP and SEQ SNPHAP by using Beyond
Compare.

3.1.4  OMP SNPHAP Profiling

After the OMP SNPHAP results are completely verified in step 3 (Qutput Verification,
Task and parallel For constructs are analyzed to investigate the performance characteris-
tics of multithreading with OpenMP profiling tool named ompP [77, 79]. As shown in Figure
3.6, ompP profiling report consists of Header, Region Overview, Flat Region Profile, Call-
graph Profile and Overhead Analysis Report. Header contains general information such as
data and time of the program. Region Overview shows number of OpenMP regions (con-
structs) and their source code locations. The ompP can examine the effectiveness and
efficiency of OpenMP parallel constructs. The profiling report consists of threads distribution
and overhead analysis. This thesis shall determine each parallel region whether it can be
parallelized and sped up in accordance with the number of threads forked by OpenMP. To
instrument with ompP, prefix gcc openmp with kinst — ompp is added. The explicit initial-
ization fpragma pomp inst init should be placed at the beginning of main(). The profiles of
each individual parallel region (construct) and the entire program are reported. According to
Figure 3.3, the parallel construct labelled R0O0005, R0O0006, RO0007, and RO0008 correspond-
ing to hap prior() and hap posterior() consumes the biggest portion of total execution

time.

In summary, the methodology is the use of OpenMP library directives to perform mul-

tithreading at functions consuming most execution time according to the profiler. However,
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PARALLEL: 1 region:
* ROO0O3 snphapfun.c [(81-85)

PARALLEL LOOP: 4 regions:
* ROOOODS snphapfun.c (404-409)
* ROO0OOG snphapfun.c (414-4353)
& ROOOO7 snphapfun.c [(S595-5599)
* ROO0OOS snphapfun.c [603-615)

SINGLE: 1 regicon:
* ROOOD4 snphapfun.c (82-85)

TAZE: Z regions:
* ROOOO1 snphapfun.c [(69-70)
# ROO0OO0Z snphapfun.c [(73-74)
TAZEEXEC: 2 regions:

* ROOOOD1 snphapfun.c [(69-70)
* ROO0OO0Z snphapfun.c [(73-74)

Inclusive %] Exclusive 1%

2.21 (100.0%) 0.63 (28.47%) [snphap: 32 threads]

0.56 [25.23%) 0.02 | 1.01%) PARALLEL |-ROOOO3 snphapfun.c (S51-85)

0.54 (24.22%) 0.-59 (245878 SIMGLE | +-ROO0OO4 snphapfun.c (82-85)

0.00 (0.001%) 0.00 (0.001%) TLZE | | -ROCOO1 snphapfun.c [(69-70)
0.09 | 4.17%) 0.03 | 1.46%) TASKEXEC | | =RO0OOO01 snphapfun.c [(69-70)
0.03 [ 1.49%) 0.03 | 1.49%) TALZE | | | -ROCO01 snphapfun.c (63-70)
O.@38 (" 1.22%] ERFTE 187 ] TLIE | |  +-RO0002 snphapfun.c (73-74)
0800 | =452%Y 0.04 | 1.80%) TASEEEEC | | -RO0O0ZE snphapfun.c (73-74)
0.03 | 1.38%) 0.03 | 1.38%) TASE | | | -ROOOO1 snphapfun.c (69-70)
0.03 | 1.36%) o e e - 2| TALZE | |  4-R0O0002 snphapfun.c (73-74)
0.00 (0.000%) 0.00 (0.000%) TRSHEL| +-RO000Z2 snphapfun.c [73-74)
0.20 [ 9.13%) 0.20 | 9.13%) PARLOOP |-ROODOS snphapfun.c (404-4093)

0.32 [(14.55%) 0.32 (14.55%) PARLOOF |-ROODOG snphapfun.c (414-433)

0.22 (10.06%) 0.22 (10.06%) PARLOOP |-ROODO7 snphapfun.c (535-533)

0.28 [(12.56%) 0.28 (12.56%) PARLOOF +-RDO0O0D0S snphapfun.c (603-615)

Figure 3.6 Profiling result of OMP SNPHAP by ompP with 32 threads to examine %run
time of hap prior() and hap posterior(), and gsortl().

due to dependencies and sequential behavior of SNPHAP, the source code must be modified
to preserve correctness. In addition, parallel behavior must be profiled to further improve

performance and efficiency due to OpenMP overhead.

3.2 Experiment Results and Discussions

In this section, the experiment set up and measurement, Runtime and Speedup of the

OMP SNPHAP running under various multithreaded configurations will be presented.
3.2.1 Experiment Set Up

The results reported in this thesis are based on experimental measurements on three

multicore CPUs systems: Intel Xeon E5405 Harpertown, Intel Xeon E5520 Nehalem-EP (Hy-
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Table 3.1 SNPHAP Notations
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A constant incorporating the multinomial coefficient

The number of possible haplotype pairs at the j;;, genotype

The fraction of a program that can be parallelized

"Posterior” haplotype frequencies at Iy, iteration and t;, haplotype
The frequencies of the h; and the hy14

"Prior” haplotype frequencies at Iy, iteration and t;, haplotype
Total number of genotypes in a population
Individual haplotype

Probability of iy, haplotype pairs of each c;

The iy, position of haplotype pairs

The jy, position of genotype

The number of heterozygous loci sites

The number of heterozygous loci at the j;;, genotype
EM iteration number

Likelihood function of the haplotype frequencies
Observed genotype data

The maximum number of loci () of each genotype
The maximum number of haplotypes

The number of current phase ¢

Overhead of p processor cores

Overhead of 7' threads and OpenMP

The number of processor cores

Probability of the ji, genotype

The probability of iy, haplotype pairs made up
The ty, position of haplotype

The number of threads

The number of threads at hap posterior()

The number of threads at hap_prior()

Logarithm Likelihood value

Tolerance of logarithm Likelihood

perThread) and AMD Opteron 8356 Barcelona located at National Center for Genetic Engi-

neering and Biotechnology (BIOTEC), Thailand. The operating systems are Linux Fedora 9

kernel 2.6.25 SMP version for E5405 and E5520 and Linux CentOS 5.2 kernel 2.6.18 SMP ver-

sion for AMD Opteron. The modified SNPHAP 1.3.1 is compiled with GCC 4.4 together with

OpenMP 3.0 library (only OpenMP and no other compiler optimizations) and profiled with

GNU GProf v.2.18.50.

Table 3.2 provides a summary of evaluated systems including a dual-socket quad-core

(8 cores total), a dual-socket quad-core (HyperThread) and an octal-socket quad-core (32

cores total) systems. These systems have a range of characteristics of particular interest to
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multithreading performance. The OMP SNPHAP shall be improved by each OpenMP construct
to get the highest performance. Secondly, the systems span a range of cache capacity and
cache sharing configurations. The L3 cache capacities range from as little as 512 KB per core
(AMD Opteron 8356) to as high as 2 MB per core (Intel Xeon E5520). Thus, the effect of cache
capacity shall be explored. Moreover, the Intel Xeon E5405 system has on each socket two
L2 caches as 3MB per core, each of which is shared by a pair of cores. Experiment (simulation)
genotype data set can be obtained from Snap [80], the open source tool for generating the

genotype data, with parameters as shown in Table 3.3.

Table 3.2 Architectural details of multicore systems used in this study. fshared
among cores on a socket. Ishared among 2 cores on a socket.

System Intel E5405  Intel E5520 AMD Opteron 8356
Core Architecture Harpertown  Nehalem-EP Barcelona

Socket x cores x threads 2x4x1 V. RV 8xdx1

# threads 8 16 32

Clock (GHz) .. 2.66 2.3

L1/L2/L3 cache (KB) per core 32/61441/- 32/256/81921  64/512/2048%
DRAM Capacity (GB) 4 12 16

Bandwidth (GB/s) J1.3¢ - 3 = 21.33

Table 3.3 Parameter set of the experiments

Parameters Values
Maximum thread number (T) 1,2, 4,8, 16, 32,48, 64
Number of genotypes (G) 500, 1000, 2000, 5000, 10000
Number of loci in genotypes (n.) | 21, 51, 101, 151

3.2.2 Runtime

From a given set of parameters in Table 3.3, the Runtime of SEQ SNPHAP on AMD
Opteron 8356 machines compared with the Runtime of OMP SNPHAP on Intel Xeon E5405,
Intel Xeon E5520, and AMD Opteron 8356 machines for Combined Parallelization (parallel

For + Task) are plotted as shown in Figure 3.7.

Here are the observations in general. It can be observed that the Runtimes tend to
grow up along with the number of loci , n., increases. Moreover, Intel Xeon E5520 can run
OMP SNPHAP and achieves better Runtime than AMD Opteron 8356 and Intel Xeon E5405
due to higher clock frequency (2.6 GHz vs. 2.3 GHz vs. 2 GHz, respectively), larger and deeper
cache per 4 cores (8-MB L3 vs. 2-MB L3 vs. 2x6-MB L2, respectively), much higher memory
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Runtime of SNPHAP at 10,000 genotypes (Combine)
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Figure 3.7 Runtime comparison of SEQ SNPHAP on 32-Core AMD Opteron 8356 and
OMP SNPHAP on 8-Core Intel Xeon E5405 (8 threads), 8-Core Intel Xeon
E5520 (32 threads), and 32-Core AMD Opteron 8356 (16 threads) at 10,000
genotypes, respectively (OpenMP only, No other compiler options).

bandwidth, better memory technology (DDR3 vs. DDR2 vs. DDR2, respectively).

To simply understand and compare the results, the Speedup of Runtimes between
SEQ SNPHAP and OMP SNPHAP of Intel Xeon E5405, Intel Xeon E5520 and AMD Opteron

8356 machines are plotted in the next subsections.
3.2.3 SpeedUp

For result comparison, the Speedups are presented in terms of three techniques: ap-
plying only parallel For construct, applying only T'ask construct and combining both parallel
For construct and T'ask construct. The Speedup of each technigque will be shown and de-

scribed in the following subsections.
3.2.3.1 parallel For Construct

Only parallel For construct is applied to improve the performance. To simply
understand the experimental results and description, let a long word ”parallel For construct”
as short word ”For construct”. Figure 3.8 shows Speedup of OMP SNPHAP for For construct
on of three CPUs compared to sequential version of 10,000 genotypes at different numbers
of loci: 21, 51, 101 and 151, respectively. It can be observed that the Speedups of all
CPUs tend to grow up along with the number of threads increase except in (Figure 3.8 (a) 21

loci), no Speedup from Intel Xeon E5405. The maximum Speedup of AMD Opteron 8356 of
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Figure 3.8 Speedup Comparison of OMP SNPHAP for For construct on Intel Xeon
E5405, Intel Xeon E5520 and AMD Opteron 8356 of 10,000 genotypes (a)
21 loci (b) 51 lodi (c) 101 loci and (d) 151 loci (OpenMP only, No other
compiler options).

3.35 can be achieved at larger number of loci, data set, and particularly at 16 threads and
decrease slightly later on. For Intel Xeon E5520, the maximum Speedup is 2.73 at 32 threads
at larger number of loci and larger data set. Moreover, the Speedup is maximized at 8 threads
and slowed down at 16 threads. It turns out at 32 threads and decreases slightly later on.
The reasons behind this effect are the system might use only one memory controller, it
follows that the SNPHAP does not benefit much from the second memory controller [81],
the SNPHAP is memory bounded program for NUMA (E5520) and also L2 cache capacities
as little as 256 MB per core. As of Intel Xeon E5405, the Speedup tends to grow up along
with the number of threads increase as same as both machines except in (Figure 3.8 (a) 21

loci); that is, as the Speedup tends to slowdown when the number of threads increases. The
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reasons behind this effect are short execution time and overhead cost of Flor construct. The
maximum Speedup is 2.19x at 8 threads and larger number of loci and larger data set and

decrease slightly and almost constant later on.

Here are the observations. AMD Opteron 8356 can run OMP SNPHAP and achieve
higsher Speedup than Intel Xeon E5520 and Intel Xeon E5405 with the same parameter set.
Note that Speedup of each CPU is compared with its own SEQ SNPHAP. The higher number
of cores, the higher Speedup (32 vs. 8 vs. 8, respectively). Moreover, Intel Xeon E5520
can run OMP SNPHAP faster than Intel Xeon E5405 due to higher clock frequencies (2.66
GHz vs. 2.0 GHz), larger and deeper cache per 4 cores (8-MB L3 vs. 2x3-MB L2), much
higher memory bandwidth, better memory technology (DDR3 vs. DDR2) and Hyper-Threading
technology (2 threads/core vs. 1 thread/core). In previous work [82], it is reported that each
For construct can be parallelized and Speedup in accordance with the number of threads
forked by OpenMP. Furthermore, the %overhead of OpenMP can significantly affect the total
execution time especially at small data sizes and large number of threads (%overhead of 1

thread/core is much lower than that of 2 threads/core).
3.2.3.2 Task Construct

Only Task construct is applied to improve the performance. Figure 3.9 shows
Speedup of OMP SNPHAP gained on the Task construct implementation using OpenMP 3.0,

as measured against the sequential performance data given in Table 3.3.

It can be observed that the Speedup of AMD Opteron 8356 tends to grow up along
with the number of threads. The maximum Speedup of 1.58x can be achieved at 51 loci,
larger data set (10,000 genotypes), and particularly at 8 threads. In addition, the Speedup
tends to increase to the maximum values at 8 threads and decrease slightly later on. For
Intel Xeon E5520, the Speedup tends to grow up along with the number of threads increase
as same as the AMD Opteron 8356. It can be noticed that the Speedup is maximum of 1.41x
at 8 threads at 51 loci and larger data set. Moreover, the Speedup tends to peak at 8 threads
and decreases slightly later on. While Intel Xeon E5405, the Speedup tends to grow up along
with the number of threads on both machines except in (Figure 3.9 (a) 21 loci); that is, as the
Speedup of all threads below 0.75. The reason behind this effect is short execution time and
Task construct overhead cost. Especially, when the number of threads increases over the

number of CPUs cores, its overhead grows up so rapidly. The maximum Speedup is 1.29x at
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Figure 3.9 Speedup Comparison of OMP SNPHAP for T'ask construct on Intel Xeon
E5405, Intel Xeon E5520 and AMD Opteron 8356 at of 10,000 genotypes
(a) 21 loci (b) 51 loci (c) 101 loci and (d) 151 loci (OpenMP only, No other
compiler options).

8 threads at 51 loci and larger data set. It can achieve the maximum values at 8 threads and

decrease slightly later on.

It can also be observed that the Speedups of both AMD Opteron and Xeon E5520
reduce significantly, when T" = p (So that the best throughput should be obtained when
T = p). However, the Speedup tends to grow up when problem size (G' and n.) increase.
The reasons behind this effect are problem size and more recursion levels. The small prob-
lem sizes lead to Speedup loss due to data dependency. For larger problem sizes, data
dependency reduces significantly. Unfortunately, the main source of Speedup loss is the
memory overhead, which increases both with the number of cores and with the problem

size. For more recursion levels, when many threads are defined available for use, more
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recursion levels lead to memory overhead and data dependency. Moreover, it does not

benefit much from the second memory controller as previously discussed.

Here are the observations, the Task version scales better on the larger data set at
51 loci. Especially, as the Speedups of Intel Xeon E5520 and Intel E5405 tend to slowdown
when the number of lociincreases. The reason behind this effect is more haplotype instances
(depending on the number of loci, n.). While AMD Opteron 8356 still scales on 101 loci and
151 loci better than Intel Xeon E5520 and Intel E 5405 because higher number of CPUs cores
(32 vs. 8 vs. 8, respectively). Moreover, Intel Xeon E5520 outperforms Intel Xeon E5405 due
to higher clock frequencies (2.66 GHz vs. 2.0 GHz), larger and deeper cache per 4 cores (8-MB
L3 vs. 2x3-MB L2), much higher memory bandwidth, and better memory technology (DDR3
vs. DDR2). However, both of them achieve less maximum Speedup than AMD Opteron 8356,

due to the fact that both have only 8 physical cores.
3.2.3.3 Combined Parallelization

Two OpenMP construct, For construct and T'ask construct, are combined to im-
prove the performance. From Figure 3.10, the Speedup of all CPUs and all graphs tend to
grow dramatically when the number of threads increase (peak at 8-16 threads) and decrease
slightly later on. The Speedup scales well as the number of threads and the physical cores
are available. Moreover, the Speedup grow up along with problem size (G and n.). Espe-
cially, as a larger number of loci (151 loci) and a larger data set (10,000 genotypes) all system

show the highest Speedup.

It can be observed that the maximum Speedup of Intel Xeon E5405 is 3.16x at 8
threads and slightly lower and almost constant later on. For Intel Xeon E5520, the maximum
Speedup is 4.10x at 32 threads. Moreover, the Speedup tends to peak at 8 threads and slow
down at 16 threads. It turns out at 32 threads and decreases slightly almost later on. This
effect is due to the For construct. On the other hand, the Speedup of AMD opteron 8356
tends to peak at 4.88x at 16 threads and slow down at 32 threads. It turns out at 48
threads and decreases slightly later on. This effect is due to Task construct. Due to this
experiments combine For construct and Task construct to improve the performance. So,
two factors leading to poor performance are OpenMP overhead costs and load imbalance.
Also, modification to the source code to support OpenMP. However, as the larger data set

due to larger number of loci, the OMP SNPHAP version scales effectively. Even when only a
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Figure 3.10 Speedup Comparison of OMP SNPHAP for Combined Parallelization (For
+ Task) on Intel Xeon E5405, Intel Xeon E5520 and AMD Opteron 8356
at of 10,000 genotypes (a) 21 loci (b) 51 loci (c) 101 loci and (d) 151 loci
(OpenMP only, No other compiler options).

single thread is used, there are some overhead costs incurred by OpenMP and modification

of the source code to support OpenMP.

Here are the observations, AMD Opteron 8356 can run OMP SNPHAP faster than
Intel Xeon E5520 and Intel Xeon E5405 due to higher number of CPU cores (32 vs. 8 vs. 8,
respectively). Moreover, Intel Xeon E5520 can run OMP SNPHAP faster than Intel Xeon E5405
due to higher clock frequencies (2.66 GHz vs. 2.0 GHz), larger and deeper cache per 4 cores
(8-MB L3 vs. 2x3-MB L2), much higher memory bandwidth, and better memory technology
(DDR3 vs. DDR2). Although the Intel Xeon E5520 shows its architectural features better than
AMD Opteron 8356 except for the number of CPU cores, the highest Speedup is lower than
that of AMD Opteron 8356. So, more physical CPU cores of AMD Opteron 8356 can achieve



37

to the highest performance.

3.3 Theoretical Analysis

Even by exploiting the actual/specific parallelizable parts, the suitable OpenMP con-
structs, the number of physical cores, the sizes of cache memories within/among CPU cores,
the clock frequency, the memory technology, the OMP SNPHAP can significantly run faster
than SEQ SNPHAP. Thie section will theoretically analyze the performance of OMP SNPHAP.

3.3.1 The Parallelizable Code Fraction

In parallel computing, Amdahl’s law [83] is used to predict the theoretical speedup
using multiple processors. For the parallelization on multicore systems, the speedup S(p)

that can be achieved by using p processor cores is given by Eq. (3.2).

1

) (3.2)
(1~ fp) + &+ o(p)

S(p) =

where f, is the fraction of a program that can be parallelized and o(p) = overhead of p
processor cores. This overhead consists of two portions: operating system overhead and
threading activities including synchronization, load imbalance, memory contention, cache
misses, and also OpenMP overhead (these overhead can be explored by OpenMP profiling
step which have introduced in [82]). It is either a strong scaling when the data size remains

constant or weak scaling when the data size is proportional to p (runtime remains constant).

In practice, if p is fixed and then the maximum speedup can be limited by the fraction
(1— fp) and the overhead o(p). In this context, the numerical value of fraction f, determines
the theoretical maximum speedup. As referred to the results of GProf profiling [76] in Figure
3.2, the fraction f, is the cmp _hap() which called by hap prior() and hap_posterior() as
89.2% of the total execution time. Therefore, the ideal speedup S(p) is 4.56 atp = T = 8.
Unfortunately, the experimental speedup of three systems at G = 10,000 and n. = 151 (as
Figure 3.10) are less than 4.56. These effects occur due to the o(p) and some source code
modification to preserve the correct output. Moreover, the speedups scale along with the
number of data size (G + n.) increases. This observation could be described by Eq. (3.2) that
when f, grows up, the serial (sequential) part, (1 — f,), decreases in opposite to f,. This

leads to higher speedup. If p is increased proportionally, nevertheless, the speedup would
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be weak scaling and could be further limited by memory contention, cache misses, and
communication bottleneck between cores. There are two ways for the solution including
more cache capacity and improving memory contention for shared memory resources. The
number of cache misses could be reduced with bigger cache capacity and deeper cache per
socket (chip). For reducing memory contention, shared data among cores should avoid as
many as possible. The best one is choosing the architecture that have not shared cache

among cores and/or have to modify the program to avoid shared data.

Next, to demonstrate the complexity analysis of both parts depend on the number of

CPU cores, the number of threads, and its overhead.
3.3.2 Applying parallel For construct

The theoretical analysis of hap prior() and hap_posterior() shall be investigated and
accounted for f, portion of the total execution time. The OMP SNPHAP was achieved by
parallelizing two functions by using parallel For construct [82]. In theoretical analysis of the
multicore CPUs, T threads are created such that each thread executes a chunk of cmp_hap().
In other words, the OpenMP parallel For construct splits and assigns the chunk of cmp_hap()

to each thread.

As referred to the haplotype inference (HI) definition [14, 41], HI is the problem of
inferring 2G haplotype pairs from G observed genotype data . For strictly biallelic genotype,
the number of possible haplotype pairs per genotype is 2871, where k; is the number of
heterozygous loci site (representing by 2) in an individual genotype data. So, the maximum

number of possible haplotypes ny, is calculated by Eqg. (3.3).
G
np =2 Z oki=1, (3.3)
j=1

where k; is the number of heterozygous loci site at jy, genotype.

The cmp_hap() has been called by O(ny,) times to compare two haplotypes at the
number of currently phased ng, in which the complexity of each call is O(ng), Therefore,
the computational complexity of the hap_prior() for running one EM iteration as shown in
Eq. (3.4).

Tpm’or(ndnnh) i O(ntb X nh) (3.4)
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Moreover, the computational complexity of the hap_posterior() for running one EM iteration
is defined in Eq. (3.5).

Tposterior(ndn nh) = 0(7’L¢ X nh) (3.5)

As referred to the SEQ SNPHAP algorithm in Algorithm 4 of Appendix A, the EM algorithm
will repeat hap_prior() and hap_posteior() until the EM iteration reach to the maximum a4
or frequencies are stable. At outer loop inside main(), the loop of ny will repeat until
the ng reach to the maximum of the number of loci (n.) for each genotypes. The possible
haplotype instance of the jy, senotype (c;) can be explained with 2%, where k; is the number
of heterozygous loci site (representing 2). In this way the total computational complexity of

the hap_prior() + hap_posteior() as shown in Eq. (3.6).

72} G l’YLa(L'
,Ttotal(nc; G7 lma:c = Z Z Z 3n¢ X 2k 2kj+1) (3.6)

Let k be the average of the number of heterozygous loci site so that the new equation

can be evaluated as Eq. (3.7).

Tiotal (Mes G liazs &) = O(ne X G X Taz % 2%) (3.7)

Since multicore CPUs can execute a number of threads 7" in parallel, the actual com-
putational complexity as shown in Eq. (3.8).
ne %G X-lhs x((3ne x 2F71) 2kt

T;fotal(nm G7 lmaac) T) = T +0(T) = O(TLCXGleaI ><2k),

(3.8)
where T is the number of threads, p is the number of processor cores, o(T) are threading
multiplexing, synchronization, load imbalance and also OpenMP overhead, and 7' > p. In
the best case, if T = p then o(T') can be eliminated. The n; depends on the number
of heterozygous site (representing 2) in each genotype which normally contains ~ 3/4 of
n. (evaluating from SNAP generating data set tool). As the n. increases, the nj, increases
which leads to memory consumption and cache miss problem that cannot be explored by

Amdhal’s law. This problem causes the speedup limitation.

For performance evaluation, let p and T be fixed and the I,,,4, can be eliminated due
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to it is a small constant (4, = 100) when compared with others, the complexity depends

on ne, G, o(T), and some overheads that cannot be explored by Amdhal’s law.

To improve the performance, the number of processor cores should be increased.
Some effects that cannot be explored by Amdhal’s law including cache miss, communication
between cores, less memory bandwidth, and memory contention problem. The complexity

analysis of gsort() part will be investigated in next chapter.
3.3.3 Applying Task construct

Task construct is applied to parallelize the recursive algorithm (gsort()) so that all
threads can execute tasks without barrier synchronization, leading to improve load balancing.
QuickSort, moreover, can operate on the same memory, the processor cores do not have
to share data except synchronization among cores. Note that the gsort() is located inside
the loop of ng in SEQ SNPHP. A new gsort1() is developed with Task construct in a parallel/
single paradigm with only one thread creating tasks and then inserting tasks into ready queue
(using #pragma omp single) and other threads will pickup tasks from the queue for sorting

a small haplotype instances list. This technique has introduced in [84].

In theoretical analysis of the multicore CPUs, T threads are created for tasks (using #
pragsma omp parallel). It has been acknowledge that QuickSort complexity is n log n (on the
average). Therefore, the computational complexity of the gsort1() at the number of currently
phased ny is O(ny, log ny,), where ny, is evaluated from Eq. (3.3). The total computational
complexity of the gsort1() is shown in Eq. (3.9) when ny equals n. and k is the average of

number of heterozygous loci.

Tysort(ne, Gy k) = ne x (G x 28) log (G x 2%)) = O(n. x ((G x 2%) log (G x 2%))), (3.9)

Since multicore CPUs can execute T threads in parallel, the actual computational

complexity as shown in Eq. (3.10)

ne x ((G x 2F) log (G x 2F))
T

Tysort(ne, G, k,T) = +0(T) = O(nex ((Gx2°) log (Gx2"),
(3.10)

where T' is the number of thread, p is the number of processor core, o(T) are threading
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multiplexing, synchronization and also OpenMP overhead, and T" > p. In the best case, if T' =
p then o(T') can be eliminated. Note that the n;, depends on the number of heterozygous

site of n. in each genotype so that the n. proportional to the ny,.

Let p and T be fixed, the complexity of gsort1() depends on n., G, o(T), and some
overheads that cannot be explored by Amdhal’s law including cache miss, communication
between cores, and memory contention problem. In recursive algorithm, a larger number of
haplotypes lead to more recursive levels that can affect multiple tasks or threads on long
execution time and also more memory consumption. On the other hand, the scheduler
can easily distribute the work among all threads when more tasks are available. To achieve
even higher performance, the gsort1() should be optimized by determining optimal tasks
that the scheduler can spawn besides more processor cores, more cache capacity, and also

its overhead should be reduced.
3.3.4 Cache memory and data size

In this section, anomaly relating cache memory and data size (G + n.) would be

investigated in term of the performance analysis.

The number of possible haplotypes (n;,) depends on the data size (G + n.). A large
number of haplotypes cannot fit in cache memory on both the same socket and among
sockets. From system architecture summary in Table 3.2, each core has a 32KB L1 data
cache totalling 4 x 32KB L1 data cache per socket (chip). From the experiments, the maximum
number of haplotypes at currently running phase (n4) are ~ 1 million haplotypes so that 18
MBytes of memory space must be allocated. Note that one haplotype data structure uses

18 Bytes.

For working data size within cache memory, only some haplotypes can fit into the L1
data cache on the same socket (chip) while remaining haplotypes must be transferred from
lower-level caches (L2 and L3). Unfortunately, these haplotypes might be moved to the
neighborhood socket via communication links. If many more processor cores are used in
the experiment, high shared-data management cost between cores and sockets (chips) will
occur. These can lead to additional memory bandwidth contention and cache coherence
problems. The factors of different result for Intel Core i7-2600 are larger/bigger L3 cache,

higher bandwidth (three data accesses per cycle) and the new 32-bit ring-based interconnects
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between the processor cores.

There are a few solutions. The first one is using larger cache capacity and deeper
level cache per socket (chip) to reduce sharing data among sockets. The second is increasing
high speed communication links between cores and sockets to increase the bandwidth and
reduce the bottlenecks. The third is avoiding shared data between cores and sockets as

possible. These solutions could help achieve even higher performance.



CHAPTER 4

PARALLEL PARTITION AND MERGE QUICKSORT

(PPMQSORT)

This section is divided into three subsections; The first one is PPMQSort overview.
The second and third are Complexity Analysis and Performance Evaluation and Discussion,

respectively.

4.1 PPMQSort overview

Previous parallel QuickSort algorithms focus on optimizing either partitioning phase or
recursive QuickSort phase. This thesis is focused on both phases. In this section, the Parallel
Partition and Merge QuickSort (PPMQSort) is proposed on any multicore CPUs. The concept
of PPMQSort is to partition an unsorted array into partially sorted partitions in the Parallel
Partition Step. Then, these partitions can be eventually sorted independently using OpenMP
Task construct in the Parallel gsort() Step. Those important steps mentioned above can

be illustrated in Fig. 4.1.

The PPMQSort is actually developed in C language on top of an open-source/past
version of Stdlib gsort() utilizing stack rather than recursion. Due to limited space and ease
of understanding, the algorithms are explained in recursion. Notations used in this chapter
are listed in Table 4.1. This section first presents the Parallel Partition Step consisting of
2 phases: Partition Phase with 2 threads and Merge Phase with 1 or 2 Threads. Then it
shows how to apply OpenMP Task parallelism to call gsort(). At last, the time complexity

of PPMQSort is analyzed.
4.1.1 Parallel Partition Step

The partitioning operation has been a major bottleneck of QuickSort since it was in-
vented. Previous work has tried to optimize it by both reducing the number of key com-
parisons and fast swapping code. The key idea of the Partition Phase with 2 Threads is to
divide the input data array into two subarrays. Then, they can be partitioned in parallel with
2 threads into 4 sub-subarrays using the same pivot value. Next is the Merge Phase with 1

or 2 Threads swapping the second and third sub-subarrays. Both phases of Parallel Partition



Taslgl)
Ip
al w0462

7le 2]

Level 0

| .
=l

»
s e[ ]s3][s]7]u]

After median of three pivot selection and then Partition Phase with 2 Threads

with the same pivot

i

a 1462
\

i private d <- p ig

716]2]
|

P private d <-p Jr
slelels[s[7[ufw
\ |

Thread 0
After Partition Phase with 2 Threads

Thread 1

Iy Iy P jR Ja -iR
al 1 [a]2]2]7]6]e]s[s]3]s]e][7][ujfw
Merge Phase .
Iy [ P = Ja Jr
a 1 4 2 2 7 6 6 5 5 3 8 6 7 11 | 10
Parallel Swapping with 1/2 Threads
After parallel merge g .
p g i P
a 1 4 2 ‘ 2 475 3 5 NN Y | 6 ‘ 8 6 7 _Jr 11 10
' 4
Parallel Task
4 b Level 1
Task 1 P Task 2 P .
r./ AR L N YA R
_QSort() _QSort()
A\ /
N / ), Level 2
\ N
Task3 ' Task 4 Task 5 Task 6
1 4 2 - 6 | 7 6 7 ‘ 6 11 | 10
gsort() gsort() gsort() gsori()
Final result
|
a(fl 2 1 3 L l 5 496 [ 6 6 7 7 i 8 10 | 11

Note: Cutoff size <=5

Parallel Partition Step
(Recursive)

Parallel gsort() Step

aq

Figure 4.1 Illustration of Parallel Partition and Merge QuickSort (PPMQSort) consisting

of Parallel Partition Step and Parallel gsort() Step

Step are explained in details as follows.

4.1.1.1

Partition Phase with 2 Threads

Initially, an unsorted data array, a = aqg,ay,...,a,—1, is divided into two in-

dependent subarrays at the pivot p.

Let a, denotes the pivot element selected by

MedianO fThree() function. Let iz, and ig be left indices and jz, and jgr be right indices

of a, respectively. The left subarray of a, ag, ..,a,—1 corresponds to (if, = 0,ig = p — 1).

Similarly, the right subarray, apy1, .., an—1, corresponds to (jr, = p+ 1,jr = n — 1). In this

phase, both subarrays, (a;, ,ai,) and (a;,,a;,) are compared and swapped with the same

pivot a, simultaneously using 2 threads on line 13 and line 15 in seq_partition() of Algorithm

2. In addition, seq_partition() returns the partition index as iy and jq for the left and right

partitions, respectively as shown. As a result, ag, .., a,—1 are splitted into 4 sub-subarrays;
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two sub-subarrys on the left, ag, .., a;, and a;,+1, .., ap—1, and two sub-subarrys on the right,
ap+1, -, @j,—1 and a;,, .., a,—1. Notice that iy and jg are the middle indices of the left and

right subarrays, respectively.

From a programming perspective, OpenMP Parallel Tasks have been applied with-
out barrier synchronization, leading to improved CPU utilization. To reduce the number of
shared memory accesses, d = p is copied to be a local private variable to improve cache

locality. Both Phases are listed in Algorithm 2.

In summary, based on i4, p, and jg4, two independent subarrays can be partitioned
into 4 sub-subarrays in parallel with respect to the global a, pivot in this phase. These 4
sub-subarrays are ordered as follows: less than or equal (LEQ), greater than (GT), LEQ, and

GT from left to right.
4.1.1.2 Merge Phase with 1 or 2 Threads

In this subsection, the second (GT) sub-subarray, a;,+1, .., ap—1, and the third (LEQ)
sub-subarray, ap41, .., a4,-1, are swapped and merged together. The idea of this phase is to
swap all data in both sub-subarrays in order to rearrange them in the correct order, LEQ and
GT. Because this phase needs only to swap a bulk of data between them, no comparisons
are necessary. Furthermore, swapping would work with data on the same sub-subarrays so

that the method does not use an extra memory.

The Merge Phase with 1 or 2 Threads is shown as function Merge() on line
21 of Algorithm 2 where len() returns the number of elements between two arguments
(len(z,y) =y —x + 1;y >= x). Letip = ig+ 1 and jg = jg— 1 be the left most index
and the right most index of the sub-subarray. So, the second (GT) sub-subarray consists

of a;,,..,ap,—1 and the third (LEQ) sub-subarray consists of a,1,..,a;,. Both arrays must

-
be swapped to complete the Parallel Partition Step. The swapping will start from this pair
(@iy+i, Gtemp+i) and incrementally continue for ¢ = 0 to length — 1 on line 39 of Algorithm
2. After swapping is finished, a, must be adjusted to the correct position. Both phases of
Parallel Partition Step are recursive as shown in function _@QSort() until each partition’s size
is no greater than Cutoff u on line 1 of Algorithm 3. Although it is associated with OpenMP

Single construct on line 15, parallelism can be achieved up to 2h threads in reality. That’s

because the Parallel Partition Step each forks 2 threads internally.
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Three important steps need to be considered in this phase. Firstly, the total num-
ber of elements swapped between two sub-subarrays is calculated. This number can be
determined from the shorter length of either ¢4 and pivot place p or j; and p. The variable
length can be < 7. Then, the direction of swapping sequence is determined. In order to be
cache friendly, increasing order is chosen. The last step is to move the pivot to the appro-
priate position in the array after swapping process is finished to guarantee that the Parallel
Partition Step is completed. In the next Parallel gsort() Step, those partitions can be gsort()

in parallel up to h threads.
4.1.2 Parallel gsort() Step

The Parallel Partition Step can be cutoff by u elements to avoid over partitioning so
that gsort() can efficiently sort in each core’s private L2 cache or shared L3 cache depending
on the hardware. The Parallel gsort() Step is on the else part of function @sort() on line 9
of Algorithm 3. Therefore, Cutoff u should be parameterized in the experiment to achieve the
best Speedup. As a result, if the Stdlib. gsort() performance is improved, the performance
of PPMQSort will be automatically enhanced. Next, the time complexity of PPMQSort will

be analyzed in O() notation.

4.2 Comparison with QSort

PPMQSort is compared with original QSort version (as referred to Algorithm 1). The

summary of comparisons as shown in Table 4.2.
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Algorithm 2 The Parallel Partition algorithm

1: function ParallelPartition(a,start,end) > Parallel Partition Step
2 i1, jr,p < Partition(a, start, end) > call Partition function
3 p < Merge(a,p,ir, jr) > call Merge function
4: return p

5. end function

6: function Partition(a, iy, jr) > Partition Phase with 2 Threads
7: p < MedianO fThree(a,ir, jr)

8: d<+p

9: iR < p— 1
10: jL —p+ 1
11: begin OpenMP parallel Tasks private(d)
12: OpenMP Task
13: iq < seq_partition(a,d,ip,ip) > Partition the Left Subarray
14: OpenMP Task
15: Ja < seq partition(a,d, jr, jr) > Partition the Right Subarray
16: end parallel Tasks
17: i < 1g+ 1
18: IR Ja—1
19: return (iz,jg, p)

20: end function

21: function Merge(a, p, ir, jr) > Merge Phase with 1 or 2 Threads
22: > Three cases for calculating location and moving the pivot p
23; if len(ip,p—1) <len(p+1,jr) then > Left side is shorter.
24: length < len(ip,p—1)

25: Swap(ay, @j,—iength)

26: p < jr — length

27: temp < p+1

28: else if len(ip,p — 1) > len(p+ 1,jr) then > Right side is shorter.
29: temp < p+1

30: length <= len(p + 1, jr)

31 Swap(a’p7 ai11+length)

32: p i1 + length

33: else > Left side equals right side.
34: temp <—p+1

35: length < len(p + 1, jg)

36: end if

37: begin OpenMP parallel For with 1 or 2 Threads

38: for i < 0,length — 1 do > Swapping with 1 Thread or 2 Threads
39: Swap(aiL-H'a atemp+i)

40: end for

41: end parallel For

42: return p

43: end function
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Algorithm 3 The PPMQSort Algorithm

function QSort(a, i, jg, )

—_

2: if iy +u < jgr then Diij—iL>CUtOffu
3: p < Parallel Partition(a, iy, jr) > Parallel Partition Step
4: OpenMP Task
5: “QSort(a,ip,p—1,u) > Left Subarray
6: OpenMP Task
7: _QSort(a,p+1,jr,u) > Right Subarray
8: else > else less than or equal Cutoff u
9: gsort(a,ip,jr) > Parallel gsort() Step
10: end if
11: end function
12: function PPMQSort(a,start,end,h,u) > PPMQSort() Function
13: begin OpenMP parallel with % threads
14: OpenMP Single
15: _QSort(a, start, end, w) > with Cutoff «
16: end parallel

17: end function
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Table 4.1 PPMQSort Notations

a Input data array

a; Data element at index j

a;, Data element at the middle index i,
a, Data element at pivot p

B Branch Loads

B,, Branch Load Misses

B,./s Branch Load Misses Per Second

C Cache References

C, Cache Misses

Ch/s Cache Misses Per Second

|Clinel Cache Line Size

c Number of Processor cores

d The middle index

f0O A function

HT/NHT HyperThread/Non-HyperThread

i,] Loop indices

ir, IR Left most and right most indices of the left hand side subarray, respectively
Jr,Jr Left most and right most indices of the right hand side subarray, respectively
ds Jd The middle indices of left subarray and right subarray, respectively
k Number of CPU Sockets

K 103 or 210

[ Recursion level [

M 106 or 220

My, Total memory bandwidth

n Data set size

O() BigO Notation

0 Optimization Level

P The pivot place

R, Correlation Coefficient of z and y

S Speedup

s Second

Tysort Run Time of Sequential Stdlib gsort()
Topmgsort Run Time of PPMQSort

Run Time of Any Sequential QuickSort
Run Time of Any Parallel QuickSort
%CPU Utilization

Cutoff size

@
Q

SIS
IS}




Table 4.2 Comparison between PPMQSort and Sequential QSort

PPMQSort

Sequential QSort

Partition

1) Choose a pivot using Median of three technique.

2) Divide the input array into two subarrays along
with the selected pivot.

3) Two subarrays are assigned to 2 threads to partition
with the same global pivot in parallel.

4) Copy global pivot to local cache of each thread

for good cache locality.

1) Pivot is the first element.
2) Partition the input array with 1 Thread.

Merge

1) Sequential/Parallel merge with 1/2 threads by
only Swapping (No comparison).
2) No extra memory needed.

No

Recursive QSort

1) Nested Parallel OpenMP Task.

2) Recursive call PPMQSort until the obtained
partitions are up to Cutoff size.

3) These unsorted partitions can be locally cached.
4) Use stdlib gsort() to sort independent

unsorted partitions in parallel.

Recursive call Seqg. QSort until start > end.

Stdlib gsort() compatible
Partition traversal algo.
Time Complexity (average)

Yes
Bread first search
O(n + = log 37)

No
Depth first search
O(n logn)

0s
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4.3 Complexity Analysis

The time complexity of PPMQSort is analyzed assuming that all ¢ cores are 100%
utilized by running h > ¢ threads. The analysis can be divided into two steps: Parallel

Partition Step and Parallel gsort() Step as follows.

Lemma 4.1. Let n be the size of data array a, where a = ag, aq,...,a,_1. Then, the time

complexity of Parallel Partition Step with h Threads on ¢ cores where h > ¢ is O(n +

2 1og 5-).

Proof: At the beginning (level 1), the number of comparisons in Partition Phase with

2 Threads is 2 x 7. Due to ¢ > 2 cores, the time complexity is % X 2 % %:%(%). The number

of swappings in Merge Phase with 1 Thread is %. Due to its sequential operation, its time
complexity is 7. In the first recursion level, the time complexity is hence %(%)+%. In the
second level, there are two independent partitions with ¢ > 2 processor cores. the time
complexity of Partition Phase with 2 Threads is % X 4 x %_4(_) The number of swappings in
Merge Phase with 1 Thread is 2 x g. Due to its parallel operation, its time complexity is now
1 x2x 2=2(2). The total time complexity of the second level is 2(£)+2(Z). The partitioning
process is recursive until the condition on line 2 of Algorithm 3 is FALSE. That means the
partition size is not larger than Cutoff u elements. Based on the divide and conquer concept,

the number of this recursive partitioning is log, 7 levels on average with respect to Cutoff u.

Therefore, the total time complexity of the Parallel Partition Step is

LogQ% Long—l
= 2D+ 3+ 2B REE) 8GR T 2GR e PP ) + o (e )

logy 2 —1
- 3 X [%(2%) + %(%) + 2762(2%) + 20g2cu (zlogznﬂ#»l]
L -1 log, & -1
:3 X [ lo—gic %(§l+l) - Zl [Zogz c+1 (§l+1 )]
_3 log, ¢ 1 log, 2
4 X [TL —2 21 Zl l20g20+1 ]

=3 x [n(1— 1)+ 2 log, "],

c

_3 n, n
=7 X [n—z Elng

C

3

=3 X [n+ 2 log, "/"]

2c I

=3 x [n+ 2 log, 72 ].
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As a result, the time complexity of Parallel Partition Step is O(n + % log - ). |

Lemma 4.2. Let ¢ processor cores perform gqsort() each partition of size u elements in
parallel. Since there are at least 7 partitions, the time complexity of Parallel gsort() Step

is O(% logu).

Proof: ~ From Parallel Partition Step, at least 7 partitions can be obtained. Each
partition of up to u elements is sorted by gsort() in parallel up to h > ¢ threads. The time

complexity of Parallel gsort() Step is therefore, 2 x £ x ulog, u

= O(% logu). [ |

Theorem 4.3. (PPMQSort’s Theorem) The total time complexity of sorting n elements with
the proposed PPMQSort running in parallel on ¢ > 2 processor cores with Cutoff u elements

and h > ¢ threads is O(n + 2 log 3¢ ).

Proof:  The complexities of Parallel Partition Step (see Lemma 4.1) and of Parallel
gsort() Step (see Lemma 4.2) are O(n + = log 5-) and O(% logu), respectively. The total
time complexity is O(n + 2 log 5= + = log u). Therefore, the time complexity of PPMQSort
is O(n + 2 log 42).

The time complexity of PPMQSort is similar to that of psortl algorithm [30] as listed in Time
Complexity row of Table 2.1. PPMQSort requires no extra space for intermediate results. As
the data size n and number of cores ¢ grow, PPMQSort can eventually outperform other
algorithms due to its simplicity, scalability, and efficiency. The next section will show how

PPMQSort is evaluated.
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4.4 Performance Evaluation and Discussion

This section presents how various performance metrics are measured. The ex-

periment setups and results are discussed later on.
4.4.1 Performance Measurement

In order to investigate how the multicore architectures impact the performance of the

algorithm, various performance metrics are measured and analysed.

1. CPU Time (in Seconds)
To fairly compare Tysort and Tppmgsort IN any experimental configurations, the CPU
time is measured without data file loading and other overheads and averaged by 5

times.

2. Speedup S(x)
This metric indicates that how many times our PPMQSort can be executed faster than
the sequential Stdlib gsort(). Based on the measured Tysors and Tppmgsort, Speedup

S can be computed as

5 € a7 (@.1)

Tppmqsort

where x denotes times.

3. Efficiency: Speedup/Core
We would like to propose a new metric to measure the efficiency of any parallel Quick-
Sort called Speedup per Core, S/c. S/c > 1.00 corresponds to superlinear Speedups.
It can be due to cache locality/friendliness of the algorithm [85, 86]. Similarly, [33]
proposed a similar metric, Speedup/Thread instead. Higher thread counts h can lead

to more opportunities to achieve more parallelism that will be limited by hardware.

4. %CPU Utilization U
The metric can be obtained from the contents of /proc/stat file which keeps track

of statistics of all HyperThread-enabled/disabled CPU cores. This %CPU Utilization is
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based on user-time only.

. Cache Refs/Cache Misses

Perf [87] is a software tool that relies on a number of hardware/software counters to
collect statistics of CPU resource usages with minimal overhead [88]. For this paper,
Cache Ref, C, Cache Misses, C,, and other performance events are collected and
averaged by 5 times to achieve high accuracy. In addition, a new metric called Cache

Miss per Second, C,,/s, can be obtained as shown in Eq. (4.2).

_Om

(4.2)
Tppmqsort

Cs| +
It can be beneficial to measure the number of cache misses per time unit especially
for highly multithreaded programs. Larger C,,/s may result in higher demands for

memory bandwidth which will be presented next.

. Branch Loads/Branch Load Misses

Other important metrics of Perf are Branch Loads, B, and Branch Load Misses, By,.
They can be used to address the algorithm whose performance is limited by branch
prediction, i.e., parallel QuickSort. Perf makes use of the hardware counters to measure
the branch prediction unit. Similarly, a new metric called Branch Load Misses per

Second, By, /s, can be obtained as shown in Eq. (4.3).

B

B, /s =
Tppmqsort

(4.3)
By, /s can be regarded as number of branch mispredictions per time unit. Larger By, /s
and C), /s may result in lower utilization of the long execution pipelines and frequent

memory stalls which may affect %CPU Utilization U eventually.

. Average Memory Bandwidth My,
The complex interactions between multicore architecture and characteristics of a par-
allel algorithm directly and indirectly impact both branch mispredictions and cache

misses. In multithreaded programs, off-chip memory bandwidth is one of the im-
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Figure 4.2 Our Shared Memory/Multiprocessor/multicore System Model Measured
by Perf (Blue boxes on the left and right hand sides are instruction and
data caches, respectively. HT denotes HyperThread.

portant metrics that can be the performance bottleneck due to memory contention,

memory saturation and bad allocation among cores.

Many researchers use hardware performance counters to track the amount of con-
sumed memory bandwidth while the multithreaded program is running [89, 90]. The
measurement accuracy depends on measurement events, number of counters and
the characteristics of memory system including DDR2/DDR3, channels (interleaving),
bus clock frequency, etc. However, we cannot directly measure the amount of mem-
ory bandwidth consumption. This paper rather proposes a performance model to
estimate and evaluate as shown in Fig. 4.2. Our model can utilize a number of avail-

able events measured by Perf resulted in Average Memory Bandwidth.

My, = f(Bm/57 Cm/S) (4.4)

Assume that B,,/s has negligible effects due to small program size and its recursive
nature. The majority of memory bandwidth should be proportional to C,,/s. There-
fore, the Average Memory Bandwidth, My, can be calculated in terms of cache line

size |Cline| multiplied by Cy,,/s as shown in Eq. (4.5).

Mbw = |Cline’ X Cm/s (45)
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4.4.2 Experiment Setup

The results reported in this thesis are based on five multicore CPUs: Intel E5405 Harper-
town, Intel E5520 Nehalem-EP, Intel i3-2100 Sandybridge, Intel i7-2600 Sandybridee, and AMD

A6-3650 APU. Table 4.3 provides a summary of these multicore systems.



Table 4.3 Architectural details of multicore CPUs in our experiment

System  Xeon E5405 Xeon E5520 A6-3650 i3-2100 i7-2600
Code Name Harpertown Nehalem-EP Llano Sandybridge Sandybridge
Clock (GHz) 2.00 2.66 2.6 3.1 3.4
kxc 2x4 2x4 x4 1x2 x4
HyperThread No Yes No Yes Yes
L1/L2(KB)/core  32/3072 32/256 64/1024 32/256 32/256
L3(KB)/socket - 8192 - 3072 8192
RAM (GB) q 12 16 8 16
RAM  DDR2-667 DDR3-800/1066 DDR3-1866 DDR3-1066/1333 - DDR3-1066/1333
Others Smart Cache 8 MB -~ PCl express 2.0 ~ Smart cache 3MB Smart cache 8MB
QPI2 5.86 GT/s 16-way L2 DMI 5GT/s DMI 5GT/s

LS
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In every system listed in Table 4.3, the operating system is 64-bit Ubuntu 14.04 kernel
3.13 LTS. The PPMQSort is compiled with GCC 4.8 and linked with OpenMP 3.0 library under
-fopenmp option. The measurement tool, Perf version 4.2 is called using perf stat -r 5 -e to

profile PPMQSort algorithm for 5 times.

Data sets are unsigned 32-bit integer (Uint32), unsigned 64-bit (Uint64) and 64-bit dou-
ble precision floating point (Double). These are generated using the GCC random() function
with two distributions: Random and Worst-Case and in different number of elements, n=10M,
20M, 50M, 100M, 200M. The first distribution contains random elements with small number
of duplicates. The second distribution is generated such that the sequence seems to be
sorted in a descending manner. However, for each distribution, the input sequence once
generated is stored as a file. Therefore, both PPMQSort and sequential gsort() algorithms

sort the same input sequences. All parameters are listed in Table 4.4.

Table 4.4 Parameter set of the experiments

Parameters Values

Data types Uint32, Uint64, Double
Size n(M) 10, 20, 50, 100, 200
Cases Random, Worst

Cutoff u(K) 50, 100, 200, 500
Sockets k i y4

Cores ¢ 1,2,4,8

Threads h 1,2,4,8, 16, 32
HyperThread Enable, Disable
Optimization 02, 03

4.4.3 Results and Discussions

This subsection elaborates various aspects of the PPMQSort algorithm such as best
Speedups, tradeoffs between Speedup, Cutoff, and Thread, etc. Finally, the last two sub-

sections are based on statistical analysis of Perf results.
4.4.3.1 The Best Speedups

Table 4.5 - Table 4.6 tabulate the best Speedup, Tjsort, and Tppmgsort Of all systems
based on various data types, cases, and optimizations. The T}, is obtained with the same
experiment configuration as Tppmgsort- It can be noticed that the best Speedups of Uint32

are higher than those of Uint64 and Double. Remark that i3-2100, i7-2600 and E5520 systems
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are HyperThread enabled. Therefore, their Speedups are higher than the number of physical
cores. For a non-HyperThread 8-core Intel Xeon E5405 system, the best Speedup is as high as
7.75x. Due to limited space, best Speedups of Xeon E5404 are omitted. An exceptional case
is the 4-core AMD A6-3600 whose Speedups are superlinear at 4.91x and 4.96x in Random
and Worst cases, respectively. It can be observed that %CPU Utilizations approach 100% in

every Random-case configuration while those of Worst-case are significantly lower.

PPMQSort can achieve high Speedup regardless of the data types and randomness
even in the Worst case. It can be obviously noticed that Worst-case Tysort and Tppmgsort
are always faster than those of Random-case with the same configuration. Furthermore,
their Speedups are almost always higher those of Random case except in 2-socket systems,
E5520 and E5405. PPMQSort can exploit the Branch Prediction Unit and caches well, although
seq_partition() must execute a large number of comparisons and swappings on lines 13 and
15 in Algorithm 2. That means the Branch Prediction unit can learn/yield higher prediction

rate than the Random-case due to remarkably low B, /s except those of E5520 cases.

However, the highest memory bandwidth My, of Worst-case is always greater than
Random-case because of its two to three times higher C,,/s. The highest My, of each
system is highlighted in bold face. On the other hand, hich B,,/s can be the performance
bottlenecks in Random cases as shown in Italic. Despite of 2-3 orders of magnitude lower
By /s, %CPU Utilization U’s of Worst-case are generally lower than those of Random-case
in every configuration. It can be due to often memory stalls. This also concurs with Eq.(4.5)

that memory bandwidth of PPMQSort depends heavily on C,,/s.

In both Random and Worst cases, Cutoff u should fit the last level cache of each
system. It can be noticed that the suitable Cutoff u for Uint32 ranges between 50K-200K
elements. For Uint64 and Double cases, Cutoff u ranges between 200K-500K elements or
even bigger instead. The best Cutoff u of i3-2100 (Uint32) is 50K by majority vote. It seems
like 50K of Uint32 can fit the private L2 cache (256KB) in each core. The rest can almost fit

Cutoff in their last level caches except in some cases of u=500K of Uint64 and Double.



Table 4.5 Best Speedup S and other metrics on different data types and corresponding parameters

Uint32 Uint64 Double
CPU Opt. Random Worst Random Worst Random Worst
02 03 02 03 o2 03 02 03 02 03 02 03
n(M) 200 200 200 200 100 100 200 200 200 200 200 200
u(K) 50 100 50 50 200 500 50 50 200 500 50 50
i3-2100 S(x) 3.19 3.03 3.79 3.67 2.88 2.79 3.44 3.35 2.82 2.72 3.69 3.63
Tysort(s)  39.80  39.88 14.88 1489 2039 2037 16.83 17.00 4518 4521 17.72 17.87
Topmgsort(s) — 12.49 1314 3.92 4.04 7.07 7.31 4.89 506 16.00 16.64 4.79 491
h(threads) 8 8 8 8 8 8 8 8 8 16 8 8
U(%) 98 98 86 85 96 96 82 80 95 94 84 83
My, (MB/s) 150 170 319 300 361 395 700 669 331 372 619 608
Bn/s 13e+8 1.4e+8 49e+6 4.7e+6 1.5e+8 1.6e+8 3.2e+6 3.le+6 1.4e+8 1.4e+8 3.2e+6 3.le+6
n(M) 200 200 200 100 50 20 200 200 20 200 200 50
u(K) 200 200 200 200 200 100 100 100 100 500 100 100
A6-3600 S(x) a.67 4.91 4.96 a.74 3.64 3.54 4.62 4.37 3.72 3.56 4.60 4.43
Tysort(s)  59.18  65.03 2343 11.39 1253 476 2645 2532 547  60.98  26.66 6.30
Topmgsort(s) 12,67 13.25 4.71 2.40 3.45 1.35 571 578 147 1715 579 142
h(threads) 4 16 4 4 8 8 8 8 8 8 8 8
U(%) 96 96 83 80 94 91 76 76 91 92 77 75
Mp,,(MB/s) 1.85 2.25 4.39 5.98 9.11 6.53 a.57 3.81 6.85 2.30 597  20.33
Bn/s 43e+6 6.8e+6 2.de+d 32e+d 13e+7 1.7e+7 T79e+d 59e+4 2.le+7 1de+7 6.de+d 1.6e+5
n(M) 200 200 200 200 100 100 200 200 200 200 200 200
u(K) 100 200 500 500 200 200 500 500 200 500 500 500
i7-2600 S(x) 5.65 5.35 5.71 5.46 5.01 4.85 4.66 4.48 a.79 4.61 5.12 4.98
Tysort(s) 3253 3253 1236 1236 1676 16.78 14.03 1408 37.05 37.15 1479 14.85
Topmgsort(S) 576 6.08 2.16 2.26 3.34 3.46 3.00 3.14 7.74 8.06 2.88 2.98
h(threads) 16 16 8 16 16 16 16 16 16 16 16 16
U(%) 92 92 78 75 90 90 72 70 87 86 75 73
My,,(MB/s) 145 148 536 519 266 256 1,042 993 249 279 971 958
Bn/s 12e+7 15e+7 49e+4 1.6e+5 22e+7 2.le+7 9.6e+d 7.7e+4 25e+7 4d.de+7 9.5e+d4 6.4e+d

09



Table 4.6 Best Speedup S and other metrics on different data types and corresponding parameters

Uint32 Uint64 Double
cPU Opt. Random Worst Random Worst Random Worst
02 03 02 03 02 03 02 03 02 03 02 03
n(M) 50 50 200 200 50 10 100 100 10 10 100 100
u(K) 100 200 500 500 500 200 500 500 200 200 500 500
E5405 S(x) 1.75 7.71 7.46 == Wi 5.73 5.42 5.89 5.71 4.83 5.20 6.32 6.08
Tysort(s) 20.39 20.31 32.27 32.42 22.07 3.90 19.46 19.42 3.27 3.34 20.77 20.53
Topmasort(S) 2.63 2.63 4.32 4.49 3.85 0.72 S0 3.40 0.68 0.64 3.28 3.37
h(threads) 16 16 16 16 8 8 8 8 8 8 8 8
U(%) 91 91 ot 74 85 78 70 68 79 7 70 67
My,,(MB/s) 14.74 4.48 57.59 56.21 45.78 60.66 81.74 82.55 62.63 70.20 85.07 85.26
Bn/s 139e+7 8.4de+6 267e+d 3.28e+5 3.8de+7 7.26e+7 2.1le+4 2.23e+d4 497e+7 557e+7 224e+d 1.23e+5
n(M) 200 200 200 100 200 200 50 100 200 200 100 100
u(K) 100 100 500 200 100 200 200 500 200 500 500 500
E5520 S(x) 12.29 11.20 9.44 8.60 11.34 10.96 8.16 7.26 9.43 9.06 8.40 7.90
Tysort(s) 72.35 70.00 21.05 10.57 80.41 80.53 6.33 12414 69.40 69.37 12.65 12.70
Topmgsort(S) 5.89 6.25 2.23 1.23 7.09 .55 0.78 1.67 7.36 7.66 1.51 1.61
h(threads) 16 16 16 16 16 16 16 16 16 32 32 16
U(%) 83 82 67 59 80 80 g 54 73 73 59 56
My,,(MB/s) 190 172 751 595 306 278 1,537 1,390 303 337 1,558 1,278
Bn/s 7.8e+8 4.0e+8 19e+8 19e+8 6.6e+8 6.1e+8 29e+8 38e+8 T7.le+8 1.2e+9 T7.2e+8 4.1e+8

19
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4.43.2 Speedup S vs. Cutoff u and Thread h

Speedup vs. Cutoff and Thread (i7-2600,NPM-HT,1S0c,200M)

dnpsadsg

Figure 4.3 Three-D Surface Plot of Speedup, S vs. Cutoff, w and Thread, h of PPMQ-
Sort on i7-2600 (Uint32, Random, 02, n=200M)

For a given system and experiment configuration, Speedup S of PPMQSort is a
function of Cutoff w and Thread h. As already listed in Table 4.5, the best S of i7-2600
system is 5.65x at n=200M of Uint32, u=100K, and h=16 threads. Figure 4.3 shows a 3-D
surface plot of PPMQSort with this configuration. Speedups can be visualized as surface
height on the Z axis with colors according to the Color bar on the right hand side. This
plot presents the scalability and tradeoffs between Speedups, Cutoffs, and Threads. While
increasing thread count h, the Speedup S scales up for all Cutoffs. Therefore, high thread
counts enable the PPMQSort to utilize the CPU cores more until S saturates. As discussed
earlier in Section 4.4.3.1 Best Speedups, while varying Cutoff u, Speedup changes slightly as
darker and lighter colors at the same thread count. This behavior in this 3-D surface plot

agrees with the derived time complexity in Theorem 4.3, where u has been canceled out.
4.43.3 HyperThread vs. Non-HyperThread CPUs

This subsection will contrast and compare Speedups of PPMQSort on Intel Hyper-
Thread and non-HyperThread CPUs with the same experiment configuration. Fig. 4.4 illus-

trates Speedups (Line) and %CPU Utilization (Bar) of Intel HyperThread and non-HyperThread
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of PPMQSort (Uint32, Random case, 02 optimization). The cyan bars and lines are of HT-
enabled while the brown ones are HT-disabled. The Speedup differences between HT-
enabled and HT-disabled systems are significant due to lower average %CPU Utilization U,
despite the fact that other statistics are similar. It can be roughly estimated that HT can

boost up the performance by more than 50% which is comparable to [91].

Speedup vs. %WCPU Utilization of HT and non-HT of PPMQ@Sert (Uint32)
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Figure 4.4 Best Speedup, S (Line, Left) vs. %CPU Utilization, U (Bar, Right) of PPMQ-
Sort on Intel HyperThread (HT) and non-HyperThread (non-HT) Platforms
(Uint32, Random, 02)

4.4.3.4 PPMQSort vs. PPPMQSort

PPPMQSort is a minor variation of PPMQSort where its Merge Phase is parallelized
with 2 Threads on line 37 of Algorithm 2. To compare PPMQSort (Cyan) with PPPMQSort
(Brown), their Speedups (Line) and Cache Refs (Bar) are plotted on all platforms (Uint32,
Random, 02) with the same parameter set. Note that Cache Refs on the left Y axis is in
logarithm and scaled by 1 Million. It can be observed in Fig. 4.5 that PPMQSort can achieve

better Speedups on the same experiment configurations due to significantly lower C.

Cache Refs are particularly hish on AMD A6-3600 compared to other Intel systems.
It might be due to fewer general-purpose Integer/Floaing-Point registers thus resulting in
more register spills. However, AMD A6-3600 demands My, up to 20.3 MB/s as listed in
Table 4.5 due to both large private L1 data cache (64KB/core) and L2 cache (1MB/core).

In addition, its Branch Load Misses/sec B,,/s’s are considerably lower than those of Intel
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systems. Therefore, its PPMQSort Speedups can be superlinear in some configurations. The

rest is comparable on all Intel systems.
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Figure 4.5 Best Speedup (Line, Right) vs. Cache Refs (Bar, Left) of PPMQSort (Cyan)
and PPPMQSort (Brown) on all Platforms (Uint32, Random, 02)

4.43.5 Efficiency: Speedup/Core

Fisures 4.6(a) and 4.6(b) depict the scatter plot S/c vs. ¢ of non-HT and HT, re-
spectively. It can be observed in Fig. 4.6(a) that PPMQSort can achieve S/c ~ 1.00 or above
(inside the oval) while others can only reach up to 0.8. The HyperThread-disabled i3-2100
and non-HT A6-3600 can achieve S/c at 1.11 and 1.17 resulting in superlinear Speedup be-
cause of high %CPU Utilization at 98 and 96, respectively. Similarly, Fig. 4.6(b) shows that
PPMQSort can achieve S/c ~ 1.40 or above while others can only reach up to 0.33. Some
HT systems like i3-2100 and E5520 can achieve S/c at 1.59 and 1.63, respectively because of
better %CPU utilization with 3-MB and 8-MB Smart Caches, respectively. It can be concluded
that PPMQSort can exploit the CPU cores much better than other algorithms on both non-HT
and HT architectures. Moreover, PPMQSort can be scablable on any non-HT/HT/multicore/

multi-socket systems with S/c ~ 1.00/ S/c ~ 1.50 or better.
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4.4.3.6 Comparison with Previous Implementations

Table 4.7 compares our PPMQSort with previous parallel QuickSort implementa-
tions to show that we can achieve the best performance at data size around 100M 32-bit
Integers with respect to T),, and Efficiency, S/c. [33] reported only the Speedup based on
Pthreads Library resulting in higher S/c that may not compare against Stdlib. gsort(). In ad-
dition, he also did not report the run time. With respect to 11.58x Speedup, our PPMQSort
on an 8-core HyperThread E5520 can clearly outperform pgsortl of [30] on an 8-core Xeon
X5355 using the same gsort() benchmark. Although [28] can achieve 25.03x Speedup on a
32-core UltraSPARC, their efficiency is not quite eood and the benchmark may not be Stdlib.

gsort().

On the Uint64 data, Man et al. [31] reported their highest Speedup of 10.47x for
100M random on 24 cores and Ty, = 2.712 Seconds. With only 8 cores, PPMQSort can
achieve S=10.24x at 3.54 Seconds with the same configuration. This can confirm that PPMQ-

Sort is more efficient than others.
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Best Speedups per Core of non-HyperThread
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Uint32) (a) non-HyperThread (NHT) (b) HyperThread (HT)



Table 4.7 Performance of PPMQSort vs. other parallel QuickSort implementations (Uint32, Random), NA: Not Available

Reference  PPMQSort [33] [72] [30] [29] [29] [28]
Year 2013 2010 2009 2004 2004 2003
n(10°) 100 80 64 100 60 100 100
S(x) 11.58 3.8 2.65 6.22 3.24 3.875 25.03
Tseq(s) 34.78 NA 15.9 28.81 24.3 37.2 139.22
Tpar(s) 3.00 NA 6 4.63 3 9.6 5.56
Using gsort() Yes No No Yes No No No
Architecture x86 x86 x86 x86 x86 UltraSPARC 1l UltraSPARC
GHz 2.66 2.66 NA 2.66 2.2 0.9 0.25
kxc 2x4 1x2 ax2 2x4 1x4 1x8 32x1
HT Yes Yes No No Yes No No
Cache L3 8MB L2 3MB L2 4x2MB L2 2x2MB L2 2x1MB NA L2 dAMB
Compiler GCC -02 G++ Intel C++ 9.1 GCC -02 Intel C++ 8.1 -03 Guide NA
Library OpenMP 3.0  pthreads OpenMP 2.5 OpenMP 2.0 OpenMP 2.0 NA NA
Remarks ~ Xeon E5520 Intel Xeon 7000 Xeon X5355  Opteron 2200 Sun Fire 6800 Sun Enterprise
MAC Pro 2010 Dual-Core PowerEdge 6800 sort omp_2.0  sort pthreads cv 1.0 10000

L9
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4.4.3,7 Statistical Analysis
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Figure 4.7 Matrix Scatter Plots between Time T),mqs0rt vS. Cache Refs C, Cache
Misses C,,, Branch Loads B, and Branch Load Misses B,, of PPMQSort
on E5520, Uint32, Random, 02, all Cutoffs, Data Sizes, and Threads

Figure 4.7 shows matrix scatter plots between Tpmqsort Vs. Cache Refs C, Cache
Misses C,,, Branch Loads B, and Branch Load Misses B,,, of PPMQSort on E5520, Uint32, 02,
all Cutoffs, data sizes and threads. The upper half, the diagonal, and the lower half of the
matrix plot illustrate the scatter plots, the density, and the correlation value between/of

them, respectively. Each dot in the scatter plot represents an experiment configuration.

The top-row figures show the regression analysis between parameters that Time

or Tppmgsort is proportional to Cache Refs C, Cache Misses Cy,, Branch Loads B, and Branch
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Load Misses B, respectively. The green line is a linear regression generated by Im() func-
tion in R Project (http://cran.r-project.org). The solid red line is a LOESS (Local Regression
Smoothing) mean fit line according to loess() function. The red dotted lines above and
below are positive and negative residual squares above and below the LOESS mean fit line,

respectively.

Cnm is highly correlated with C' as indicated by correlation value Rc o, /,=0.91.
As expected, they are highly correlated. The higher C, the more C,,, the longer T)pgsort-
Similarly, the higher B, the more B,,, the longer Tppmq4s0re. In addition, they are highly

correlated with one another. Other systems in the experiment show similar behaviors.
4.4.3.8 Speedup vs. %CPU Utilization vs. Memory Bandwidth

Speedup S vs %CPU Utilization U vs. Cache Misses per Second C,, /s and Branch
Load Misses per Second B,,/s of PPMQSort on i7-2600 can be depicted in Fig. 4.8. The
configuration of this figure is random n=200M Uint32, 02 and h=4-32 threads. Both C),/s

and B,,/s can be obtained by equations (4.2) and (4.3), respectively.

As plotted, Speedup S is directly proportional to %CPU Utilization U because the
correlation coefficient Rg is 1.00. That means the higher %CPU Utilization, the better
Speedup because all the forked threads can effectively execute with fewer memory stalls

and pipeline stalls/flushes.

In general, cache misses can be due to cold misses, capacity misses, conflict misses,
and coherence misses. Lower C,,, /s can be due to better cache locality resulted from suit-
able Cutoff u and Thread h of PPMQSort as shown in Fig.4.8. On the other hand, lower
By, /s represents infrquent branch mispredictions thus more efficient pipelining. Both fre-
quent cache misses and branch mispredictions per unit time can lead to memory stalls
and pipeline stalls and thus lower U. It can be reflected on both Ry ¢, /s and Ry p,, /s

approaching -1.00. That means U is negatively proportional to Cp,/s and By, /s.

This figure confirms with the basic concept that memory is the bottleneck of the
parallel algorithms [92] especially in the Worst-case bounded by C,,/s. However, Random-
case Speedups are limited by B,,,/s rather than Cy,,/s. As shown in Table 4.5, Random-case
By, /s’s are two to three orders of magnitude higher than those of Worst-case with the same

data size n in one-socket systems. For two-socked systems, the gap is not that wide. That
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Speedup vs CPU vs CM per Sec vs BLM per Sec
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Figure 4.8 Speedup S vs %CPU Utilization U vs. C,,/s and B,,/s of PPMQSort on
i7-2600 (Uint32, 200M, Random, 02, 4-32 Threads)

results in almost three times longer of Random-case Tysort and Tppmgsort than those of Worst-
case in the same table. As pointed out by Eyerman et al. [93], the misprediction penalty
of superscalar CPUs with Reorder Buffer and deep pipeline equals to the number of clock
cycles to refill the front-end pipeline. Other systems show similar behaviors as the i7-2600
system. It can be concluded that the branch prediction unit is as performance-critical as
the memory hierarchy for parallel sorting algorithms due to the randomness of input data in

modern multicore CPUs.



CHAPTER 5

CONCLUSION AND FUTURE WORK

5.1 Conclusion

This thesis has introduced a methodology for a parallel programming environment for
OpenMP 3.0 library running on any shared memory/multicore/multi-socket systems. As the
first case study, SNPHAP, a haplotype inference program based Expectation Maximization
algorithm, is profiled and analyzed. A multithreaded parallel version of SNPHAP called OMP
SNPHAP is developed. The OMP SNPHAP utilizes parallel For and Task constructs of the
OpenMP 3.0 library to spawn multiple independent threads so that they can be executed
on multicore CPUs at the same time. Experimental results reveal that the performance of
OMP SNPHAP on Xeon E5405, Xeon E5520 and AMD opteron 8356 running Linux operating
system can achieve great Speedups up to 3.16x, 4.10x and 4.88x, respectively, compared with
the running time of SEQ SNPHAP. It can be concluded that the Speedup of OMP SNPHAP is
proportional to the number of threads forked by OpenMP. However, %overhead of OpenMP
can significantly slow down the total execution time especially due to small input data with
large number of threads (%overhead of 1 thread/core is much lower than that of 2 threads/
core). Moreover, other factors comprise the number of CPU cores, the parallel fraction part,
the OpenMP constructs, the number of processor cores, the size of multilevel cache, the

clock frequency, and eventually memory bandwidth/technology.

The second case study is the PPMQSort. Its basic concept is to divide the input data
array by half in parallel/recursively until the obtained partitions are up to Cutoff size w.
These partitions can be locally cached and gsort() simultaneously by a number of threads
equal or greater than number of processor cores. Hence, the performance bottleneck can
be eliminated. PPMQSort is compatible with and compared against the Stdlib gsort() as
a benchmark. Performance of PPMQSort was evaluated on one AMD and four Intel CPUs
running 64-bit Ubuntu Linux 14.4 LTS. In general, PPMQSort can achieve Speedups up to and
beyond the number of non-HyperThread CPU cores for Random cases. For HyperThread

CPUs, PPMQSort can get up to 50% Speedup increase over HT-disabled ones. In terms of
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efficiency, the PPMQSort can get Speedup/Core from 0.97 to 1.17 and from 1.41 to 1.63 on
non-HT and HT CPUs, respectively. Based on the statistical analysis, Tppmgsort i proportional
to Cache Misses and Branch Load Misses. On the other hand, its Speedup S is proportional
to %CPU Utilization U and limited by B,,,/s and Cy,/s.

5.2 Future Work

As future work, gsort() could be replaced with PPMQSort to speedup SNPHAP even
further. The PPMQSort itself should be investigated/optimized to support thread affinity/
cache locality and to minimize cache coherence misses even more. In addition, on-chip and
off-chip GPUs (Graphics Processing Unit) should be investigated whether PPMQSort can be
applied to exploit a massive number of GPU cores as it has been done on multicore CPUs.
Finally, the performance model and memory bandwidth shall be analyzed and fine tuned
to support a variety of algorithms/programs. To serve Big Data, Task scheduling and load

balancing strategy are investigated by mixed CPU, memory, and I/O-intensive [94].
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APPENDIX A

SNPHAP

The haplotype inference (HI) problem is the problem of inferring 2G' haplotype pairs
from G observed individual genotype data in the sample [14, 41]. In practice, each SNP
element in genotype is called as loci site. From Figure A.1, as we can see that the number
of possible solutions depends on the number 2 alphabets (heterozygous loci site) in an
individual’s genotype sequence. Therefore, as an individual with k heterozysous loci sites

the number of possible solutions is 2k~

Genotype Possible haplotype

00010 1 solution
20000 ——>

10010

20002 —— 5 ST /RS } 2 solutions
10000 10001

00100 00110 00101 00111
D212 St — 5 4 solutions
01111 01101 01110 01100

Figure A.1 Haplotype Inference Examples: heterozygous loci site, k = 1,2, and 3.
The number of possible solutions is 21,

We begin with the same assumption and notations as Polanska [95]. Given G different
genotypes from a population. In order to gsenotype defined as a combination of two haplo-
types, the number of possible haplotype pairs (¢;) compatible for the j-th genotype can be
evaluated as Equation A.1.

viche el o T
Cj = (A.l)

: if kj = 0.

where k; is the number of heterozygous loci of the j-genotype.

Moreover, the maximum number of possible haplotypes ny, is calculated by Equation

A2.

G
np =2 Z cj. (A.2)
=1

Haplotypes can be inferred and their frequencies can be estimated via a maximum
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likelihood (ML) approach. Under the assumption of the Hardy-Weinberg equilibrium (HWE)
and random mating in the population [45], the probability P; of the j-th genotype is given

by a sum of hy, haplotype pairs with their probability of each the possible ¢; haplotype pairs

P] = ZP<hpL) = P(hta ht-i—l)a (A?))

where P(hy, hy11) is the probability that the i-th haplotype pairs made up of haplotype

pairs : hy and hy4q

fefev1 it hy = hyya,
PN (AG)

2ftft+1 if ht 7é ht+1.

where f; and fi4; are the frequencies of the h; and the h;1; and corresponding to
haplotype pairs hy,.

The (L)ikelihood function of the haplotype frequencies given the genotype probabilities is

G ;i
L(flaf?v' afn; ’P13P2a"'7 = H <Z ht7ht+1>> ; (AS)

where > f; = Land (hg, he1), 1 < @ < ¢; are the set of explanations of the
J-th genotype that occurs n; times in the population and a is a constant incorporating the

multinomial coefficient.

In ML estimation, the goal is to estimate the parameter values which make the likeli-
hood of observing data as large as possible. The solution can be computed by taking partial
derivatives of the log-likelihood function from the ny, partial derivatives equated to 1 for the

t-th haplotype.

G

OlogL P;
4=1,2,. (A.6)
oft Z P; aft

However, this procedure is tiresome when ny, is large, and the number ny, is often
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unknown. Alternative procedures involving numerical iteration have been developed. Statis-
ticians use a numerical optimization technique called (E)xpectation-(M)aximization (EM) for
maximizing the likelihood function [43, 45, 96]. The goal is to find the best estimates of the
haplotype frequencies in the population using only the genotype sample data. Fortunately,
haplotypes can be obtained from genotype data through experimental software techniques.
There exist many methods for inferring haplotypes from genotype data. One of the most
widely used methods is to statistically estimate haplotype frequencies from genotypes in un-
related individuals with EM algorithm to overcome the missing or incomplete data [13, 14].
The EM algorithm can take longer computation time [45, 50] caused by the large number of
possible haplotype instances. Furthermore, with the advent of large-scale genotyping plat-
forms that allow researchers to observe more than 1 million markers distributed throughout
the entire genome, the sequential haplotyping software requires too much computation time
to complete the analysis. Then, if the method can be extended into parallel algorithms, the

throughput can be increased.

The EM algorithm is an iterative method [14] which is a general technique for find-

ing ML estimation of haplotype frequencies fi, fa, ..., fn,, starting with some initial values
1(0), 2(0),..., 7(12). These initial values are used to estimate of the ”prior” haplotype fre-
guencies in the M step. The prior haplotype frequencies are used to estimate the expla-
nation frequencies P(h, hyy1) and then ”posterior” haplotype frequencies as if they were
the unknown true frequencies in the E step. These expected frequencies are standardized
and used to estimate haplotype frequencies fl(l), fz(l), -4, f,(i) at the next iteration in the M

step and repeat M step and E step until haplotype frequencies are stable. The algorithm is

elaborated in Algorithm 4.
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Algorithm 4 EM Algorithm according to SEQ SNPHAP (version 1.3.1)

1. ”Guesstimate” haplotype frequencies:
initialize f", ©", EM iteration number (1) = 0,
Vi:1<t<ny,.
Let ¢ is any arbitrary number and P(hy, hyt1) is the probability that h,, is com-
posed of haplotype pair h; and hyy1, and also f; and f;+1 are the frequencies
of the hy and hy.

2. (M)aximization step corresponds to hap prior() in SNPHAP:
This step can be divided into two parts. First, the total of posterior frequen-
cies is calculated by Equation A.7. Then, the next set of estimates of ”prior”
haplotype frequencies are calculated by Equation A.8.

RYM th , (A7)

@
7O L vae(lz){z fi AVEL <t <), (A.8)

total

where H, = {all elements in group z are the same haplotype}
(The comparison in this procedure corresponds to cmp hap() inside hap _prior()
in SNPHAP).

3. (E)xpectation step corresponds to hap posterior() in SNPHAP:
Given current estimates of prior frequencies from M step and assuming HWE
shown as Equation A.9, Equation A.10 calculates the probability of each phased,
assign the frequencies of the haplotype pair with Equation A.11, and then com-
plete the ”posterior” haplotype frequencies of the genotype assignments by
Equation A.12. Finally, the log-likelihood is calculated with Equation A.13.

Let P; as the probability of the j-th genotype that maximizes the likelihood
that is the sum of probabilities of haplotype pairs h,, of each c;

ifh = h
P(h, ) = P(hy hyy)O = ft t+1 7 t+1s (A.9)
() iial 2f T iRy # hus

Py ZP )0, (A.10)
f() (l)1 = P(h, ht+1) (A.11)

wy Y
P = S (V1< <GV L < E<my), (A.12)

Pj

G ¢

O =log(d_ > Plhy)") (A13)

j=1 i=1

4. 1f | @+ — 00 | > ¢ (log likelihood tolerance) , I < Iy, thenl =141 and
go to M Step.
Else ©* = Q(+1)
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ABSTRACT

This paper presents a parallelization framework for infer-
ring haplotypes using an expectation maximization (EM)
algorithm. Our framework utilizes GProf profiling tool,
OpenMP library, and ompP profiling tool to parallelize
the algorithm by determining the hotspot functions, mul-
tithreading, and executing them on the Multi-core CPUs.
In our experiments, we choose the SNPHAP program for
this case study and run it on an 8-core Xeon Linux ma-
chine. The results show that our framework can signifi-
cantly speedup up to 214% on a large data set with 151
loci of a 10,000 data samples. In addition, deep profiles of
multithreaded SNPHAP support our discovery that maxi-
mum speedup can be achieved when the number of parallel
threads equals to the number of physical cores.

KEY WORDS
Parallel Processing, Multithread, OpenMP, Multi-core
CPU, Haplotype, SNPHAP

1 Introduction

Haplotype provides a snapshot of human evolution to es-
timate the age and location of disease mutations related to
a set of multiple linked markers and to investigate many
population processes [1]. In other words, an inferred hap-
lotype is not a direct observation but can be obtained from
unphased genotype data (resulting in haplotype ambigu-
ity) through experiment in software techniques. There ex-
ist many methods for inferring haplotypes from unphased
genotype data. One of the most widely used methods is
to statistically estimate haplotype frequencies from geno-
typing markers of a group of unrelated individuals by em-
ploying the Expectation Maximization (EM) algorithm to
predict the missing or incomplete data [2][3]. This prob-
lem can take exponential computation time [4][5] caused
by a large number of possible haplotype instances. Further-
more, with the advent of large-scale genotyping platforms
that allow researchers to observe more than 1 million mark-
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ers distributed throughout the entire genome, the sequen-
tial haplotyping software requires too much computational
time to complete the analysis. Then, if the method can be
extended into parallel algorithms, the throughput may be
increased.

Recently, there has been little research to imple-
ment the EM algorithm for inferring haplotypes in parallel.
Huang and Chen [6] use Message Passing Interface (MPI)
library to partition the genotype data and distribute them
to each processor. They run the parallelized program on
the CTRIS cluster with up to 16 processors. This paral-
lel solution can be unreachable to researchers without large
computer clusters. However, major chip makers are cur-
rently producing multi-core CPUs with Hyper-Threading
. Hence, multi-core/Hyper-Threading technologies can en-
able parallel processing/multithreading with less expensive
hardware and better efficiency [8].

In this paper, we present a framework to parallelize
SNPHAP [9], which is a haplotype inference bioinformat-
ics program using EM algorithm. The parallel program can
be multithreaded by OpenMP library [10] so that it can be
executed on multi-core CPUs. Our achievement is the sig-
nificant 214% speedup over the sequential version.

This paper is organized as follows: Section 2 briefly
reviews the background and work related to this paper. Our
method is presented in section 3. Then, section 4 dis-
cusses the experimental setup and results. Finally, section
5 presents the conclusion of this work and some directions
for future work are also provided.

2 Literature Review

2.1 SNPHAP: Haplotype and Expectation Maximiza-
tion (EM)

Haplotype analyses are tools for studying human genet-
ics and also used to investigate many population processes,
such as migration and immigration rates, linkage disequi-
librium strength, and the related populations [1]. Haplo-



type can be obtained from unphased genotype data (result-
ing in haplotype ambiguity) through experimental software
techniques. There exist many methods for inferring hap-
lotypes from unphased genotype data. One of the most
widely used methods is to statistically estimate haplotype
frequencies from maker genotype in unrelated individuals
with EM algorithm to overcome the missing or incomplete
data [2].

EM algorithm is an iterative method [3] which is a
general technique for finding maximum likelihood esti-
mates (MLEs) of parameter on incomplete data. The pro-
cedures consist of (E)xpectation step and (M)aximization
step as shown in Figure 1 and as follows.

1. Initial parameter values: Guesstimate the frequencies

2. (E)xpectation step corresponding to hap_posterior()
function in Figure 1:
Compute expected values with the current estimate of
the distribution for the missing values.

3. (M)aximization step corresponding to hap_prior()
function in Figure 1:
Compute MLE found on E step for parameters used to
determine the distribution of the missing values in the
next E step.

4. Repeat with a new set of parameters until the parame-
ter estimation is stable.

There exists some software utilizing EM algorithm to
infer haplotype frequencies. SNPHAP [9] is the chosen
bioinformatics software for our work. SNPHAP is a se-
quential program for inferring haplotype frequencies using
unphased genotype data from a number of unrelated indi-
viduals, in addition to missing data at some loci. Given
a genotype, it uses an EM algorithm to calculate MLEs
of haplotype frequencies. For a large number of loci, the
number of possible haplotype instances becomes impos-
sibly large. Therefore, one of the solutions for this time
consuming haplotype problem is parallel processing (mul-
tithreading) on multi-core CPUs.

2.2 OpenMP Library

OpenMP library [10] is an application program inter-
face (API) for thread based parallelism on shared mem-
ory multi-core processors. The API consists of a set of
compiler directives, library routines, and environmental
variables that support FORTRAN and C/C++ on multi-
ple architectures. For programmers, OpenMP provides a
portable, scalable model of thread based parallelism appli-
cation. As a result, OpenMP programmers do not need to
specify all the details. They only make strategic decisions
and then compiler will figure out the details.

The model of multithreading execution is the fork-
join model. The Master thread initially starts the running
program. After the program is executed for a while, the
Worker threads are spawned (forked) at a parallel region to
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Figure 1: SNPHAP program flowchart

form a team together with the Master thread. At the end of
each parallel region, all threads are synchronized (joined)
before the Master thread can continue further. A parallel
region can also nest with other parallel regions.

The main advantage of using OpenMP is the ability of
all CPU cores to share and access the same memory pool
(data) with less communication overhead and network la-
tency compared with other parallel computing paradigms
such as cluster computing, grid computing, etc.

2.3 Other Parallel Processing Methods for inferring
Haplotype using EM

In this section, we review the only existing paper of par-
allel processing for inferring Haplotype using EM algo-
rithm. Huang and Chen [6] have done experiments as a fi-
nal project by inferring haplotype using EM algorithm with
MPI (Message Passing Interface) library for passing infor-
mation among the processors. They hierarchically parti-
tioned the data and distributed to each processor for one
fragment of the sequence. The final result was assembled
progressively. Their program ran on the CTRIS cluster with
up to 16 processors with only 250 samples and 130 loci. Fi-
nally, the 16-over 2-CPU speedup is 4x.

3 Our Multithreading Method

To parallelize the sequential SNPHAP to execute on the
multi-core CPUs in multiple threads, multithreading tech-
nique can be applied by inserting OpenMP directives on
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index Yotime self children called name
[1] 100 0.11 106570 main [1]
3760 618.16 3930/3930 hap prier [3]
8578 320,99 4080/4080 hap_posterior [4]
31948 0.00  293836461/874204285 hap_posterior [4]
618,16 000 568631912/874204285 hap prior [3]
[2] 832 950.35 0.00 874204285 cmp_hap [2]

Figure 3: Results of GProf profiling the SNPHAP program
(DataSet = 5000, Loci = 151)

hotspot and independent functions. Our method consists of
four major steps as shown in Figure 2. Our method consists
of Profiling, Multithreading, Verification, and OpenMP
Profiling. Each step will be explained in the following sub-
sections.

3.1 Profiling

First of all, the sequential program, SNPHAP, is profiled to
find all hotspot functions that consume significant portion
of execution time. Our profiling tool is GProf [11]. The
profile of sequential SNPHAP is shown in Figure 3. Then,
the OpenMP compiler directives are inserted on those func-
tions to convert them as threads just like Fork-Join model.

According to Figure 3, it is clear that cmp_hap()
function is called by 874,204,285 times, while the hap-
posterior() and the hap_prior() functions are called by just
4,080 and 3,930 times, respectively. Among 874,204,285
times, the cmp_hap() function is called 568,631,912 and
293,886,461 times by hap_prior() and hap_posterior()
functions, respectively. Therefore, the cmp_hap() func-
tion should be parallelized within hap_prior() and
hap _posterior() functions and executed by multi-core
CPUs to significantly reduce the total execution time.
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3.2 Multithreading with OpenMP library

As referred to profile in the previous section, the loop
of the cmp_hap() should be optimized within both the
hap _prior() and the hap_posterior() function to gain per-
formance. Function cmp_hap() compares a couple of hap-
lotypes until it reaches the last haplotype. But the loops
of cmp_hap() function are not independent. So paralleliz-
ing the cmp_hap() is not appropriate due to its small loop
body. In order to run cmp_hap() function in parallel, both
hap_prior() and the hap_posterior() functions have to be
modified by moving the cmp_hap() to compute in the outer
loop. Moreover, the cmp_temp[] array is allocated to store
temporary output for this technique. In addition, the out-
puts of comparison are kept in cmp_temp/[] array for avail-
ability for the next while loop.

The OpenMP multithreaded version of the
hap _prior() and hap_posterior() functions are shown
in Figure 4. As it can be seen in each function, a parallel
region is defined to contain a work-sharing construct. A
parallel region is a block of code executed by multiple
threads simultaneously, while a work-sharing construct
divides the iterations of the loop to distribute over the
CPU cores. Our study makes use of an OpenMP parallel
for construct to define a parallel region. In addition, the
private(hs,h) clause is added to define hs and 4 pointers
as a private copy of each thread. When the master thread
encounters the parallel region, the code within the parallel
construct is copied to a number of worker threads. On
the other hand, different sets of haplotypes (data) are
distributed to those worker threads for parallel execution.

3.3 Output Verification

The parallelized SNPHAP results must be verified again
and again until they are close to those of sequential ver-
sion. As shown in Figure 5, a utility program named Be-
yond Compare matches and differentiates both output files
from OpenMP and sequential SNPHAP in black and red,
respectively.

3.4 OpenMP profiling

After the multithreaded SNPHAP results are completely
verified in step 3, the parallel for constructs are ana-
lyzed to investigate the performance characteristics of mul-
tithreading with OpenMP profiling tool named ompP [12].
As shown in Figure 6, ompP profiling report consists of
Header, Region Overview, Flat Region Profile, Callgraph
Profile and Overhead Analysis Report. Header contains
general information such as data and time of the program.
Region Overview shows number of OpenMP regions (con-
structs) and their source code locations. The ompP profiler
can examine the effectiveness and efficiency of OpenMP
parallel constructs. The profiling report consists of threads
distribution and overhead analysis. In this paper, we can



// hap_prior function
#pragma -;mp parallel for privatej)
for (7=0; j=n_hap; j++)
cp_tetnp[f] =04
h=hs,
hl=hs,

/I ROOO0] region

#pragma omp parallel for private(hs h)
for (=0, 1=n_hap, i+=23{
hs =hlH;
h=hst++
if{cmp_hapths, by I=0)
cmp_temp[1] ='1"
hs=h;
if (hs < he-1){
ht
if {crmp_hapihs, b 1= 03
cmp_temp[i++]="1"

// RO0O002 region

¥
1 fiend parallel for

/I hap_posterior function

#pragina omp parallel for

for {1=0; j=n_hap, 7+ < o ¢
el Boopli] ='0'; /I RO0003 region

h=hs;

hl =hs;

#pragma omp parallel for private(hs, h)
For (=0; 1=n_hap/2; =11
hs = h1+(*2),
h=hst++;
f (ctnp_hapths, k) 1= 0)
crmp_templi] ='1"
1 i end parallel for

/I RO0004 region
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with OpenMP

time3.out, [Beyond Compare] [BEE

Fle Edt Search Vew Took Hep

'i]

]

xr =~ Q-[I4MRR /s mBxX9 0 mE ~ =82 |
o 15 oS00 5114 st Slo & ot comane v G5 ] appmiosizoo
© Cingr e War 3 11159:05 2010 A [ 1 img: Hon ar 5 Taeitess zor a
: H
- — Foeuensed R S . peobaiiey ......... Freusensed P S r rrobiicy
i i
§ sz U2 £ sz 212
¢ el s e 2z o.130428 ¢ el R e 2z ol 1saats
7 ez e e 2122122 olo7ssna 7 sz e e 212122 oloremi1
s Lz e 21212 0.043394 5 Lzl 1212 ol04323
10 2liziziztz s e 2222z 222212 oloassss 10 2ziziz e 2222z 222212 o-odomse
1 i s e s 112 o.03756 1 L e s 212 o.o37947
12 2z e e 21212 o.0zmis 12 G e e a1 212 olozmiz0
13 anzeinze Iz 2121 olozss26 13 anziaze Iz L 21 o-ozssse
14 2221215 e R 22 R AL 211 ol0a1550 14 222121z e R 22 R A 211 olos1ssa
15 izl I R R 2121212 o.021390 15 izl s e R 2121212 oloz13%8
16 Zlizlzieiza s R 121212 o.oz0s58 16 Zllzlziatza Iz sz A 12 2122 o.oz0822
17 a2 221 o.o1988 17 sz s 1 olo19871
16 2Lz e e 2121 c.oi7s10 16 LGz sz 211 o.oi7aoe
19 Zz2izizeiza Rz R 1212122 olo16853 19 Z2izizzize iz R a1 2122 o-o1e8s7
20 Bz I e 2122212 ooieis 20 2laisiza e R 222z 2122212 oloiarsa
21 2uziziz i e L2122 o016 21 anzinze sz e R 122 oloiaize
% ez s 2221 o015 2 sz e oloisss1
% weniazizzIzIz 2 couss v | 2 eniaeneizzEIZIIL ool 9
i e | < 5

snphep listing: Tue Mer 5 11:59:05 2010
snphap Listing: Mon Mar 8 12:11:58 2010

28 Secton(s) Dferent.

Loadtine: 0.1452c

Figure 5: Verifying haplotyping results of OpenMP and se-
quential SNPHAP by using Beyond Compare.

determine each parallel region whether it can be paral-
lelized and sped up in accordance with the number of
threads forked by OpenMP.

In summary, our methodology is the use of OpenMP
library directives to perform multithreading at functions
consuming most execution time according to the profiler.
However, due to dependencies and sequential behavior of
SNPHAP, the source code must be modified to preserve
correctness. In addition, parallel behavior must be pro-
filed to further improve performance and efficiency due to
OpenMP overhead.

4 Experimental Results and Theoretical Dis-
cussions

In this section, we run the statically scheduled multi-

threaded SNPHAP with different parameter sets on an 8-
core Intel Xeon E5405 CPUs 2.0 GHz with 4 GB 800-MHz

20



———- owpF General Information

atart Date i Mon Mawy 31 18:37:15 2010
End Date : Mon May 31 18:54:10 2010
Duration : 1014.56 sec

Application Neme: snphap testSO00_151.dat
Type of Report : final

User Time : 1014.02 sec

System Time : 0.38 sec

Max Threads : 1

ompP Version : 0.7.0

ompP Build Date : Feb 18 2010 23:59:05
PAPI Support : not available

J— owpF Region Overview

PARALLEL LOOP: 4 regions:
+ ROOOO1 snphapfun.c (330-335)
+ ROODODZ snphapfun.c (384-406)
+ ROOOD3 snphapfun.c (585-589)
+ ROOOD4 snphapfun.c (533-603)

J— owpF Callgraph

Inclusive (%) Exclusive (%)
1014.56 (100.0%) 311.67 (30.72%)
1.94 | 0.19%) 1.94 [ 0.19%)
596.47 (58.79%] 596.47 ([58.79%)
1.50 | 0.15%) 1.50 [ 0.15%)
102.98 (10.15%) 102.98 (10.15%)

[snphap testS000 151.dat: 1 threads]
PARLOOP |-FO00O0L snphapfun.c (330-335)
PARLOOP |-FO000Z snphapfun.c (384-408)
PARLOOP |-FO0003 snphapfun.c (585-589)
PARLOOP +-FO0004 snphapfun.c (593-50%)

Figure 6: Profiling of OpenMP multithreaded SNPHAP
by using ompP with a maximum of 1 thread to ex-
amine multithreaded (hotspot) functions, hap_prior() and
hap _posterior()

DDR2 RAM. The operating system is Linux Fedora 9 ker-
nel 2.6.25 SMP version. The SNPHAP 1.3.1 is compiled
with GCC 4.4 and profiled with GNU GProf v.2.18.50. The
OpenMP multithreaded SNPHAP is profiled with ompP
v.0.7.1 [12].

4.1 Multithreading Performance with OpenMP

After the code is modified, we use GCC compiler 4.4 to in-
corporate the OpenMP library with —openmp flag. Experi-
ment (simulation) genotype data set can be obtained from
Snap [13], the open source tool for generating the genotype
data, with parameters as shown in Table 1.

Table 1: Parameter set of the experiments

Parameters Values

Maximum thread number
Number of genotypes data set
Number of loci in genotypes

1,2,4,6,8,12, 16,24, 32
500, 1000, 2000, 5000, 10000
21,51, 101, 151

Table 2 to Table 5 show the averaged execution time
of the experiment at different combinations of genotypes
and loci. From a given set of parameters, the averaged exe-
cution time tends to grow up when the number of genotypes
and the number of loci increase. To compare the results, the
Speedup of execution times between sequential and multi-
threaded SNPHAP are plotted as shown in Figure 7.

Figure 7 shows the Speedups of multithreaded
SNPHAP compared to sequential version at different num-
bers of loci: 21, 51, 101 and 151, respectively. It can
be observed that the maximum Speedup of 2.14 can be
achieved at larger number of loci, data set, and particularly
at 8 threads. In addition, the Speedups tend to increase
to the maximum values at 8 threads and decrease slightly
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later on. This behavior shows that the number of threads
should match with the number of CPU cores to maximize
the performance. Therefore, it can be concluded that the
multithreaded SNPHAP program can be useful for practi-
cally large data sets with high number of loci.

It can also be observed that the Speedup of 1 thread
compared with the sequential version in every experiment
is less than 1.00 due to modification to the source code
to support OpenMP and the overhead of OpenMP itself.
As expected, the Speedup at 12 threads is even lower than
those of 6 and 8 threads. This phenomenon shows the im-
balance of multithreading due to number of running threads
is multiple of number of physical cores. Moreover, the
Speedups at 16, 24, and 32 threads are also lower that of
8 threads. This effects can be investigated further in the
next subsection by the profiling tool named ompP [12].

4.2  OpenMP Profiling

To instrument with ompP, we simply add prefix gcc -
openmp with kinst-ompp. We make the explicit initializa-
tion by placing #pragma pomp inst init at the beginning of
main(). The profiles of each individual parallel region (con-
struct) and the entire program are reported. According to
Figure 4, we are interested in the parallel construct labelled
R0O0002 corresponding to hap_prior() and consuming the
biggest portion of total execution time. Next, we analyze
the overhead of OpenMP that affects the total execution
time. The profiled results of execution time and Speedup
of multithreaded OpenMP (R0O0002 region) of 21, 51, 101,
and 151 loci are plotted and compared as shown in Figure
8.

We can observe from the line graphs with Y-axis on
the right hand side in Figure 8 that the highest Speedup
in this parallel region RO0002 is approaching to 8 times
at 8 threads. Therefore, OpenMP can accelerate the ex-
ecution by multithreading very well. As the number of
threads equals to the number of CPU cores (8 cores),
the Speedup is the highest. Thus, the multithreaded
SNPHAP can be enhanced further as the number of phys-
ical cores/HyperThreads per chip is increased in modern
generations of multi-core CPU.

Next, we analyze why the highest Speedup of multi-
threaded SNPHAP of 214% is at 8 threads rather than 16,
24, or 32 threads. The total overhead of OpenMP at 21,
51, 101 and 151 loci are shown as the percentage of total
execution time in Figure 9. It is obvious that the %over-
heads increase as the number of threads is less than the
number of CPU cores. However, the %overhead of 16
threads rises dramatically due to imbalance and manage-
ment overhead. In general, we find that the %overhead of
OpenMP increases along with the number of threads. Espe-
cially, the %overhead of 16 threads is much higher than that
of 8 threads due to thread management and imbalance. For
small number of loci (21 and 51 loci), %overhead is much
higher than that of large number of loci (101 and 151 loci)
because of the shorter execution time. As suspected, the



Table 2: Execution time (seconds) of sequential SNPHAP vs. multithreaded SNPHAP with 21 loci

feenotypes | Execution Time Execution Time (seconds) / §Threads
1 2 4 6 8 12 16 24 32
500 0.29 | 0.29 | 0.36 | 0.34 | 0.34 | 0.38 | 0.38 | 0.41 | 045 | 0.48
1000 044 | 046 | 0.53 | 0.52 | 0.51 | 0.59 | 0.54 | 0.54 | 0.55 | 0.58
2000 092 | 097 | 1.13 | 1.03 | 1.03 | 1.15 | 1.08 | 1.09 | 1.10 | 1.11
5000 248 | 2.66 | 3.00 | 2.72 | 2.80 | 2.99 | 2.84 | 2.75 | 2.76 | 2.85
10000 5.68 | 622 | 642 | 6.02 | 6.02 | 6.24 | 6.04 | 6.03 | 6.04 | 6.08

Table 3: Execution time (seconds) of sequential SNPHAP vs. multithreaded SNPHAP with 51 loci

fgenotypes | Execution Time Execution Time (seconds) / §Threads
1 2 4 6 8 12 16 24 32
500 1.73 1.68 1.60 1.39 1.51 1.52 1.52 1.56 1.62 1.52
1000 3.81 3.91 3.82 3.24 3.40 3.38 3.44 3.43 3.45 3.38
2000 9.75 | 10.25 9.36 8.00 8.17 8.17 8.30 8.09 8.23 8.17
5000 30.10 | 32.72 | 28.04 | 23.47 | 23.86 | 23.81 | 23.89 | 23.79 | 23.76 | 23.81
10000 67.00 | 73.51 | 59.36 | 50.66 | 50.25 | 51.95 | 51.30 | 51.32 | 50.97 | 51.95

Table 4: Execution time (seconds) of sequential SNPHAP vs. multithreaded SNPHAP with 101 loci

fgenotypes | Execution Time Execution Time (seconds) / §fThreads
1 2 4 6 8 12 16 24 32
500 12.17 11.74 9.51 7.82 7.04 741 7.72 7.97 8.04 7.91
1000 33.18 35.03 27.64 21.03 19.61 19.63 20.59 20.46 20.13 19.97
2000 98.70 | 107.11 76.42 60.98 57.62 54.96 58.83 58.08 57.95 57.39
5000 366.06 | 397.30 | 276.93 | 219.12 | 197.92 | 193.92 | 205.98 | 199.55 | 199.53 | 199.00
10000 881.05 | 952.32 | 656.68 | 521.01 | 470.19 | 448.05 | 480.30 | 464.01 | 472.33 | 467.54
Table 5: Execution time (seconds) of sequential SNPHAP vs. multithreaded SNPHAP with 151 loci
fgenotypes | Execution Time Execution Time (seconds) / i Threads
1 2 4 6 8 12 16 24 32
500 22.71 22.53 5 7ot® 7] 13.88 12.40 12.31 13.53 13.53 13.67 13.85
1000 70.18 72.75 54.08 39.64 36.71 35.37 39.37 38.85 37.32 37.14
2000 245.64 260.28 181.34 136.53 123.73 121.88 127.31 124.17 127.17 125.67
5000 973.15 | 1048.83 692.77 524.73 479.59 453.86 486.11 464.55 468.71 469.35
10000 2617.50 | 2778.21 | 1905.96 | 1421.66 | 1271.75 | 1221.10 | 1298.07 | 1244.60 | 1242.24 | 1253.27

9ooverhead of OpenMP obtined from the ompP profiling
can significantly affect the total execution time especially
at small data sizes and large number of threads.

In summary, we make use of parallel for construct to
distribute the work load equally at run time. Therefore, this
can cause high management and imbalancing overhead at
more than 1 thread/core. Furthermore, it is obvious that
the %overhead of 8 threads/8 cores (1 thread/core) is much
lower than that of 16 threads/8 cores (2 threads/core). Other
parallel constructs of OpenMP could be applied to com-
pare/minimize the %overhead in order to increase the over-
all efficiency.

5 Conclusions and Future Works

In this paper, we present the multithreaded version of
SNPHAP, which is a haplotype inference bioinformatics
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program using Expectation Maximization algorithm. To
speed up the SNPHAP program which has already been
optimized for sequential execution, we study, profile, and
modify SNPHAP to run in several threads on an 8-core In-
tel Xeon machine by applying OpenMP 3.0 library. Our
framework can achieve a significant Speedup 214% on a
practically large data set with 151 genotyping loci of a
10,000 population samples. Based on our ompP profiles
of multithreaded SNPHAP, we also can conclude that the
maximum speedup can be reached when the number of par-
allel threads equal to the number of physical cores.

For future works, different scheduling and synchro-
nization schemes shall be applied to reduce the overhead
and hence to increase speedup and efficiency. In addition,
more experiments can be conducted on current generation
of CPUs, such as AMD Phenom II x6, Intel i7 Core, and
Intel Xeon 5600 with up to 6 cores, Intel Xeon 7000 with
up to 8§ physical cores per CPU while supporting up to 16
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Figure 7: Speedup of sequential vs. multithreaded SNPHAP at (a) 21 loci (b) 51 loci (c) 101 loci and (d) 151 loci.

threads with Hyper-Thread technology. On the other hand,
as the CPUs incorporates large Level-3 caches up to 24 MB
compared to only 2x6MB L2 cache on Xeon 5405, cache
behavior shall be investigated to speed up the execution and
to support even larger population size.
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Abstract— This paper presents a multithreading methodology
for OpenMP library. The methodology can be applied to
convert existing sequential and demanding programs to be
multithreaded programs with OpenMP running on the Multi-
core CPUs. In our experiments, we apply this methodology
to SNPHAP, which is one of the best haplotype inference
bioinformatics program in terms of speed. The results show that
our significant achievement is the maximum Speedup 316 % for
Intel Xeon E5405 (8-core 2.0 GHz) and 410% for Intel Xeon
ES5520 (8-Core with HyperThreading 2.66GHz) faster than its
own sequential version.

I. INTRODUCTION

Nowadays, major chip manufacturers are producing multi-
core CPUs with/without Hyper-Threading. Therefore, several
demanding programs can be multithreaded to gain higher
performance with less expensive hardware and better effi-
ciency [1]. The recent parallel language standard for shared
memory multiprocessor system (SMP), OpenMP 3.0 is now
the most well known library that can be applied successfully
to develop parallel programs running on multi-core CPU
architecture.

The difficultly of multithreading may depend on the char-
acteristics of each application. Park, et al. [2] create a par-
allel FORTRAN programming environment using OpenMP.
However, they focus on general program development and
also create a new tool for supporting each step in the
methodology. The methodology is not flexible for other free
tools and open source tools. Moreover, it does not support
implementation details to get the highest performance, espe-
cially, demanding applications such as bioinformatics.

Our proposed methodology can be applied to convert
existing sequential and demanding programs to be multi-
threaded programs with OpenMP. In this paper, we apply
it to SNPHAP [3], which is a haplotype inference bioinfor-
matics program using EM algorithm. Run time complexity
of SNPHAP is exponential [4][5] due to the large number of
possible haplotype instances.

The remainder of the paper is organized as follows:
Section 2 briefly reviews the related background and pre-
vious work to this paper. The multihtreading methodology
is presented in Section 3. Then, Section 4 discusses the
experimental setup and results. Finally, Section 5 presents the
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conclusion of this work and some directions for the future
work.

1I. LITERATURE REVIEW
A. OpenMP libraries

OpenMP library [6] is an application program interface
(API) for thread based parallelism on shared memory multi-
core processors. The API consists of a set of compiler
directives, library routines, and environmental variables that
support FORTRAN and C/C++ on multiple architectures.
For programmers, OpenMP provides a portable, scalable
model of thread based parallelism application. The model of
multithreading execution is the fork-join model. The Master
thread initially starts the running program. After the program
is executed for a while, the Worker threads are spawned
(forked) at a parallel region to form a team together with
the Master thread. At the end of each parallel region, all
threads are synchronized (joined) before the Master thread
can continue further. A parallel region can also nest with
other parallel regions. The main advantage of using OpenMP
is the ability of all CPU cores to share and access the
same memory pool (data) with less communication overhead
and network latency compared with other parallel computing
paradigms such as cluster computing, grid computing, etc.

B. OpenMP Parallelization Methods

In [2], Park, et al. create a parallel programming envi-
ronment. They focus on general FORTRAN program de-
velopment and also create a new tool for supporting each
step in the methodology. It is not flexible for other free and
open source tools. Programmer shall choose the suitable tools
according to the characteristics of each parallel application.
Moreover, it does not support deep implementation in details
to get the highest performance, especially, for demanding
applications such as bioinformatics.

C. SNPHAP: Bioinformatics Application

Haplotype analyses are tools for studying human genetics
and also used to investigate many population processes, such
as migration and immigration rates, linkage disequilibrium
strength, and the related populations [7]. There exist many
methods for inferring haplotypes from unphased genotype
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Fig. 1. Main flowchart of SNPHAP [3]

data. One of the most widely used methods is to statisti-
cally estimate haplotype frequencies from maker genotype
in unrelated individuals with EM algorithm to overcome
the missing or incomplete data [8]. This problem can take
exponential computation time [4][5] caused by the large
number of possible haplotype instances. SNPHAP [3] is the
chosen bioinformatics application for our work. EM algo-
rithm is a general technique for finding maximum likelihood
estimates (MLEs) of parameter on incomplete data. The
procedures consist of (E)xpectation step (hap_posterior) and
(M)aximization step (hap_prior)as shown in Figure 1.

Eronen, et al. compare run time per genotype (seconds) of
SNPHAP with other haplotyping software in[9]. From Figure
2, it can be seen that run time per genotype of SNPHAP is
the best. This makes parallelization of SNPHAP even more
challenging.

In our previous work [10], we have presented the mul-
tithreaded version of SNPHAP with OpenMP library on
multi-core CPUs. Our method is the use of OpenMP library
directives to perform multithreading at functions consuming
most execution time according to the profiler. We have found
that cmp_hap function inside hap_prior and hap_posterior
functions should be parallelized with OpenMP parallel For
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construct. As such, we can run multithreaded SNPHAP up
to 214% faster than the sequential version.

III. OUR MULTITHREADING METHODOLOGY

Our multithreading methodology consists of four major
steps as shown in Figure 3, Sequential Profiling, Multithread-
ing, Verification, and OpenMP Profiling. We have applied
this methodology with SNPHAP implementation in details.
It can also be applied with other applications easily. Each
step will be explained in the following subsections.

A. Sequential Profiling: GProf

First of all, the sequential program, SNPHAP, is profiled
to find all hotspot functions that consume significant amount
of time. The profiling tool is the Gprof profiler tool [11].
Then, the OpenMP compiler directives are inserted on those
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static void sort(char *array, size_t size, int (*cmp)(const void*,const void*), int begin, int end) {
f{begin = end) return;
int =begin;
nt j=end,p;

void *pivot= array + begmn;
do {
while ( cmp(arrayH,pivot) < 0) r+=size;
while ( cmp(array+j,pivot) > 0) j-=size;
i (<=y) {
swap (arrayH,array+j,size),
1+=size;
J-=size;

Jf Pwot partition section

)
) while (i<=y),

if (begn < j){
#pragma omp task
sort(array,size,cmp,begin,j);
ig(x ST /I Recursive section
#pragma omp task
sort(array,size,cmp.i,end);

i

)

void gsort1(void *array, size_t nitems, size_t size, int (*cmp)(const void*,const void*)) {

#pragma omp parallel
#pragma omp single
(

if Call sort() section
sort(array, size, cmp, 0, (nitems-1)*size),

)

Fig. 4.
construct

Multithreading of gsortl() function with OpenMP parallel Task

functions to convert them as threads just like Fork-Join
model.

B. Multithreading with OpenMP. 3.0

In our previous work [10], we have parallelized the ex-
ecution of cmp_hap inside hap_prior() and hap_posterior(),
respectively. From Sequential Profiling step, we have found
that the sorting function (qsort()) in Figure 1 calling cmp_hap
function consumes the most execution time as well. There-
fore, it is our target. Unfortunately, gsort() is defined in a
standard library and therefore not easy to parallelize. Then,
we have to develop a new modified gsortl() with OpenMP
as shown in Figure 4.

From Figure 4, it can be seen the gsortl() makes use
of OMP Single construct to call sort() function. Because
sort() function is actually a quciksort algorithm with recur-
sions. Two OMP Tasks constructs are applied to define an
explicit parallel task (thread). The execution model of this
mulithreaded gsort1() can be described as a single producer,
multiple consumer model. The master thread executing the
Single region generates (forks) working tasks (threads). All
the working tasks (threads) are guaranteed to complete by the
time that all (working) threads exit the Single region (join).
When a thread finishes executing a task, it grabs a new task
to execute. In this way, all threads can execute available tasks
without explicit barrier synchronization, thereby improving
load balancing.

C. Verification

The multithreaded SNPHAP results must be verified again
and again until the results are similar to those of sequential
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Fig. 5. Profiling result of multithreaded SNPHAP by ompP with 32 threads
to examine % run time of hap_prior() and hap_posterior(), and gsortl()

version as possible. A utility program named Beyond Com-
pare matches and differentiates both output files from both
multithreaded and sequential SNPHAP, respectively.

D. OpenMP Profiling: ompP

The OpenMP parallel for and Task constructs can be
analyzed by ompP [12] to investigate its multithreading char-
acteristics. We can use the results to analyze the bottleneck
and thus increase the performance gain. Our profiling result
of mutithreaded SNPHAP shows % run time of each parallel
For and Task constructs as shown in Figure 5.

IV. EXPERIMENT RESULTS AND DISCUSSIONS
A. Experiment Set Up

In this section, we run the multithreaded SNPHAP with
different parameter sets on two Linux systems: an 8-core
Intel Xeon E5405 CPUs 2.0 GHz with 4 GB 800-MHz
DDR2 RAM and an 8-core Intel Xeon E5520 CPUs (Hyper-
Threading) 2.66 GHz with 6 GB 1066-MHz DDR3 RAM.
The operating system is Linux Fedora 9 kernel 2.6.25 SMP
version. The modified SNPHAP 1.3.1 is compiled with GCC
4.4 together with OpenMP 3.0 library (only OpenMP and no
other compiler optimizations) and profiled with GNU GProf
v.2.18.50. The OpenMP constructs are profiled with ompP
v.0.7.0. The parameters for this experiment are shown in
Table 1.

B. Runtime vs. Runtime per Genotype

In this section, we would like to show the exponential run
time of sequential SNPHAP before applying the proposed
methodology.
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TABLE I
PARAMETER SET OF THE EXPERIMENTS

Parameters

Values

Maximum thread number
Number of genotypes
Number of loci in genotypes

2,4,8,12, 16, 32
500, 1000, 2000, 5000, 10000
21, 51, 101, 151

Time Complexity of seguential SNPHAP

100,000 - #Genotype

10,000 4| 500

1,000 |

100

Run TIme (secencis)

Run Time per Genotype

#Loci

Fig. 6. Run Time and Run Time per Genotype of sequential SNPHAP on
8-Core Intel Xeon E5405

Figure 6 shows Run time and Run time per Genotype in
Seconds. From a subset set of parameters in Table I, Run
Time and Run Time per Genotype of multithreaded SNPHAP
on Intel Xeon E5405 and Intel Xeon E5520 machines are
plotted as shown in Figure 7 and Figure 8, respectively.

Here are the observations in general. Intel Xeon E5520 can
run multithread SNPHAP faster than E5405 due to higher
clock frequencies (2.66 GHz vs. 2.0 Ghz), larger and deeper
cache per 4 cores (8-MB L3 vs. 2x4-MB L2), and better
memory technology (DDR3 vs. DDR?2).

C. Speed Up

To simply understand and compare the results, the
Speedup (ratio) of execution times between sequential and
multithreaded SNPHAP of Intel Xeon E5405 (without Hy-
perThreading) and Intel Xeon E5520 (with HyperThreading)
of 10,000 genotypes and 151 loci are plotted as shown in
Figure 9.

Intel Xeon E5520 can run multithread SNPHAP and
achieve higher Speedups than E5405 with the same parame-
ter set. Note that Speedups of each CPU are compared with
its own sequential runtime. Both CPUs gain higher Speedup
when the number of threads increases. The Speedup of E5405
is the maximum of 3.16 at 8 threads and almost constant
later on. On the other hand, Speedup of E5520 tends to
peak at 8 threads and slow down at 16 threads. It turns out
that the maximum Speedup of 4.10 can be achieved at and
particularly at 32 threads. That means E5520 is more scalable
than E5405.
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Fig. 7. Run Time and Run Time per Genotype (seconds) of 8-thread
SNPHAP on 8-Core Intel Xeon E5405 (OpenMP only, No other optimiza-
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Run Time of multithreaded SNPHAP of Intel Xeon E5520 at 32 threads
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Fig. 8. Run Time and Run Time per Genotype (seconds) of 32-
thread SNPHAP on 8-Core Intel Xeon E5520 (OpenMP only, No other
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Fig. 9. Speedup Comparison of Multihreaded SNPHAP on 8-Core Intel
Xeon E5405 vs. 8-Core Intel Xeon E5520 at 10,000 genotypes & 151 loci
(OpenMP only, No other optimizations)
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V. CONCLUSIONS AND FUTURE WORK

The sequential SNPHAP can be multithreaded by OpenMP
library [6] so that it can be executed on multi-core CPUs.
We experiment on Intel Xeon E5S405 and Intel Xeon E5520
Linux machines. Our achievement is significant in terms of
Speedup at up to 316% and 410%, respectively faster than
its own sequential version. We shall apply this methodology
to other bioinformatics benchmark programs.
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Abstract—In this paper, we attempt to analyse this highly
computational problem by parallelizing a haplotype inference
algorithm, called SNPHAP. The analysis is based on both the
orignal (sequential) algorithm and its corresponding run time
complexity in Big-O notations. Then, we improve its performance
using OpenMP 3.0 and test on a 4-core Intel Core i7-2600
(Hyper-Threading), an 8-core Intel XeonE5405, an 8-core Intel
Xeon E5520 (Hyper-Threading) and a 32-core AMD Opteron
8356 Linux machines. The achievements in terms of maximum
speedups are 260%, 316%, 410% and 488%, respectively. The
factors that affect the speedup of SNPHAP are the specific paral-
lelized code fraction, the suitable OpenMP constructs, the number
of physical cores, the sizes of cache memories within/among CPU
cores, the clock frequency and finally the memory technology.

I. INTRODUCTION

A haplotype provides a snapshot of human evolution to
estimate the age and location of disease mutations related
to a set of multiple linked markers and to investigate many
population processes [1]. In other words, an inferred haplotype
is not a direct observation but can be obtained from unphased
genotype data (resulting in haplotype ambiguity) through ex-
periment in software techniques. There exist many methods for
inferring haplotypes from unphased genotype data. One of the
most widely used methods is to statistically estimate haplotype
frequencies from genotyping markers of a group of unrelated
individuals by employing the Expectation Maximization (EM)
algorithm to predict the missing or incomplete data [2][3].
This problem can take longer computation time caused by
a large number of possible haplotype instances are widely
needed. Therefore, if the method can be extended into parallel
algorithms, the throughput may be increased.

In this paper, we analyse this highly computational prob-
lem by parallelizing a haplotype inference algorithm, called
SNPHAP. The analysis is based on both the orignal (sequen-
tial) algorithm and its corresponding run time complexity in
Big-O notations. Then, we improve its performance using
OpenMP 3.0 and test on a 4-core Intel Core 17-2600 (Hyper-
Threading), an 8-core Intel XeonE5405, an 8-core Intel Xeon
E5520 (Hyper-Threading) and a 32-core AMD Opteron 8356
Linux machines. The achievements in terms of maximum
speedups are 260%, 316%, 410% and 488%, respectively.

978-1-4799-0545-4/13/$31.00 ©2013 IEEE

Sissades Tongsima
Genome Institute, National Center for Genetic
Engineering and Biotechnology
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Due to limited amount of space, the contribution of this
paper will mainly focus on the analyses of experimental
results with Big-O notations. The remainder of the paper is
organized as follows: Section II reviews SNPHAP and OMP
SNPHAP that we have done. The experiments and results
are demonstrated in Section III. Then, Section IV extensively
discusses the analyses of experimental results. Finally, this
paper is concluded in Section V.

II. LITERATURE REVIEW
A. SNPHAP

SNPHAP is an EM-based program for inferring haplotype
frequencies using genotype data from a number of unrelated
individuals. The EM algorithm is an iterative method [3]
which is a general technique for finding maximum likeli-
hood (ML) estimation of haplotype frequencies. The overall
procedure comprises (1) Expectation step (hap_posterior()
inside SNPHAP), (2) Maximization step (hap_prior() inside
SNPHAP) and repeat (1)(2) until the haplotype frequencies
are stable. Note that we use the prefixes “SEQ” and “OMP”,
standing for sequential and OpenMP, to identify the original
and our parallelized versions of SNPHAP. The aforementioned
steps can be summarized in Algorithm 1 that we derived for
Big-O analysis in the subsequent sections.

Eronen et al. [4], compared running time of the SNPHAP
with other haplotyping tool when varying the number of loci
as shown in Fig. 1.

The compared tools include GERBIL [5] (version 1.0),
PL-EM [6] (version 1.5, kindly provided by Zhaohui S. Qin),
fastPhase [7] (version 1.1.3), Phase [8], [9] (version 2.0), and
HaploRec (version 2.3) [4]. From this report, the SNPHAP is
the fastest tool among others. Although the SNPHAP has the
strong point of runtime, it is still the sequential (single thread)
version. The runtime of SHPHAP can be further reduced with
multithreading technique. On the other hand , the SNPHAP
is not suitable for Clustering because a little bit of time
of inferring haplotype in each EM iteration is overcome by
communication time between Cluster nodes. The SNPHAP,
moreover, is communication bound so that multithreading
technique on Multi-core CPUs is the best solution.
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Fig. 1: Runtime (seconds) per genotype of various haplotyping
software and SNPHAP is the fastest (Loci = 30).

B. Parallel SNPHAP

To parallelize the SEQ SNPHAP program to run on Multi-
core CPUs, multiple threads must be generated. OpenMP
library offers special instructions, called OpenMP constructs,
that can initiate such threads and when executing these threads
can be run in parallel on Multi-core CPU. However, not all
modules/functions in a sequential program can be converted
to multithreaded functions.

Our method consists of four major steps: 1) Profiling
(Gprof), 2) Multithreading (GCC + OpenMP), 3) Verification,
and 4) OpenMP Profiling (omPP). These steps have been
introduced in our previous work [10] that we have parallelized
on cmp_hap() inside hap_prior() and hap_posterior() by using
OpenMP parallel For construct. While latest work [11], we
have extended the OpenMP version of SNPHAP from [10] by
parallelizing on gsort() with Task construct.

III. EXPERIMENTS AND RESULTS

In this section, we present the experimental settings and
the speedup of the OMP SNPHAP running under various
multithreaded configurations.

A. Experimental Settings

The results reported in this paper are based on experimental
measurements on four Multi-core CPUs systems: Intel Core
i7-2600 (Hyper-Threading), Intel Xeon E5405 Harpertown,
Intel Xeon E5520 Nehalem-EP (Hyper-Threading) and AMD
Opteron 8356 Barcelona located at National Center for Genetic
Engineering and Biotechnology (BIOTEC), Thailand. The op-
erating systems are Linux Ubuntu 10.04 kernel 2.6.32 SMP
version for Intel Core 17-2600, Linux Fedora 9 kernel 2.6.25
SMP version for both Intel E5405 and Intel E5520 and Linux
CentOS 5.2 kernel 2.6.18 SMP version for AMD Opteron. The
modified SNPHAP 1.3.1 is compiled with GCC 4.4 together
with OpenMP 3.0 library (only OpenMP and no other compiler
optimizations) and profiled with GNU GProf v.2.18.50.

Table I provides a summary of our evaluation Multi-core
systems. We have interested in the multithreading perfor-
mance of particular characteristics of these systems. Firstly,

Speedup at G = 10000, nL = 151 (Combine)
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Fig. 2: Speedup comparison of OMP SNPHAP for Combined
Parallelization (parallel For + Task) on Intel Core i7-2600,
Intel Xeon E5405, Intel Xeon E5520 and AMD Opteron 8356
at G = 10,000 and nL = 151 (OpenMP only, No other compiler
options).

we consider both one-socket quad-core (Hyper-Threading),
dual-socket quad-core (8 cores), dual-socket quad-core (Hyper-
Threading) and octal-socket quad-core (32 cores) systems.
We study how the OMP SNPHAP scales by each OpenMP
construct to get the highest performance. Secondly, the cache
capacity and cache sharing configurations of these systems
will be investigated on how it effect to the performance. The
L3 cache capacity shared among on a socket ranges from
2MB (AMD Opteron 8356) to 8 MB (Intel E5520 and Intel
Core 17-2600). Moreover, the Intel E5405 system has two L2
caches as 6MB on a socket (chip), each which is shared among
two cores. The experiment (simulation) genotype data set (G)
can be obtained from SNAP [12], the open source tool for
generating the genotype data, with parameters as shown in
Table II.

B. Speedup

From a given set of parameters in Table II, the speedups
for Combined Parallelization (parallel For + Task) construct
are presented and described in the following.

The experiment combines both For and T'ask constructs
to improve the performance. Two factors leading to poor
performance are OpenMP overhead costs and load imbalance.
However, as we experiment on the larger G at larger nL, the
OMP SNPHAP version scales much better than SEQ SNPHAP.
Even when only a single thread is used, there are some
overhead costs incurred by OpenMP and modification of the
source code to support OpenMP.

From Figure 2, the speedups of all CPUs tend to grow
dramatically when T increases (peak at 7 = 8 to 48) and
decreases slightly later on. We can see that the speedups scale



TABLE I: Architectural details of Multi-core systems used in our study. {shared among cores. {shared between 2 cores.

System Intel Core i7-2600 Intel E5405 Intel ES520 AMD Opteron 8356
Core Architecture Sandy Bridge Harpertown Nehalem-EP Barcelona
Socket x cores x threads I1x4x2 2x4x1 2x4x2 8§x4x1
#Threads 8 8 16 32
Clock (GHz) 34 2 2.66 2.3
L1/L2/L3 cache (KB) per core 32/256/8192% 32/6144%/- 32/256/81921 64/512/2048F
DRAM Capacity (GB) 16 4 12 16
Bandwidth (GB/s) 21 21.33 51.2 21.33

TABLE II: Parameter set of the experiments
Parameters Values

1,2, 4,8, 16, 32, 48, 64
500, 1000, 2000, 5000, 10,000
51, 101, 151

Maximum thread number (7))
Number of genotypes (G)
Number of loci in genotypes (nL)

well as T and the physical cores C are available except Intel
Core 17-2600.

We can also observe that the speedup of Intel Core i7-2600
tends to peak at 2.6 at T = 48. While of Intel Xeon E5405,
the maximum speedup is 3.16 at 7 = 8 and slightly lower and
almost constant later on. For Intel Xeon E5520, the maximum
speedup is 4.10 at T = 32. Moreover, the speedup tends to
peak at 7 = 8 and slow down at 7 = 16. It turns out at 7" =
32 and decreases slightly almost later on. This effect is due to
the For construct. On the other hand, the speedup of AMD
opteron 8356 tends to peak at 4.88 at 7' = 16 and slow down
at T = 32. It turns out at 7 = 48 and decreases slightly later
on. This effect is due to T'ask construct.

Moreover, the speedups grow up along with problem size
(G + nL). Especially, at the largest nL (151 loci) and G (10,000
genotypes) all systems show their highest speedups. The small
problem sizes lead to speedup loss due to multithreading
overhead. For larger problem sizes, the overhead reduces
significantly. In particular, the main source of speedup loss is
the memory overhead (memory contention and cache misses),
proportional to the number of cores and the problem size.
In our previous work [10], we found that each For construct
can be parallelized and sped up in accordance with 7 threads
forked by OpenMP. Furthermore, the %overhead of OpenMP
can significantly affect the total execution time especially at
small data sizes (G + nL) and large T (%overhead of 1
thread/core is much lower than that of 2 threads/core).

In general, AMD Opteron 8356 can run OMP SNPHAP
faster than Intel Core i7-2600, Intel Xeon E5520 and Intel
Xeon E5405 due to higher number of CPU cores (32 vs. 4
vs. 8 vs. 8, respectively). Moreover, Intel Xeon E5520 can run
OMP SNPHAP faster than Intel Xeon E5405 because of higher
clock frequencies (2.66 GHz vs. 2.0 GHz), larger and deeper
cache per 4 cores (8-MB L3 vs. 2x3-MB L2), much higher
memory bandwidth, and better memory technology (DDR3 vs.
DDR?2) and Hyper-Threading technology (2 threads/core vs.
1 thread/core). Although the Intel Xeon E5520 shows better
architectural features than AMD Opteron 8356 except for the
number of CPU cores, the highest speedup is still lower than
that of AMD Opteron 8356. Therefore, more physical CPU
cores of AMD Opteron 8356 can gain the highest speedup. In
spite of having more physical CPU of AMD Opteron 8356,

its speedup/core is still less than Intel Xeon ES5520. The
reasons behind this effect are L3 cache size and inefficient
communication links (QPI) between cores.

IV. ANALYSES AND DISCUSSIONS

The factors affecting the speedup of SNPHAP are the
specific parallelized code fraction, the suitable OpenMP con-
structs, the number of physical cores, the sizes of cache
memories within/among CPU cores, the clock frequency and
finally, the memory technology. They are analysed in the
following subsections.

A. The specific parallelized code fraction

In parallel computing, Amdahl’s law [13] is used to predict
the theoretical speedup using multiple processors. For the
parallelization on Multi-core systems, the speedup S(C) that
can be achieved by using C' processor cores is given by
Equation 8.

1
1=f+L+oC)

where f is the fraction of a program that can be parallelized
and o(C) = overhead of C processor cores. This overhead
consists of two portions: operating system overhead and
threading activities including synchronization, load imbalance,
memory contention, cache miss, and also OpenMP overhead
(this overhead can be explored by OpenMP profiling step
which have introduced in [10]). We can say that it will be
a strong scaling when the data size remains constant and
weak scaling when the data size is proportional to C (runtime
remains constant).

5(C) = ()

In practice, if C' is fixed and then the maximum speedup
can be limited by the fraction (1 — f) and the overhead o(C).
In this context, the numerical value of fraction f determines
the theoretical maximum speedup. As referred to the results of
GProf profiling [14] in Fig. 3, the fraction f is the cmp_hap()
which called by hap_prior() and hap_posterior() as 89.2% of
the total execution time. Therefore, the ideal speedup S is 4.56
at C =T = 8. Unfortunately, the experimental speedup of three
systems at G = 10,000 and nL = 151 (as Fig. 2) are less than
4.56. These effects occur due to the o(C) and some source
code modification to preserve the correct output. Moreover, the



speedups scale along with the number of data size (G + nL)
increases. This observation could be described by Equation
8 that when f grows up, the serial (sequential) part, (I-f),
decreases in opposite to f. This leads to higher speedup.

index %time self  children called name
[1] 100 0.11  1065.70 main [1]
37.60 618.16 3930/3930 hap_prior [3]
65.78 320.99 4080/4080 hap posterior [4]
319.48 0.00 293886461/874204285 hap_posterior 4]
618.16 0.00 568631912/874204285 hap_prior [3]
[2] 89.2 95035 0.00 874204285 emp_hap [2]

Fig. 3: Results of GProf profiling the SEQ SNPHAP program
(G = 10000, nL = 151)

If C is increased proportionally, nevertheless, the speedup
would be weak scaling and could be further limited by mem-
ory contention, cache misses, and communication bottleneck
between cores. There are two ways for the solution including
more cache capacity and improving memory contention for
shared memory resources. The number of cache misses could
be reduced with bigger cache capacity and deeper cache per
socket (chip). For improving memory contention, we should
avoid shared data among deference cores as possible. The best
one is choosing the architecture that have not shared cache
among cores and/or have to modify the program to avoid
shared data.

Next, we will demonstrate that the complexity analysis of
both parts depend on the number of CPU cores, the number
of threads, and its Overhead.

B. Applying parallel For construct

We start with the theoretical analysis of hap_prior() and
hap_posterior() of f proportion. The OMP SNPHAP was
achieved by parallelizing two functions by using parallel For
construct [10]. In theoretical analysis of the Multi-core CPUs,
T threads are created such that each thread executes a chunk of
cmp_hap(). In other words, the OpenMP parallel For construct
splits and assigns the chunk of cmp_hap() to each thread.

As referred to the haplotype inference (HI) definition [15],
[3], HI is the problem of inferring 2n haplotype pairs from
n observed genotype data . For strictly biallelic genotype,
the number of possible haplotype pairs per genotype is 2571,
where k is the number of heterozygous loci site (representing
by 2) in an individual genotype data. So, the maximum number
of possible haplotypes H is calculated by Equation 9.

G
H:2ZQ’%‘*1, )
j=1

where k; is the number of heterozygous loci site at gt
genotype.

We need complexity O(H) calls the cmp_hap() to compare
two haplotypes at the number of currently phased nP, in
which the complexity of each call is O(nP), Therefore, the

computational complexity of the hap_prior() for running one
EM iteration as shown in Equation 10.

Tprior(nP,H) = O(nP x H) (10)

Moreover, the computational complexity of the
hap_posterior() for running one EM iteration, which we
define as Equation 11.

T, oste'rior(npa H) = O(TLP X H) (]])

p

As referred to the SEQ SNPHAP algorithm in Algorithm 1, the
EM algorithm will repeat hap_prior() and hap_posteior() until
the EM iteration reach to the maximum /,,,,, or frequencies
are stable. At outer loop inside main(), the loop of nP will
repeat until the nP reach to the maximum of the number of
loci (nL) for each genotypes. The possible haplotype instance
of the j*" genotype (H;) can be explained with 2% where
k; is the number of heterozygous loci site (representing 2). In
this way the total computational complexity of the hap_prior()
+ hap_posteior() as shown in Equation 12.

nL G lmax

Tiotar(nL, G, lLyaz) = Z Z Z((gnp x 2ki =1y 4 ok;+1)

nP=1j=1 i=1
(12)

Let k be the average of the number of heterozygous loci
site so that the new computational complexity can be evaluated
as Equation 13.

T}otal (nL7 CREREY, k) = O(TLL X G X lypaz X 2k) (13)

Since Multi-core CPUs can execute a number of threads T’
in parallel, the actual computational complexity as shown in
Equation 14.

T‘total_threads (’ILL, G7 lmama k» C7 T)
L x G X lypgs X ((3nL x 2F~1) 4 2k+1
o (o )42 o)

= O(TLL x G x Zmaa: X 2k)7

(14)

where 7' is the number of threads, C'is the number of processor
cores, o(7T) are threading multiplexing, synchronization, load
imbalance and also OpenMP overhead, and 7" > C'. In the best
case, if 7= C' then o(T) can be eliminated. The H depends
on the number of heterozygous site (representing 2) in each
genotype which normally contains ~ 3/4 of nL (evaluating
from SNAP generating data set tool). As the nL increased,
the H increased which lead to memory consumption and cache
miss problem that can not be explored by Amdhal’s law. This
problem causes the speedup limitation.

For performance evaluation, let C and T be fixed and the
limaz can be eliminated due to it is a small constant (4, =
100) when compared with others, the complexity depends on
nL, G, o(T'), and some overheads that can not be explored by
Amdhal’s law.

To improve the performance, we should increase the num-
ber of processor cores and reduce the o(7T) and also some ef-
fects that can not be explored by Amdhal’s law including cache
miss, communication between cores, less memory bandwidth,
and memory contention problem. The complexity analysis of
gsort() part will be investigated in next subsection.



C. Applying Task construct

We have decided to use of the T'ask construct to parallelize
the recursive algorithm (gsor#()) due to it is easy to run
in parallel and all threads can execute tasks without barrier
synchronization, leading to improve load balancing. Quick
Sort, moreover, can operate on the same memory, the processor
cores do not have to share data except synchronization among
cores. Note that the gsort() is located inside the loop of nP
in SEQ SNPHP. Due to the standard library gsort() in SEQ
SNPHAP to difficultly parallelize, we have developed a new
gsortl() with Task construct in a parallel/single paradigm with
only one thread creating tasks and then inserting tasks into
ready queue (using #pragma omp single) and other threads
will pickup tasks from the queue for sorting a small haplotype
instances list. This technique have introduced in [11].

In theoretical analysis of the Multi-core CPUs, T' threads
are created for tasks (using # pragma omp parallel). We
acknowledge that Quick Sort complexity is n log n (on
the average). Therefore, the computational complexity of the
gsortl() at the number of currently phased nP is O(H log H),
where H is evaluated from Equation 9. The total computational
complexity of the gsortl() is shown in Equation 15 when nP
equals nL and k is the average of number of heterozygous
loci.

TQSort(nL,G,k‘) =nlL X ((G X Qk) log (G X Qk))’ & 4
= O(nL x ((G x2¥) log (G x 2¥))),

Since Multi-core CPUs can execute T threads in parallel, the
actual computational complexity as shown in Equation 16

quort_thrca,ds (TLL, G7 ka Cv T)
_ nLx ((Gx 22 log (G x M) oy (16)

= O(nL x (G x 2%) log (G x 2"))),

where T is the number of thread, C'is the number of processor
core, o(T) are threading multiplexing, synchronization and
also OpenMP overhead, and 7" > C'. In the best case, it ' = C'
then o(T") can be eliminated. Note that the H depends on the
number of heterozygous site of nL in each genotype so that
the nL proportional to the H.

Let C and T are fixed, we conclude that the complexity
of gsortl() depends on nL, G, o(T), and some overheads
that can not be explored by Amdhal’s law including cache
miss, communication between cores, memory bottleneck, and
memory contention problem. In recursive algorithm, a larger
number of haplotypes (H) lead to more recursive levels that can
affect multiple tasks or threads on long execution time and also
more memory consumption. On the other hand, the scheduler
can easily distribute the work among all threads when more
tasks are available. To achieve even higher performance, the
gsortl() should be optimized by determining optimal tasks
that the scheduler can spawn besides more processor cores,
more cache memory capacity, and also its overhead should be
reduced.

D. Cache memory and data size

In this section, anomaly relating cache memory and data
size (nL + G) would be investigated in term of the performance
analysis.

We have known that the number of possible haplotypes
(H) depends on the data size (G and nL). A large number
of haplotypes cannot fit in cache memory on both the same
socket and among sockets. From system architecture summary
in Table I, each core has a 32KB L1 data cache totalling 4 x
32KB L1 data cache per socket (chip). From our experiments,
the maximum number of haplotypes at currently running phase
(nP) are =~ 1 million haplotypes so that 18 MBytes of memory
space must be allocated. Note that one haplotype data structure
uses 18 Bytes.

For working data size within cache memory, only some
haplotypes can fit into the L1 data cache on the same socket
(chip) while remaining haplotypes must be transferred from
lower-level caches (L2 and L3). Unfortunately, these haplo-
types might be moved to the neighborhood socket via commu-
nication links. If many more processor cores are used in the
experiment, high shared-data management cost between cores
and sockets (chips) will occur. These can lead to additional
memory bandwidth contention and cache coherence problems.
The factors of different result for Intel Core i7-2600 are
larger/bigger L3 cache, higher bandwidth (three data accesses
per cycle) and the new 32-bit ring-based interconnects between
the processor cores.

There are a few solutions. The first one is using lager
cache capacity and deeper level cache per socket (chip) to
reduce sharing data among sockets. The second is increasing
high speed communication links between cores and sockets to
increase the bandwidth and reduce the bottlenecks. The third
is avoiding shared data between cores and sockets as possible.
These solutions could help achieve even higher performance.

V. CONCLUSION

In this paper, we present the performance analysis &
improvement of OMP SNPHAP, which is a multithreaded
version of SNPHAP, a haplotype inference program based
on Expectation Maximization algorithm. The OMP SNPHAP
utilizes parallel For and Task constructs of the OpenMP
3.0 library to spawn multiple independent threads in two
SNPHAP’s computational intensive functions so that these
threads can be concurrently executed on Multi-core CPUs.
Experimental results reveal that the performance of OMP
SNPHAP on Intel Core i7-2600, Intel Xeon ES5405, Intel
Xeon E5520 and AMD Opteron 8356 running Linux operating
system can achieve great speedup up to 260%, 316%, 410%
and 488%, respectively.

The speedup of OMP SNPHAP running on four CPUs
is proportional to the number of threads forked by OpenMP.
However, %overhead of OpenMP can significantly slow down
the total execution time especially with small input data with
large number of threads (%overhead of 1 thread/core is much
lower than that of 2 threads/core). Moreover, the factors that
affect OMP speedup comprise greater number of CPU cores,
the specific parallelized code fraction, the suitable OpenMP
constructs for that fraction, the number of processor cores, the



size and organization of cache memories, the clock frequency
and the better memory bandwidth/technology.
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Algorithm 1 EM Algorithm according to SEQ SNPHAP
(version 1.3.1)

1y

2)

3)

4)

”Guesstimate” haplotype frequencies:

initialize f{”, 00, EM iteration number (1) = 0,
vt:1<t<H.

Let ¢ is any arbitrary number and P(h¢, hy11) is the
probability that hp; is composed of haplotype pair h;
and h¢41, and also f; and f;y; are the frequencies
of the h; and Ay .

(M)aximization step corresponds to hap_prior() in
SNPHAP:

This step can be divided into two parts. First, the total
of posterior frequencies is calculated by Equation 1.
Then, the next set of estimates of “prior” haplotype
frequencies are calculated by Equation 2.

H
l l
Pt(()Zal = th( )7 (1)
t=1
(1)
WUZZQEﬂzﬁﬁwmlgtgH) 2
' FOAN\Y ’
total

where H, = {all elements in group x are the same
haplotype }

(The comparison in this procedure corresponds to
cmp_hap() inside hap_prior() in SNPHAP).
(E)xpectation step corresponds to hap_posterior() in
SNPHAP:

Given current estimates of prior frequencies from
M step and assuming HWE shown as Equation 3,
Equation 4 calculates the probability of each phased,
assign the frequencies of the haplotype pair with
Equation 5, and then complete the “posterior” hap-
lotype frequencies of the genotype assignments by
Equation 6. Finally, the log-likelihood is calculated
with Equation 7.

Let P; as the probability of the 4t genotype that
maximizes the likelihood that is the sum of probabil-
ities of haplotype pairs hp; of each c;

Tl)f(l) ifh = h
P(h’pL)(l) = P(ht,ht+1)(l) = t~ t+1 ) t t+1,
2 t(l).j-li-)l if hy # hiyr.
: 3)
Cj
P =37 Plhp) Y, @)
i=1
t(l) - ft(-l‘r)l = P(htaht—i-l)(l) 4)

£
=L (Vj:1<j<GVt:1<t<H),

¢ T op)?
P
’ o ©)
Y =log(y > P(hp) ™) (7)

j=1i=1

If | 0+ — 00 | > ¢ (log likelihood tolerance) ,
I <lpmae then [ =141 and go to M Step.
Else ©* = @(+1)




Parallel Partition and Merge QuickSort
(PPMQSort) on Multicore CPUs

Ratthaslip Ranokphanuwat & Surin
Kittitornkun

The Journal of Supercomputing
An International Journal of High-
Performance Computer Design,
Analysis, and Use

ISSN 0920-8542 Volume 72 Number 3. March 2016

. THE JOURNAL OF
Volume 72 SUPERCOMPUTING

J Supercomput (2016) 72:1063-1091
DOI 10.1007/511227-016-1641-y

High-Performance ’
Computer Design,
Analysis, and Use

@ Springer

@ Springer



Your article is protected by copyright and all
rights are held exclusively by Springer Science
+Business Media New York. This e-offprint is
for personal use only and shall not be self-
archived in electronic repositories. If you wish
to self-archive your article, please use the
accepted manuscript version for posting on
your own website. You may further deposit
the accepted manuscript version in any
repository, provided it is only made publicly
available 12 months after official publication
or later and provided acknowledgement is
given to the original source of publication

and alink is inserted to the published article
on Springer's website. The link must be
accompanied by the following text: "The final
publication is available at link.springer.com”.

@ Springer



J Supercomput (2016) 72:1063-1091 @ CrossMark
DO 10.1007/511227-016-1641-y

Parallel Partition and Merge QuickSort (PPMQSort) on
Multicore CPUs

Ratthaslip Ranokphanuwat!
Surin Kittitornkun!

Published online: 18 February 2016
© Springer Science+Business Media New York 2016

Abstract An explosive amount of data has tremendous impacts on sorting, search-
ing, indexing, and so on. Sorting is one of the basic Computer Science problems
needed to be fast and efficient to serve Big Data. This paper presents an efficient and
scalable algorithm called Parallel Partition and Merge QuickSort (PPMQSort) run-
ning on any shared memory/multicore/multi-socket systems. Together with OpenMP
3.0 library, the PPMQSort is developed to be compatible and benchmarked with the
fastest C/C++ Stdlib gsorz(). The PPMQSort recursively divides an unsorted input
array into partially sorted partitions up to Cutoff length using nested multithreading.
Finally, those independent partitions are gsort() (conquered) such that no synchro-
nizations are needed. The resulting Speedup of 12.29x on a dual-socket §-core Xeon
E5520 can be achieved for sorting random 200 M 32-bit integer data at 16 threads. With
the same configuration, a 4-core AMD A6-3600 CPU (non-HyperThread) can reach
up to 4.67 x, a superlinear Speedup. It has been proved that the proposed PPMQSort
can exploit all available cache levels and HyperThread CPU cores well thus utilizing
up to 83 % and 96 % of CPU on E5520 and A6-3600, respectively.
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1 Introduction

Sorting has become highly important for Big Data analyses especially in social/web
mining, large scale scientific, commercial application domains and so on. Among all
the sorting algorithms, QuickSort [1,2] is the most well-known and standard sorting
algorithm. To compare with any existing sorting algorithms, QuickSort is the fastest
one in practice [3].

Numerous parallel architectures can be applied to perform sorting algorithms. Ear-
lier studies have shown [4—6] that sorting can be done at the interconnection level of
a particular network of processors named the MultiRing network. Recently, sorting
networks have been implemented on FPGAs instead. References [7-9] used FPGAs
as sorting kernels for database intensive operations. In addition to FPGAs, hundreds
to thousands of processing elements/cores inside the GPUs can be applied as co-
processors for sorting [10] based on SIMD parallelism including the Bitonic-Merge
Sort on Intel Xeon Phi [11].

A few parallel algorithms have been proposed to enhance the existing QuickSort
algorithm. Initially, Heidelberger [12] presented the parallel version on an ideal Par-
allel Random Access Machine. In practice, the sequential QuickSort can be enhanced
with several parallel techniques to run on any shared memory/multicore systems with
multithreading operating system. In 2003, Tsigas and Zhang [13] proposed a fine-grain
parallel QuickSort algorithm to fit data into L1 caches. A year later, [14] presented
several alternative algorithms of parallel QuickSort based on pthreads and OpenMP
2.0. Man et al. [15,16] developed psort() algorithm to be compatible with Stdlib
gsort(). Their work can achieve Speedup by only 11 times faster with 24 cores.
Meanwhile, Kim et al. [17] have shown that a dual-core OMAP-4430 can achieve
only 1.47x Speedup from their Introspective QuickSort algorithm. Mahafzah [18] split-
ted the input array with multi-pivot/thread into partitions using extra space and then
sorted them in parallel up to 8 threads. Very recently, Bingmann et al. [19] proposed
multikey QuickSort algorithms for string sorting on NUMA (Non Uniform Memory
Access) architectures. Their results show that the Speedup is bounded by memory
bandwidth.

However, it is still challenging to enhance parallel QuickSort performance and
efficiency at the same time. These challenges are due to sequential data partitioning,
latency/bandwidth between memory hierarchy, and sequential and recursive nature
of QuickSort. Furthermore, the bottlenecks of parallel QuickSort should be further
investigated together with some performance characteristics such as CPU utilization,
memory bandwidth and branch misprediction rate.

In this paper, we have proposed and developed a Parallel Partition and Merge
QuickSort (PPMQSort) for various multicore CPUs. Our contributions are summarized
as follows:

1. The PPMQSort algorithm is compatible and benchmarked with Stdlib gsort ()
while achieving superlinear Speedups in some CPUs.

2. The efficiency called Speedup per Core of PPMQSort and any parallel algorithm on
both HyperThread and non-HyperThread CPUs is proposed. Hence, the PPMQSort
can achieve higher efficiency than previous algorithms.
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3. The time complexity of PPMQSort has been analyzed and presented in big-O
notations.

4. Based on the Linux Perf measurement tool, a system performance model of any
shared memory/multiprocessor/multicore systems is proposed to estimate memory
bandwidth.

5. The Speedups of PPMQSort with Worst-case input data although very rare but can
be as high as those of Random cases.

The rest of the paper is organized as follows. Section 2 presents background and
related work. Section 3 presents our algorithm and discusses the implementation
details. Section 4 describes performance evaluation and discussions. Finally, Sect.
5 concludes and suggests future work.

2 Background and related work

We begin with a brief overview of QuickSort, Stdlib gsort(), a number of parallel
QuickSort algorithms, and finally OpenMP library.

2.1 QuickSort algorithm [1, 2]

QuickSort is the most famous and widely used sorting algorithm. The divide and con-
quer concept recursively partitions and swaps an input array into two halves: less than
or equal (LEQ) half and greater than (GT) half with respect to a selected pivot ele-
ment at each recursion level. The time complexity on average is, therefore, O (n log n)
although the poorly selected pivot can affect its complexity. Even worse, the worst-case
input array can make the complexity become O (n?). In terms of space requirements,
QuickSort is considered to be an in-place algorithm using minimal extra memory.
During the recursion, extra space for calling stack is proportional to O (logn). To
optimize its performance, selecting good pivot(s) from several candidates has been
considered.

2.2 Stdlib gsort()

The Standard Library gsort () is a very useful function for sorting an array of any data
types with a user-defined comparison function. It is implemented in C/C++ and also
provided as a built-in function for several C/C++ compilers. Its function prototype is
declared in Stdlib.h as follows.

void gsort(void “*base, size_t num_elements,
size_t element_size,
int (*compare) (void const *, void const *));

The argument base is a pointer to the unsorted array, num_elements indicates the
number of elements, element_size is the size of each element, and compare is a
pointer to the user-defined function that returns integer values according to the com-
parison result.
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2.3 Parallel QuickSort algorithms

In 1990, Heidelberger et al. [12] presented a parallelization of the Quicksort on a
theoretical/ideal Parallel Random Access Machine with average of O(logn) time
complexity. In practice, the sequential QuickSort can be enhanced with several par-
allel techniques to run on any shared memory/multicore systems with multithreading
operating system. Parallel versions of QuickSort normally start with partitioning data
into several chunks to fit any cache level depending on the size. These chunks can be
partially or fully sorted and then merged to form bigger chunks. These two steps may
be recursive as indicated in the Recursion row of Table 1. Some algorithms may use
extra space to hold the intermediate results as shown in Ex. Space row. Eventually, they
shall be fully sorted again with either the Stdlib gsort() or others. The comparison
of previous parallel QuickSort algorithms is shown in Table 1 in chronological order
from left to right.

Tsigas and Zhang [13] proposed a fine-grain (block-based) parallel Quicksort algo-
rithm. Subsequently, [ 14] presented several alternative algorithms of parallel Quicksort
based on pthreads and OpenMP 2.0. Rashid et al. [20] enhanced Tsigas and Zhang’s
[13] PQuicksort on x86 Multithreaded Architectures. Man et al. [15,16] developed
psort() algorithm to be compatible with Stdlib gsort(). The input array is divided
into groups and gsort() them. Later on, these partitions can be merged using extra
space and finally gsort() them again. Their work can achieve Speedup by 11 times
faster with up to 24 cores. Kim et al. [17] have shown that an embedded dual-core
OMAP-4430 can achieve 1.47x Speedup from their Introspective Quicksort algo-
rithm. Mahafzah [18] splitted the input array with multi-pivot/thread into partitions
using extra space and then sort them in parallel up to 8 threads. Recently, Saleem et
al. [21] estimated Speedup for QuickSort and Merge sort algorithms using Intel Cilk
Plus.

2.4 OpenMP library

OpenMP library [22] is the most well-known library that can be applied successfully
to develop parallel programs running on multicore CPUs architecture. It provides an
application program interface (API) for thread-based parallelism on shared memory
multicore processors. The API consists of a set of compiler directives, library routines,
and environmental variables that support FORTRAN and C/C++ on multiple archi-
tectures. OpenMP uses the fork-join model for multithreading execution model. The
main advantage of using OpenMP is the ability of all CPU cores to share and access
the same memory pool (data) with less communication overhead and network latency
compared with other parallel computing paradigms such as cluster computing, grid
computing, etc.

Since OpenMP version 3.0, Task construct has been introduced to handle irreg-
ular and dynamic parallelism in the form of recursive routines. Tasks are units
of work which can be executed (forked) in parallel as threads. This paper specif-
ically demonstrates how to exploit the Task construct in our parallel QuickSort
algorithm.
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3 PPMQSort algorithm

Previous parallel QuickSort algorithms focus on optimizing either partitioning phase
or recursive QuickSort phase. Our PPMQSort pays attention on both phases. In this
section, we propose the Parallel Partition and Merge QuickSort (PPMQSort) on
any multicore CPUs. The concept of PPMQSort is to partition an unsorted array
into partially sorted partitions in the Parallel Partition Step. Then, these partitions
can be eventually sorted independently using OpenMP Task construct in the Par-
allel gsort() Step. Those important steps mentioned above can be illustrated in
Fig. 1.

Task 0 Level 0
4 s B
alw[ale|2]7]6)2 45 ‘ 1

6 N 8% 3 5 7.1 11 by}

After median of three pivot selection and then Partition Phase with 2 Threads
with the same pivot

i private d <-p AL e, | private d <-p i,
a[ 1 [ a6 [ 24/ 16 [ 265 16 K81, 85 s<pls Tui {0
L fJ = | [ \ N
Thread 0 Thread 1

After Partition Phase with 2 Threads

i
a1 [ 4] 2 [17 [ N EEEET syfsfilzedie N [Bile

Parallel Partition Step
Merge Phase

| ¢ ) ] Recursive
Ly b [Pl halr/| g Jr ¢ )
a1 [ 4] 2 [ AN o0 FoRed] = &7 Jar i
\ 2= i
Parallel Swapping with 1/2 Threads
After parallel merge
p g i
al 1[4 [2]2 S aINSRET R al 8+ o5 v 10
X
Parallel Task \
p \ Level 1
Task 1 P Task 2 P
1 [4]2]2]5]3 6|7[6]8]6|7 |10
_QSort() - _QSort))
\ ) Level 2
Task3 Task 4 ) Tasks Task 6
1| 4 2] s |3 s [17]s]7 e i | 10 Parallel gsort() Step
gsort() gsort() gsort() gsort()

Final result
a[1[2]2]3fa]s[s[e[e6]e]7]7][s]w]n
Note: Cutoff size <=5

Fig. 1 Tllustration of Parallel Partition and Merge QuickSort (PPMQSort) consisting of Parallel Partition
Step and Parallel gsort() Step
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Table 2 Notations

a Input data array

aj Data element at index j

aj, Data element at the middle index iy
ap Data element at pivot p

B Branch Loads

B, Branch Load Misses

By s Branch Load Misses Per Second

C Cache References

Cm Cache Misses

Cimn/s Cache Misses Per Second

|Cline Cache Line Size

c Number of processor cores

d The middle index

f0 A function

HT/NHT HyperThread/Non-HyperThread

i, ] Loop indices

ir, IR Left most and right most indices of the left-hand side subarray, respectively
JLsJR Left most and right most indices of the right-hand side subarray, respectively
id, ja The middle indices of left subarray and right subarray, respectively
k Number of CPU sockets

K 103 or 210

l Recursion level /

M 106 or 220

Mpy, Total memory bandwidth

n Number of elements of array a

0() BigO notation

14 Optimization Level

P The pivot place

Rx.,y Correlation Coefficient of x and y

S Speedup

s Second

Tysort Run Time of sequential Stdlib gsort()
Tppmgsort Run Time of PPMQSort

Tseq Run Time of any sequential QuickSort
Tpar Run Time of any parallel QuickSort

U %CPU Utilization

u Cutoff size

The PPMQSort is actually developed in C language on top of an open-source/past
version of Stdlib gsort () utilizing stack rather than recursion. Due to limited space
and ease of understanding, the algorithms are explained in recursion. Notations used
in this paper are listed in Table 2.
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We first present the Partition Phase with 2 Threads and Merge Phase with I or 2
Threads. Then we show how to apply OpenMP Task parallelism to call gsort(). At
last, the time complexity of our algorithm is analyzed.

3.1 Parallel Partition Step

The partitioning operation has been a major bottleneck of QuickSort since it was
invented. Previous work has tried to optimize it by both reducing the number of key
comparisons and fast swapping code. The key idea of the Partition Phase with 2 Threads
is to divide the input data array into two subarrays. Then, they can be partitioned in
parallel with 2 threads into 4 sub-subarrays using the same pivot value. Next is the
Merge Phase with 1 or 2 Threads swapping the second and third sub-subarrays. Both
phases of Parallel Partition Step are explained in details as follows.

3.1.1 Partition Phase with 2 Threads

Initially, an unsorted data array, a = ao, aj, ..., an—1, is divided into two inde-
pendent subarrays at the pivot p. Let a, denotes the pivot element selected by
MedianO fThree() function. Let iy and ig be left indices and j; and jr be
right indices of a, respectively. The left subarray of a, a, ..., a,_; corresponds to
(ir =0,ig = p —1). Similarly, the right subarray, a,, ..., a,_1, corresponds to
(jr = p + 1, jrg = n — 1). In this phase, both subarrays, (a;,,a;z) and (a;; , ajz),
are compared and swapped with the same pivot a, simultaneously using 2 threads on
line 13 and line 15 in seq_partition() of Algorithm 1. In addition, seq_ partition()
returns the partition index as iy and jy for the left and right partitions, respectively, as

shown. As aresult, ag, ..., a,—1 are splitted into 4 sub-subarrays; two sub-subarrays
on the left, ag, ..., a;, and a;,;41,...,ap—1, and two sub-subarrays on the right,
apy1,....aj,—1andaj,, ..., a, 1. Notice thatiy and jg are the middle indices of the

left and right subarrays, respectively.

From a programming perspective, we have applied OpenMP Parallel Tasks without
barrier synchronization, leading to improved CPU utilization. To reduce the number
of shared memory accesses, d = p is copied to be a local private variable to improve
cache locality. Both Phases are listed in Algorithm 1.

In summary, based on iy, p, and j;, two independent subarrays can be partitioned
into 4 sub-subarrays in parallel with respect to the global a, pivot in this phase. These
4 sub-subarrays are ordered as follows: less than or equal (LEQ), greater than (GT),
LEQ, and GT from left to right.

3.1.2 Merge Phase with 1 or 2 Threads

In this subsection, we will explain how the second (GT) sub-subarray, a;, 41, ..., ap—1,
and the third (LEQ) sub-subarray, ap41, ..., aj,—1, are swapped and merged together.
The idea of this phase is to swap all data in both sub-subarrays to rearrange them in
the correct order, LEQ and GT. Because this phase needs only to swap a bulk of data

@ Springer



Parallel Partition and Merge QuickSort (PPMQSort) on Multicore... 1071

Algorithm 1 The Parallel Partition algorithm

1: function PARALLELPARTITION(a,start,end) > Parallel Partition Step
2: ir, jr, p < Partition(a, start, end) > call Partition function
3 p < Merge(a, p,ip, jr) > call Merge function
4: return p
5: end function

6: function PARTITION(a, if,, jR) > Partition Phase with 2 Threads
7: p < MedianOfThree(a,ir, jr)
8: d<p

9: i R < P— 1

10: jL < p+1

11: begin OpenMP parallel Tasks private(d)
12: OpenMP Task

13: ig < seq_partition(a,d,iy,iR) > Partition the Left Subarray
14: OpenMP Task
15: Jjd < seq_partition(a,d, jr, jr) > Partition the Right Subarray

16: end parallel Tasks
17: i < ig+1

18: jr < Jja—1

19: return (i7,jg, p)
20: end function

21: function MERGE(a, p, iy, jR) > Merge Phase with 1 or 2 Threads
22: > Three cases for calculating location and moving the pivot p
23: if len(ip, p—1) <len(p + 1, jg) then > Left side is shorter.
24: length < len(ip, p— 1)

25: Swap(ap, aj,—iength)

26: p < jr — length

27: temp <— p +1

28: elseif len(if, p — 1) > len(p + 1, jg) then > Right side is shorter.
29: temp < p+1

30: length < len(p + 1, jg)

31 Swap(ap, aiL+[ength)

32: p < i +length

33: else > Left side equals right side.
34: temp < p +1

35: length < len(p + 1, jR)

36: end if

37: begin OpenMP parallel For with 1 or 2 Threads

38: fori < 0,length — 1 do > Swapping with 1 Thread or 2 Threads
39: Swap(a;; +i, dremp+i)

40: end for

41: end parallel For
42: return p
43: end function

between them, no comparisons are necessary. Furthermore, swapping would work
with data on the same sub-subarrays so that our method does not use an extra memory.

The Merge Phase with 1 or 2 Threads is shown as function Merge() on line 21
of Algorithm 1 where /en() returns the number of elements between two arguments
(len(x,y) =y —x+1;y > x).Letiy =iz + 1and jr = j; — 1 be the left most
index and the right most index of the sub-subarray. So, the second (GT) sub-subarray
consists of a;; , ..., a, 1 and the third (LEQ) sub-subarray consists of ap 11, ..., ajg.
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Both arrays must be swapped to complete the Parallel Partition Step. The swapping
will start from this pair (&;; i, Gemp+i) and incrementally continue for i = 0 to
length — 1 on line 39 of Algorithm 1. After swapping is finished, @, must be adjusted
to the correct position. Both phases of Parallel Partiton Step are recursive as shown
in function _Q Sort () until each partition’s size is no greater than Cutoff # on line 1
of Algorithm 2. Although it is associated with OpenMP Single construct on line 15,
parallelism can be achieved up to 2/ threads in reality. That’s because the Parallel
Partition Step each forks 2 threads internally.

Three important steps need to be considered in this phase. Firstly, the total number
of elements swapped between two sub-subarrays is calculated. This number can be
determined from the shorter length of either iy and pivot place p or j; and p. The
variable length can be <7. Then, the direction of swapping sequence is determined.
To be cache friendly, increasing order is chosen. The last step is to move the pivot to
the appropriate position in the array after swapping process is finished to guarantee
that the Parallel Partition Step is completed. In the next Parallel gsort () Step, those
partitions can be gsort () in parallel up to /2 threads.

3.2 Parallel gsort () Step

The Parallel Partition Step can be cutoff by u elements to avoid over partitioning so
that gsort () can efficiently sort in each core’s private L2 cache or shared L3 cache
depending on the hardware. The Parallel gsorz() Step is on the else part of function
_QOsort() online 9 of Algorithm 2. Therefore, Cutoff u should be parameterized in the
experiment to achieve the best Speedup. As a result, if the Stdlib gsorz () performance
is improved, the performance of PPMQSort will be automatically enhanced. Next, the
time complexity of PPMQSort will be analyzed in O () notation.

Algorithm 2 The PPMQsort Algorithm
1: function _QSORT(a, iy, jg.u)

2: if i; +u < jg then > if jg — iy > Cutoff u
3: p < Parallel Partition(a,iy,, jr) > Parallel Partition Step
4 OpenMP Task

5: _QSort(a,ip,p—1,u) > Left Subarray
6: OpenMP Task

7: _QSort(a, p+1, jg,u) > Right Subarray
8 else > else less than or equal Cutoff u
9: gsort(a,ir, jR) > Parallel gsort() Step
10: end if

11: end function

12: function PPMQSORT(a,start,end h,u) > PPMQsort() Function
13: begin OpenMP parallel with / threads

14: OpenMP Single

15: _QSort(a, start, end, u) > with Cutoff u
16: end parallel

17: end function

@ Springer



Parallel Partition and Merge QuickSort (PPMQSort) on Multicore... 1073

3.3 Complexity analysis

The time complexity of PPMQSort is analyzed assuming that all ¢ cores are 100 %
utilized by running 7 > c threads. The analysis can be divided into two steps: Parallel
Partition Step and Parallel gsorz() Step as follows.

Lemma 1 Let n be the size of data array a, where a = ag, ay, ..., a,—1. Then, the
time complexity of Parallel Partition Step with h Threads on ¢ cores where h > c is
O(n+ % log 5.-).

Proof At the beginning (level 1), the number of comparisons in Partition Phase with
2 Threads is 2 x %. Due to ¢ > 2 cores, the time complexity is % X2xg= %(%).
The number of swappings in Merge Phase with 1 Thread is 7. Due to its sequential
operation, its time complexity is 7. In the first recursion level, the time complexity is
hence %(%)+%. In the second level, there are two independent partitions with ¢ > 2
processor cores. The time complexity of Partition Phase with 2 Threads is % x4xg =
%(%). The number of swappings in Merge Phase with 1 Thread is 2 x g. Due to its

parallel operation, its time complexity is now % X2 X gi= %(%). The total time
complexity of the second level is %(%) =+ %(%). The partitioning process is recursive
until the condition on line 2 of Algorithm 2 is FALSE. That means the partition size
is not larger than Cutoff u elements. Based on the divide and conquer concept, the
number of this recursive partitioning is log, * levels on average with respect to Cutoff
u.

Therefore, the total time complexity of the Parallel Partition Step is
(Sl g o)

c\8 c\8 c \16 c \16
ology & Y ology &1 n
T c (zlogzgﬂ) * c (2log2§+1)
+

20 p 21 n 22 glogy ;—1 n
A7 \2) B o\ G

logy ¢ -1 logy -1
1 (2 2
—sx 1> 5 (Gm) X (Ge)
=1 [=log, c+1
log, ¢ log, %
3 1 n
= x| "2 gt >0
L =1 I=log, c+1
3 T 1 n n/u
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+ n 1 n/u
X |n — 10, - -
c £2 2c

n n
X [n+—log2—].
c 2uc

As aresult, the time complexity of Parallel Partition Step is O(n + % log 57-). O

Lemma 2 Let ¢ processor cores perform gsort() each partition of size u elements in
parallel. Since there are at least ;. partitions, the time complexity of Parallel gsort ()
Step is O (% logu).

Proof From Parallel Partition Step, at least ;; partitions can be obtained. Each partition
of up to u elements is sorted by gsort() in parallel up to 7 > c threads. The time
complexity of Parallel gsort () Step is, therefore, % x5 x ulogy u

= Zlog, u

= O(z logu). O

Theorem 1 (PPMQSort’s Theorem) The total time complexity of sorting n elements
with the proposed PPMQSort running in parallel on ¢ > 2 processor cores with Cutoff
u elements and h > c threads is O (n + % log 57).
Proof The complexities of Parallel Partition Step (see Lemma 1) and of Parallel
gsort() Step (see Lemma 2) are O (n + 7 log 57—) and O (% logu), respectively. The
total time complexity is O (n + 7 log 5 + = log u). Therefore, the time complexity
of PPMQSort is O (n + Z log 5-). ]

The time complexity of PPMQSort is similar to that of psortl algorithm [15] as
listed in Time Complexity row of Table 1. PPMQSort requires no extra space for
intermediate results. As the data size n and number of cores ¢ grow, PPMQSort can
eventually outperform other algorithms due to its simplicity, scalability, and efficiency.
The next section will show how PPMQSort is evaluated.

4 Performance evaluation and discussions

This section presents how various performance metrics are measured. The experiment
setups and results are discussed later on.

4.1 Performance measurement

To investigate how the multicore architectures impact the performance of the algo-
rithm, various performance metrics are measured and analysed.

1. CPU Time (in Seconds)
To fairly compare Tgsore and Tppmgsort in any experimental configurations, the CPU
time is measured without data file loading and other overheads and averaged by 5
times.
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2. Speedup S(x)
This metric indicates that how many times our PPMQSort can be executed faster
than the sequential Stdlib gsorz(). Based on the measured Tysort and Tppmgsorts
Speedup S can be computed as

S = quort
Tppmqsort

€]

where x denotes times.

3. Efficiency: Speedup/Core
We would like to propose a new metric to measure the efficiency of any parallel
QuickSort called Speedup per Core, S/c. §/c > 1.00 corresponds to superlinear
Speedups. It can be due to cache locality/friendliness of the algorithm [23,24].
Similarly, [18] proposed a similar metric, Speedup/Thread instead. Higher thread
counts & can lead to more opportunities to achieve more parallelism that will be
limited by hardware.

4. %CPU Utilization U
The metric can be obtained from the contents of /proc/stat file which keeps
track of statistics of all HyperThread-enabled/disabled CPU cores. This %CPU
Utilization is based on user-time only.

5. Cache Refs/Cache Misses
Perf [25] is a software tool that relies on a number of hardware/software counters
to collect statistics of CPU resource usages with minimal overhead [26]. For this
paper, Cache Ref, C, Cache Misses, C,,;, and other performance events are collected
and averaged by 5 times to achieve high accuracy. In addition, a new metric called
cache miss per second, Cy, s, can be obtained as shown in Eq. (2).
Cin

Cpjy = ———— 2)
40 Tppmqsort

It can be beneficial to measure the number of cache misses per time unit especially
for highly multithreaded programs. Larger Cy, /s may result in higher demands for
memory bandwidth which will be presented next.

6. Branch Loads/Branch Load Misses
Other important metrics of Perf are Branch Loads, B, and Branch Load Misses,
B,,,. They can be used to address the algorithm whose performance is limited by
branch prediction, i.e., parallel QuickSort. Perf makes use of the hardware counters
to measure the branch prediction unit. Similarly, a new metric called branch load
misses per second, By, /s, can be obtained as shown in Eq. (3).
B

Bujs = —— 3)
s Tppmqsort

By, /s can be regarded as number of branch mispredictions per time unit. Larger
By, /s and Cy, /s may result in lower utilization of the long execution pipelines and
frequent memory stalls which may affect %CPU Utilization U eventually.

@ Springer



1076 R. Ranokphanuwat, S. Kittitornkun

Memory

Fig. 2 Our shared memory/multiprocessor/multicore system model measured by Perf (blue boxeson the
left- and right-hand sides are instruction and data caches, respectively. HT HyperThread (color figure
online)

7. Average Memory Bandwidth My,

The complex interactions between multicore architecture and characteristics of
a parallel algorithm directly and indirectly impact both branch mispredictions
and cache misses. In multithreaded programs, off-chip memory bandwidth is one
of the important metrics that can be the performance bottleneck due to memory
contention, memory saturation and bad allocation among cores.
Many researchers use hardware performance counters to track the amount of con-
sumed memory bandwidth while the multithreaded program is running [27,28].
The measurement accuracy depends on measurement events, number of coun-
ters and the characteristics of memory system including DDR2/DDR3, channels
(interleaving), bus clock frequency, etc. However, we cannot directly measure the
amount of memory bandwidth consumption. This paper rather proposes a perfor-
mance model to estimate and evaluate as shown in Fig. 2. Our model can utilize a
number of available events measured by Perf resulted in Average Memory Band-
width.

Myy = f(Bm/s’ Cm/v) 4)

Assume that By, /s has negligible effects due to small program size and its recur-
sive nature. The majority of memory bandwidth should be proportional to Cp, s.
Therefore, the Average Memory Bandwidth, My, can be calculated in terms of
cache line size |Cjine| multiplied by Cy, /5 as shown in Eq. (5).

Mpw = [Clinel X Cprys. )

4.2 Experiment setup

The results reported in this paper are based on five multicore CPUs: Intel ES405
Harpertown, Intel E5520 Nehalem-EP, Intel i3-2100 Sandybridge, Intel 17-2600
Sandybridge, and AMD A6-3650 APU. Table 3 provides a summary of these multicore
systems.
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Table 4 Parameter set of the

experiments Parameters Values
Data types Uint32, Uint64, Double
Size n (M) 10, 20, 50, 100, 200
Cases Random, Worst
Cutoff u (K) 50, 100, 200, 500
Sockets k 1,2
Cores ¢ 1,2,4,8
Threads i 1,2,4, 8,16, 32
HyperThread Enable, Disable
Optimization 02,03

Inevery system listed in Table 3, the operating system is 64-bit Ubuntu 14.04 kernel
3.13 LTS. The PPMQSort is compiled with GCC 4.8 and linked with OpenMP 3.0
library under -fopenmp option. The measurement tool, Perf version 4.2, is called using
perf stat -r 5 -e to profile PPMQSort algorithm for 5 times.

Data sets are unsigned 32-bit integer (Uint32), unsigned 64-bit (Uint64) and 64-bit
double precision floating point (Double). These are generated using the GCC random()
function with two distributions: Random and Worst-case and in different number of
elements, n = 10M, 20M, 50M, 100M, 200M. The first distribution contains random
elements with small number of duplicates. The second distribution is generated such
that the sequence seems to be sorted in a descending manner. However, for each distrib-
ution, the input sequence once generated is stored as a file. Therefore, both PPMQSort
and sequential gsort() algorithms sort the same input sequences. All parameters are
listed in Table 4.

4.3 Results and discussions

This subsection elaborates various aspects of the PPMQSort algorithm such as best
Speedups, trade-offs between Speedup, Cutoff, and Thread, etc. Finally, the last two
subsections are based on statistical analysis of Perf results.

4.3.1 The best Speedups

Table 5 tabulates the best Speedup, Tgsort, and Tppmgsort Of all systems based on various
data types, cases, and optimizations. The Tysert is obtained with the same experiment
configuration as Tppmgsort- It can be noticed that the best Speedups of Uint32 are higher
than those of Uint64 and Double. Remark that i3-2100, 17-2600 and E5520 systems
are HyperThread enabled. Therefore, their Speedups are higher than the number of
physical cores. For a non-HyperThread 8-core Intel Xeon E5405 system, the best
Speedup is as high as 7.75x. Due to limited space, best Speedups of Xeon E5404
are omitted. An exceptional case is the 4-core AMD A6-3600 whose Speedups are
superlinear at 4.91x and 4.96x in Random and Worst cases, respectively. It can be
observed that %CPU Ultilizations approach 100 % in every Random-case configuration
while those of Worst-case are significantly lower.
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Table 5 Best Speedup S and other metrics on different data types and corresponding parameters

CPU Opt. Uint32 Uint64 Double
Random Worst Random Worst Random ‘Worst
02 03 02 03 02 03 02 03 02 03 02 03

i3-2100 n(M) 200 200 200 200 100 100 200 200 200 200 200 200
u(K) 50 100 50 50 200 500 50 50 200 500 50 50
S(x) 3.19 3.03 3.79 3.67 2.88 2.79 3.44 3.35 2.82 2.72 3.69 3.63
Tgsort(s) 39.80 39.88 14.88 14.89 20.39 20.37 16.83 17.00 45.18 45.21 17.72 17.87
Tppmgsort (S) 12.49 13.14 3.92 4.04 7.07 7.31 4.89 5.06 16.00 16.64 4.79 491
h (threads) 8 8 8 8 8 8 8 8 8 16 8 8
U(%) 98 98 86 85 96 96 82 80 95 94 84 83
My, (MB/s) 150 170 319 300 361 395 700 669 331 372 619 608
By /s 1.3e+8 1.4e+8 4.9e+6 4.7e+6 1.5¢+8 1.6e+8 3.2e+6 3.1e+6 1.4e+8 1.4e+8 3.2e+6 3.1le+6

A6-3600 n(M) 200 200 200 100 50 20 200 200 20 200 200 50
u(K) 200 200 200 200 200 100 100 100 100 500 100 100
S(x) 4.67 4.91 4.96 4.74 3.64 3.54 4.62 4.37 3.72 3.56 4.60 443
Tgsort(s) 59.18 65.03 23.43 11.39 12.53 4.76 26.45 25.32 547 60.98 26.66 6.30
Tppmgsort (s) 12.67 13.25 4.71 2.40 3.45 1136, 5.71 5.78 1.47 17.15 5.79 1.42
h (threads) 4 16 4 4 8 8 8 8 8 8 8 8
U(%) 96 96 83 80 94 91 76 76 91 92 77 75
My, (MB/s) 1.85 225 4.39 5.98 9.11 6.53 4.57 3.81 6.85 2.30 5.97 20.33
Bin s 4.3e+6 6.8e+6 2.4e+4 3.2e+4 1.3e+7 1.7e+7 7.9e+4 5.9e+4 2.1e+7 1.4e+7 6.4e+4 1.6e+5
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Table 5 continued

CPU Opt. Uint32 Uint64 Double
Random Worst Random Worst Random Worst
02 03 02 03 02 03 02 03 02 03 02 03
17-2600 n(M) 200 200 200 200 100 100 200 200 200 200 200 200
u(K) 100 200 500 500 200 200 500 500 200 500 500 500
S(x) 5.65 5.35 5.71 5.46 5.01 4.85 4.66 4.48 4.79 4.61 5.12 4.98
Tgsort(s) 32.53 32.53 12.36 12.36 16.76 16.78 14.03 14.08 37.05 37.15 14.79 14.85
Tppmgsort(S) 5.76 6.08 2.16 2.26 3.34 3.46 3.00 3.14 7.74 8.06 2.88 2.98
h (threads) 16 16 8 16 16 16 16 16 16 16 16 16
U (%) 92 92 78 75 90 90 72 70 87 86 75 73
My (MB/s) 145 148 536 519 266 256 1042 993 249 279 971 958
Bin/s 1.2e+7 1.5¢+7 4.9e+4 1.6e+5 2.2e+7 2.1e+7 9.6e+4 7. 7e+4 2.5e+7 4.4e+7 9.5e+4 6.4e+4
E5520 n(M) 200 200 200 100 200 200 50 100 200 200 100 100
u(K) 100 100 500 200 100 200 200 500 200 500 500 500
S(x) 12.29 11.20 9.44 8.60 11.34 10.96 8.16 7.26 9.43 9.06 8.40 7.90
Tgsort(s) 72.35 70.00 21.05 10.57 80.41 80.53 6.33 12.17 69.40 69.37 12.65 12.70
Tppmgsort (S) 5.89 6.25 223 1.23 7.09 7.35 0.78 1.67 7.36 7.66 1.51 1.61
h (threads) 16 16 16 16 16 16 16 16 16 32 32 16
U (%) 83 82 67 59 80 80 55 54 73 73 59 56
My, (MB/s) 190 172 751 595 306 278 1537 1390 303 337 1558 1278
Bin/s 7.8e+8 4.0e+8 1.9e+8 1.9e+8 6.6e+8 6.1e+8 2.9e+8 3.8e+8 7.1e+8 1.2e+9 7.2e+8 4.1e+8

Bold values indicate the maximum results of each CPU

Ttalics values indicate the maximum results of each Data type
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PPMQSort can achieve high Speedup regardless of the data types and randomness
even in the Worst case. It can be obviously noticed that Worst-case Tgsort and Tppmgsort
are always faster than those of Random-case with the same configuration. Further-
more, their Speedups are almost always higher than those of Random-case except in
dual-socket systems, E5520 and E5405. PPMQSort can exploit the Branch Predic-
tion Unit and caches well, although seq_partition() must execute a large number
of comparisons and swappings on lines 13 and 15 in Algorithm 1. That means the
Branch Prediction unit can learn/yield higher prediction rate than the Random-case
due to remarkably low Branch Misprediction Rate By, /s except those of E5520 cases.

However, the highest memory bandwidth My,, of Worst-case is always greater than
Random-case because of its two to three times higher Cy, ;. The highest My, of
each system is highlighted in bold face. This also concurs with Eq. (5) that memory
bandwidth of PPMQSort depends heavily on C,;, /. Despite 2-3 orders of magnitude
lower By, /s, %CPU Utilization U’s of Worst-case are generally lower than those of
Random-case in every configuration. It can be due to often memory stalls. On the other
hand, high B, /s can be the performance bottlenecks in all Random-case as shown in
Italic. Much lower My, can be observed.

In both Random and Worst cases, Cutoff # should fit the last level cache of each
system. It can be noticed that the suitable Cutoff « for Uint32 ranges between 50 and
200 K elements. For Uint64 and Double cases, Cutoff u ranges between 200K and
500K elements or even bigger instead. The best Cutoff # of 13-2100 (Uint32) is 50 K
by majority vote. It seems like 50 K of Uint32 can fit the private [.2 cache (256 KB)
in each core. The rest can almost fit Cutoff in their last level caches except in some
cases of u = 500K of Uint64 and Double.

4.3.2 Speedup S vs. Cutoff u and Thread h

For a given system and experiment configuration, Speedup S of PPMQSortis a function
of Cutoff # and Thread h. As already listed in Table 5, the best S of 17-2600 system
is 5.65x at n = 200M of Uint32, u = 100K, and & = 16 threads. Figure 3 shows a
3-D surface plot of PPMQsort with this configuration. Speedups can be visualized as
surface height on the Z axis with colors according to the Color bar on the right-hand
side. This plot presents the scalability and trade-offs between Speedups, Cutoffs, and
Threads. While increasing thread count %, the Speedup S scales up for all Cutoffs.
Therefore, high thread counts enable the PPMQSort to utilize the CPU cores more
until § saturates. As discussed earlier in Sect. 4.3.1 Best Speedups, while varying
Cutoff u, Speedup changes slightly as darker and lighter colors at the same thread
count. This behavior in this 3-D surface plot agrees with the derived time complexity
in Theorem 1, where u has been canceled out.

4.3.3 HyperThread vs. non-HyperThread CPUs
This subsection will contrast and compare Speedups of PPMQSort on Intel Hyper-
Thread and non-HyperThread CPUs with the same experiment configuration. Figure

4 illustrates Speedups (Line) and %CPU Utilization (Bar) of Intel HyperThread and
non-HyperThread of PPMQSort (Uint32, Random-case, 02). The cyan bars and lines
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Speedup vs. Cutoff and Thread (i7-2600,NPM-HT,1Soc,200M)

dnpaadg
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Fig. 3 Three-D Surface Plot of Speedup, S vs. Cutoff, u and Thread, i of PPMQSort on i7-2600 (Uint32,
Random, 02, n = 200 M)

Speedup vs. %CPU Utilization of HT and non-HT of PPMQSort (Uint32)
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Fig. 4 Best Speedup, S (Line, Left) vs. %CPU Utilization, U (Bar, Right) of PPMQSort on Intel Hyper-
Thread (HT) and non-HyperThread (non-HT) Platforms (Uint32, Random, 02)
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Cache Refs & Speedup of PPMQSort (Uint32 100M)
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Fig.5 BestSpeedup (Line, Right) vs. Cache Refs (Bar, Left) of PPMQSort (Cyan) and PPPMQSort (Brown)
on all Platforms (Uint32, Random, 02) (color figure online)

are of HT enabled while the brown ones are HT disabled. The Speedup differences
between HT-enabled and HT-disabled systems are significant due to lower average
9%CPU Utilization U, despite the fact that other statistics are similar. It can be roughly
estimated that HT can boost up the performance by more than 50 % which is compa-
rable to [29].

4.3.4 PPMQSort vs. PPPMQSort

PPPMQSort is a minor variation of PPMQSort where its Merge Phase is parallelized
with 2 threads on line 37 of Algorithm 1. To compare PPMQSort (Cyan) with PPPMQ-
Sort (Brown), their Speedups (Line) and Cache Refs (Bar) are plotted on all platforms
(Uint32, Random, 02) with the same parameter set. Note that Cache Refs on the left
Y axis are in logarithm and scaled by 1 million. It can be observed in Fig. 5 that
PPMQSort can achieve better Speedups on the same experiment configurations due
to significantly lower C.

Cache Refs are particularly high on AMD A6-3600 compared to other Intel systems.
It might be due to fewer general-purpose Integer/Floaing-Point registers thus resulting
in more register spills. However, AMD A6-3600 demands My, up to 20.3 MB/s as
listed in Table 5 due to both large private L1 data cache (64 KB/core) and L2 cache
(1 MB/core). In addition, its Branch Load Misses/sec By, /s’s are considerably lower
than those of Intel systems. Therefore, its PPMQSort Speedups can be superlinear in
some configurations. The rest is comparable on all Intel systems.

4.3.5 Efficiency: Speedup/Core

Figure 6a, b depicts the scatter plot of S/c vs. c of non-HT and HT, respectively. It can
be observed in Fig. 6a that PPMQSort can achieve S/c =~ 1.00 or above (inside the
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(a) Best Speedups per Core of non-HyperThread
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Fig. 6 Speedups per Core S/c of PPMQSort (inside the oval) vs. Others (Random, Uint32) (a) non-
HyperThread (NHT) (b) HyperThread (HT)

oval) while others can only reach up to 0.8. The HyperThread-disabled i3-2100 and
non-HT A6-3600 can achieve S/c at 1.11 and 1.17 resulting in superlinear Speedups
because of high %CPU Utilization at 98 and 96, respectively. Similarly, Fig. 6b shows
that PPMQSort can achieve S/c =~ 1.40 or above while others can only reach up to
0.33. Some HT systems like i3-2100 and E5520 can achieve S/c at 1.59 and 1.63,
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respectively, because of better %CPU utilization with 3-MB and 8-MB Smart Caches,
respectively. It can be concluded that PPMQSort can exploit the CPU cores much better
than other algorithms on both non-HT and HT architectures. Moreover, PPMQSort
can be scablable on any non-HT/HT/multicore/multi-socket systems with S/c¢ >~ 1.00
and S/c >~ 1.50 or better.

4.3.6 Comparison with previous implementations

Table 6 compares our PPMQSort with previous parallel QuickSort implementations to
show that we can achieve the best performance at data size around 100M 32-bit Integers
with respect to Tp,r and Efficiency, S/c. [18] reported only the Speedup based on
Pthreads Library resulting in higher S/c that may not compare against Stdlib gsorz().
In addition, he also did not report the run time. With respect to 11.58x Speedup, our
PPMQSort on an 8-core HyperThread E5520 can clearly outperform pgsortl of [15]
on an 8-core Xeon X5355 using the same gsort() benchmark. Although [13] can
achieve 25.03x Speedup on a 32-core UltraSPARC, their efficiency is not quite good
and the benchmark may not be Stdlib gsorz().

On the Uint64 data, Man et al. [16] reported their highest Speedup of 10.47x for
100M random on 24 cores and T =2.712 5. With only 8 cores, PPMQSort can achieve
S =10.24x at 3.54 s with the same configuration. This can confirm that PPMQSort
is more efficient than others.

4.3.7 Statistical analysis

Figure 7 shows matrix scatter plots between Tppmgsort VS. Cache Refs C, Cache Misses
C,,, Branch Loads B, and Branch Load Misses B,,, of PPMQSort on E5520, Uint32,
02, all Cutoffs, data sizes and threads. The upper half, the diagonal, and the lower
half of the matrix plot illustrate the scatter plots, the density, and the correlation value
between/of them, respectively. Each dot in the scatter plot represents an experiment
configuration.

The top-row figures show the regression analysis between parameters that
Time or Tppmgsore i proportional to Cache Refs C, Cache Misses C,, Branch
Loads B, and Branch Load Misses B,,, respectively. The green line is a lin-
ear regression generated by /m() function in R Project (http://cran.r-project.
org). The solid red line is a local regression smoothing (LOESS) mean fit line
according to loess() function. The red dotted lines above and below are posi-
tive and negative residual squares above and below the LOESS mean fit line,
respectively.

Cy s highly correlated with C as indicated by correlation value Rc ¢, , =0.91. As
expected, they are highly correlated. The higher C, the more C,,, and the longer the
Tppmgsort- Similarly, the higher B, the more By, and the longer Tppmgsort- In addition,
they are highly correlated with one another. Other systems in our experiment show
similar behaviors.
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Time vs CR vs CM vs BL vs BLM
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Fig. 7 Matrix Scatter Plots between Time Tppmgsort vs. Cache Refs C, Cache Misses Cjy,, Branch Loads
B, and Branch Load Misses By, of PPMQSort on E5520, Uint32, Random, 02, all cutoffs, data sizes, and
threads

4.3.8 Speedup vs. %CPU Utilization vs. Memory Bandwidth

Speedup § vs %CPU Utilization U vs. Cache Misses per Second C,y,/s and Branch
Load Misses per Second B, /s of PPMQSort on i7-2600 can be depicted in Fig. 8. The
configuration of this figure is random n = 200 M Uint32, 02 and & = 4-32 threads.
Both C,, /s and B,, /s can be obtained by Eqgs. (2) and (3), respectively.

As plotted, Speedup S is directly proportional to %CPU Ultilization U because
the correlation coefficient Rg ¢y is 1.00. That means the higher %CPU Ultilization,
the better Speedup because all the forked threads can effectively execute with fewer
memory stalls and pipeline stalls/flushes.

In general, cache misses can be due to cold misses, capacity misses, conflict misses,
and coherence misses. Lower C,,/; can be due to better cache locality resulted from
suitable Cutoff # and Thread 4 of PPMQSort as shown in Fig. 8. On the other hand,
lower B,, /s represents infrequent branch mispredictions thus more efficient pipelin-

@ Springer



1088 R. Ranokphanuwat, S. Kittitornkun

Speedup vs CPU vs CM per Sec vs BLM per Sec
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Fig. 8 Speedup S vs %CPU utilization U vs. Cp /s and By, /5 of PPMQSort on i7-2600 (Uint32, 200M,
random, 02, 4-32 threads)

ing. Both frequent cache misses and branch mispredictions per unit time can lead to
memory stalls and pipeline stalls and thus lower U It can be reflected on both Ry, ¢,
and Ry, p,,,, approaching —1.00. That means U is negatively proportional to Cy, /s and
By ys.

This figure confirms with the basic concept that memory is the bottleneck of the
parallel algorithms [30] especially in the Worst case bounded by C,,/s. However,
Random-case Speedups are limited by B,, /s rather than C,,/s. As shown in Table
5, Random-case B,,/s’s are two to three orders of magnitude higher than those of
Worst case with the same data size n in one-socket systems. For dual-socket systems,
the gap is not that wide. This results in almost three times longer Random-case Tysort
and Tppmgsort than those of Worst case in the same table. As pointed out by Eyerman
et al. [31], the misprediction penalty of superscalar CPUs with Reorder Buffer and
deep pipeline equals to the number of clock cycles to refill the front-end pipeline.
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Other systems show similar behaviors as the i7-2600 system. We can conclude that
the branch prediction unit is as performance critical as the memory hierarchy for
parallel sorting algorithms due to the randomness of input data in modern multicore
CPUs.

5 Conclusion

The proposed PPMQSort algorithm is different from others as the partitioning process
has been simply parallelized since the beginning. The basic concept of the PPMQ-
Sort is to divide the input data array by half in parallel/recursively until the obtained
partitions are up to Cutoff size u. These partitions can be locally cached and gsorz()
them simultaneously by 4 > c¢ threads. Hence, the performance bottleneck can be
eliminated.

PPMQSort is compatible with the Stdlib gsorz() since we use it as a benchmark.
Various OpenMP 3.0 parallel constructs are employed and coded in C language. Per-
formance of PPMQSort was evaluated on one AMD and four Intel CPUs running
64-bit Ubuntu Linux 14.4 LTS. In general, PPMQSort can achieve the best Speedup
up to and beyond the number of CPU cores. In spite of the Worst cases’s fast Tgsort,
their Speedups are almost always greater than those of Random. For HyperThread
CPUs, PPMQSort can get up to 50% Speedup increase over HT-disabled ones. In
terms of efficiency, the PPMQSort can get Speedup/Core from 0.97 to 1.17 and from
1.41 to 1.63 on NHT and HT CPUs, respectively, and more superior than previous
parallel QucikSort algorithms.

Statistical analysis of PPMQSort shows that Tppmgsort 18 proportional to Cache
Misses and Branch Load Misses. On the other hand, its Speedup S is proportional to
%CPU Utilization U and limited by B, /s and C,, /5. The proposed system performance
model can estimate memory bandwidth required by the PPMQSort. In addition, Branch
Prediction Units are as performance critical as the memory hierarchy for PPMQSort
algorithm due to randomness of input data.

For future work, PPMQSort should be optimized further to support thread affin-
ity/cache locality and minimize cache coherence misses even more. The performance
model and average memory bandwidth shall be analyzed and fine-tuned to support a
variety of algorithms/programs. To serve big data, task scheduling and load balancing
strategy are investigated by mixed CPU, memory, and I/O-intensive [32].

In addition, on-chip and off-chip graphics processing unit (GPUs) should be inves-
tigated whether PPMQSort can be applied to exploit a massive number of GPU cores
as it has been done on multicore CPUs.
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