
Analysis of performance and scaling of the

scientific code Octopus

Master Thesis

September 16, 2010

Joseba Alberdi Rodriguez

Supervisors:
Dr. Javier Muguerza Rivero

Department of Computer Architecture and Technology
Faculty of Computer Science
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Abstract

This project analyses the current state of the parallelization of the scientific
code Octopus. Octopus is a complex application that calculates atomic prop-
erties of the matter. More specifically, we have applied Octopus to simulate
the absorption of the light in different splits of the chlorophyll molecule with
different number of atoms. We have analysed the scalability of the parallel
version of Octopus, varying the number of processors and the size of the
atomic systems under analysis. For this study, we have used the most ad-
vanced supercomputers in Europe: Jugene, at the Jülich Research Centre in
Germany, the fastest supercomputer in Europe (and the 5th in the TOP500
list); and MareNostrum, at the Barcelona Supercomputer Center, the Span-
ish fastest one. This project has shown that the current version of Octopus
fairly scales up to 4000-8000 cores, but new obstacles emerge when we try
to surpass this limit. Our analysis has identified such problems, and several
solutions, now under development, are presented. This master thesis is the
first step of a more general project, aimed to offer scientists an application
that could be run efficiently using hundreds of thousands of processors, the
only way to obtain atomic properties of realistic size systems in a reasonable
bounded time.



Laburpena

Proiektu honek Octopus kode zientifikoaren paralelizazioaren egungo egoera
aztertzen du. Octopus, materiaren propietate atomikoak kalkulatzen dituen
aplikazio konplexu bat da. Zehazki, Octopus erabiliz argiaren xurgatzea
simulatu dugu atomo kopuru desberdineko klorofila molekuletan. Era horre-
tan, Octopus kodearen bertsio paraleloaren eskalagarritasuna neurtu dugu,
erabilitako atomo eta prozesadore kopurua aldatuz. Azterketa horretarako,
Europako konputagailu aurreratuenak erabili ditugu: Jugene, Alemaniako
Jülich Ikerketa Zentroan kokatutakoa, Europako azkarrena (eta 5.a TOP500
zerrendan); eta MareNostrum, Bartzelonako Superkonputazio Zentroan, es-
painiar estatuko azkarrena. Proiektu honek erakusten du Octopus kodeak
ongi eskalatzen duela 4000-8000 core edo nukleotaraino, baina arazo berriak
azaleratzen dira muga hori gainditzen denean. Gure analisiak arazoak iden-
tifikatu ditu, eta hainbat irtenbide proposatzen ditugu, oraindik garapen
fasean. Master Tesi hau lehenengo pausoa da orokorragoa den proiektu
batean. Proiektu orokor horren asmoa hamarnaka edo ehunaka milaka proze-
sadore eraginkorki erabiltzeko gauza den kode bat zientzialariei eskaintzea da;
hala, tamaina errealistagoko sistemen propietate atomikoak kalkulatu ahal
izango dituzte, denbora-muga jakinetan.
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Chapter 1

Introduction

This project is the final work of the Master in Advanced Computer Systems
of the Faculty of Computer Science of the University of the Basque Country,
EHU-UPV (course 2009-2010).

The aim of this project is to achieve the petaflops barrier with a scientific
code, Octopus code. The final objective is double: first, to improve the code
to get new barriers in parallel computation; and, second, to simulate physics
systems ever done before and with more precision.

We will focus this project at the beginning of that major objectives. This
Master thesis will be the first step in order to achieve them.

1.1 General Problem and Project

The long term objective is to obtain a highly efficient parallel version of the
Octopus code, to tackle the study of the properties of the excited states of
large biological molecules — and nanostructures of complex solids—, using
first principle simulations, and understand well the mechanisms of absorption
of the light and the energy transfer in photosynthetic complexes, including
both electronic and ionic dynamics triggered by the absorption of light.

The main phases of the project are the following: (a) optimization of the
sequential code, (b) analysis of the initial parallel execution, (c) design of
a dynamic load balancing strategy, (d) development of allocation strategy
and task distribution process which takes into account the topology of the
machine, and (e) deliver the final code and provide the analysis of the results.

The computational speed of supercomputers has grown significantly and
steadily in recent years, having already passed three systems the petaflops
barrier. The main reason for the increase in performance lies in the use of
massively parallel systems with hundreds of thousands of processors, because

1



2 Chapter 1. Introduction

improvements in individual processors are already very low. This is owning
to the fact that producing ever-faster processors at this time implies that the
cost and consumption grows non-linearly, while the use of multiple processors
increase computing speed in order to maintain a linear scaling whole system.
This trend is already well established and will continue to expand in the
future to other areas of computing, as, for instance, with personal multicore
computers.

Much of the scientific software that runs on supercomputers is not being
able to keep pace with the increasingly capabilities that offer machines with
a large number of processors. There are several reasons for this, but certainly
one of them is because developing efficient parallel code is a very complex
task that requires dedication, knowledge and skills beyond those that are
to be expected in people whose interest is focused mainly on the scientific
dimensions of his research. The massively parallel code development must
therefore be a multidisciplinary effort, involving researchers from both areas
as basic science as computers. The benefit of such collaboration is twofold:
on the one hand, the development of high performance scientific code, and
secondly, the development and improvement of techniques for paralleliza-
tion, which can then be applied to other technical and scientific areas. The
project of this Master thesis is a clear example of such synergistic collabora-
tion between two scientific fields, in which parallel programming experts will
collaborate with researchers in physics for the parallelization of numerical
code for simulating electron dynamics.

1.2 The Master Thesis Project

The main goal and efforts of this research project will be concentrated on
achieving a petaflops scaling with Octopus scientific code. But, first of all, a
deep analysis of that code must be done. In this master thesis we will focus
in the first part of the overall project. We will evaluate the current state of
the code and we will search for the main problems that could prevent for the
use of a high level of parallelism, before starting to modify it.

To begin with, it is essential to learn how the scientific software works.
We have to be able to easily use and understand the software and all the
related tools (operating system, remote tools, queue system...). The atomic
systems simulations are not an easy task, and we have to involve in them.

So, we will measure the executions of the code and assess the performance,
searching for possible bottlenecks. Once problems have been identified we
will propose a way to solve them. All the problems and solutions proposed
are discussed in detail in the next sections.
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1.3 Job context

This work is the result of the collaboration of two research groups of the
University of the Basque Country (EHU-UPV): the Nano-bio Spectroscopy
group (Fac. of Chemistry), composed mainly by physicists; and ALDAPA
(Fac. of Computer Science), whose members are computer engineers. Com-
puter engineers are concerned with the performance of parallel supercom-
puters, trying to optimize compilations processes, computations, processor
communications, the use of the memory hierarchy, etc. On the other hand,
physicists care about solving problems of increasingly complexity, that re-
quire virtually unlimited computing time. Therefore, joining both expertises
we have the possibility of facing up to complex real problems that, otherwise,
can not be efficiently solved.

1.3.1 Nano-bio Spectroscopy group

The Nano-bio Spectroscopy1 group activities are focused on the field of the-
ory and modelling of electronic and structural properties in condensed mat-
ter and on developing novel theoretical tools and computational codes to
investigate the electronic response of solids and nanostructures to external
electromagnetic fields. Present research activities are: new developments
within many-body theory and TDDFT, including ab-initio description of
electron excitations, optical spectroscopy, time-resolved spectroscopies, and
lifetimes; novel techniques to calculate total energies and assessment and
development of XC functionals for TDDFT calculations; improvements on
transport theory within the real-time TDDFT formalism; characterization of
the electronic and optical properties of solids, nanostructures (in particular
nanotubes, nanowires and semiconducting -clusters-) and biomolecules. The
director of the group as well as ETSF2 vice-president is Prof. Ángel Rubio.

The group is active in the development of the ETSF and hosts the Vi-
cepresidency for Scientific Development.

1.3.2 ALDAPA group

Automatic Classification and Parallelism3 research group is focuses on the
design and implementation of data mining techniques (supervised and un-
supervised classification, prediction, diagnosis, optimization, etc...) Prob-
lems posed by nearby industrial environment: fault diagnosis in electrical

1http://nano-bio.ehu.es/
2ETSF: European Theoretical Spectroscopy Facility. http://www.etsf.eu
3http://www.sc.ehu.es/acwaldap/

http://nano-bio.ehu.es/
http://www.etsf.eu
http://www.sc.ehu.es/acwaldap/
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networks, automatic planning of fuel distribution, OCR, customer loyalty,
detection of fraud in automobile parts, computer security...

Furthermore, the objective is to obtain high-performance solutions to the
problems raised in these lines, that is, to provide speed to the application
and/or improve the quality of results, so that the group also specializes in
the application of parallel techniques.

1.3.3 Financing

Joseba Alberdi is granted by a fellowship of the University of the Basque
Country (EHU-UPV), for 4 years, beginning in the March of 2010. This
fellowship is for doing the doctoral thesis in computer science.

For the computing time, we have to acknowledge the Julich Supercom-
puting Centre (JSC) and the Barcelona Supercomputing Center (BSC). This
project is part of PRACE4 (The Partnership for Advanced Computing in
Europe). PRACE is a European HPC (High Performance Computing) per-
sistent infrastructure.

4http://www.prace-project.eu/

http://www.prace-project.eu/


Chapter 2

Technical background

In this chapter we will cover the fundamental concepts concerning this Master
project. We will introduce all technical and personal background that we will
use later on when analysing the Octopus code.

2.1 Parallelism (main concepts)

Scientific investigations and developments are ones of the most computing
time consuming applications. Some of them —climate and weather predic-
tion, geological analysis, atomic physics, astrophysics, engineering simula-
tions... — are pushing ahead the limits of computer’s hardware and software
every day. Despite modern processors become more and more powerful, the
only way to meet those needs is by means of massive parallelism.

Definition 1. A computer is parallel when a high (huge) number of proces-
sors is used to solve a problem in a cooperative way.

Computers can be classified using the Flynn’s taxonomy [1] according to
two main parameters: the number of data and instructions streams.

Data streams
one multiple

Instruction streams one SISD SIMD
multiple - MIMD

Table 2.1: Flynn’s taxonomy of computers

Two cases are considered: only one stream or multiple streams. In this
way, three main computer categories are specified:

5



6 Chapter 2. Technical background� SISD: Single-Instruction-Single-Data

A single program is executed with a single data stream. These are
sequential and serial machines, there are not parallel at all.� SIMD: Single-Instruction-Multiple-Data

The same instruction is applied to different data, so Data Level Paral-
lelism is achieved. Processor-arrays (distributed memory) and vector-
computers (shared memory) are of this type.

All modern processors have some kind of vectorial instructions in its
machine language, like SSE (since Pentium III in Intel [2]) and 3DNow!
instructions (in AMD since K6 2 [3]). Graphics Processing Units (GPU)
also implement this type of parallelization to improve performance [4].� MIMD: Multiple-Instruction-Multiple-Data

It is the general case of a parallel architecture: p processors collaborate
to solve the same problem. There are lots of processes executing over
different data, so in this case Thread Level Parallelism is achieved. Two
main architectures can be distinguished:

– Shared-memory

All the processors share the same memory space. When the num-
ber of processors is not very high (until 32 processors), a central-
ized main memory can be shared by all the processors, using for
instance a high performance bus for communications: we have a
SMP (symmetric multiprocessor) system.

– Distributed-memory

Each processor has a “private” memory. If hundred or thousands
of processors must be used, the memory (shared or private) must
be distributed, and so special communication networks must be
used for interprocess communications.* DSM: Distributed Shared Memory

The memory address space is shared. Although each processor
has a part of the whole memory, this can be addressed by all
the processors. Explicit communication is needed to share
data.* MPP: Massively Parallel Processor
The address spaces are private and could be an MPP system
or a cluster.
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MPP systems use thousands of processors, usually with a pro-
prietary high performance communication network. They are
the world fastest, and expensive, computers. Clusters are
usually not so big and fast, but they are much more afford-
able, and the price-performance ratio is much better. Clus-
ters with hundred and also thousands of processors and of-
the-shelve communication hardware (10 Gbit Ethernet, Infini-
band, Myrinet...) are becoming very popular in the industry
and scientific laboratories.

The computers that we have used in this project are MPP machines
(Massively Parallel Processors), —like Jugene—, or clusters —Mare-
Nostrum, Vargas and Corvo—, so they are MIMD computers in the
Flynn’s taxonomy. Therefore, they implement data level parallelism.
Moreover, data level parallelism is used in the multicore chip (MIMD
also) with shared memory model. Furthermore, they implement in
a smaller level (in the processor) vectorial instructions (SIMD).The
detailed description of the machines will be shown below.

2.1.1 Performance of a parallel system

There are several ways to specify the performance of a parallel computer. The
simplest one is to measure the number of “flops”(float operations per second)
the computer can execute. If a superscalar processor can achieve today, for
instance, 4-8 Gflops, a parallel computer with up to 10.000 processors could
achieve 40-80 Tflops (tera = 1012).

For example, today’s fastest computer, the Cray XT Jaguar supercom-
puter at the Oak Ridge National Laboratories, has reached 1.76 Pflops (peta
= 1015) using 224,162 cores (AMD x86 64 Opteron Six Core 2600 MHz, 10.4
Gflops)1.

In addition to the “absolute computing speed”, two relative measures are
also used to qualify a parallel execution: the speed-up and the efficiency.

Speed-up

The speed-up is the measurement of how much faster is a parallel program
than the serial one. The speed-up compares two execution times, usually the
serial time (with only one processor) and the parallel time:

Sp =
Ts

Tp

(2.1)

1http://www.top500.org/

http://www.top500.org/
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where, Sp: speed-up; Ts: serial time; Tp: parallel time.
Using a system with p processors, the speed-up should range from 0 to

p. Of course, the objective is to use p processors to execute our application
p times faster; unfortunately, there are lot of problems that must be solved
in order to obtain this result.

Efficiency

Efficiency is the percentage of the maximum possible acceleration factor. It
measures how far we are from the ideal case:

efic =
Sp

P
(2.2)

where, efic: efficiency; Sp: speed-up; P : number of processes.
So, this parameter will range from 0 to 1, and will tell us how much of

the theoretical parallelism of the computer system are we obtaining.

2.1.2 Performance limits

In a parallel program the parallel part is the most interesting and effective,
but unfortunately every simulated code must have a serial part, and this will
limit the speed-up. Therefore, the speed-up is limited by the parts of the
code that must be executed in a reduced number of processors.

Amdahl’s law

Considering that f is the fraction of code that could be executed in parallel,
the overall execution time, Tps, will be:

Tps = fTp + (1− f)Ts = f
Ts

P
+ (1− f)Ts (2.3)

So, the overall speed-up, Sps, could be represented as follows:

Sps =
Ts

Tps

=
P

P − f(P − 1)
(2.4)

This formula is known as the Amdahl’s law [5]. When f is 0 the speed-up
Sps is 1: all the program is executed serially using only one processor. When
f is 1, all the code will be executed in parallel, so the speed-up will be P .

In the limit, using a huge number of processors (P → ∞), the obtained
speed-up will be 1/(1 − f). So, if f is, for instance, 0.95 (only a 5% of
the code must be executed serially) the speed-up will be always less than 20,
regardless of the number of processors we use; and for f = 0.75 the maximum
speed-up will be 4. Figure 2.1 shows this behaviour.
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Figure 2.1: Amdahl’s law. Speed-up depends on the number of nodes and the parallel
fraction of the code.

Gustafson’s law

The Amdahl’s limit to the speed-up is very disappointing, because seems
to limit the use of parallelism to a reduced number of processors or only to
“all-parallel” applications. But, in fact, this is not the only true.

Lots of scientific and industrial applications are “self reduced” in order
to obtain results in a bounded time. But scientists are eager to execute their
applications with bigger systems and resolutions. When the resolution or size
of those problems is higher, the serial part of the code reduces, so the rest
of the execution time, that groves with the problem size, can be successfully
reduced using as much processors as possible. So, the objective is to execute
more precise or bigger applications in the same time we execute the older
one [6]. Under these conditions, the speed-up we can obtain is:

Ts(bigger) = (1− f)Ts + fTsP

Tp(bigger) = (1− f)Ts + fTs

Sps =
Ts

Tp

= (1− f) + fP (2.5)

Figure 2.2 shows the big improvement in the speed-up compared with the
Amdahl’s law.
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Figure 2.2: Differences between Amdahl’s and Gustafson’s laws, with a parallel portion of
f = 0.9. Real problems are between both.

To sum up, real problems are in between Amdahl’s and Gustafson’s laws.
So good speed-ups could be achieved.

Overheads of the parallel execution: communication

Parallel executions add some overheads not present when using only one
processor. The most important one is the need of communication between
processes. So, parallel execution time must be expressed as

Tp =
Ts

Tp

+ Tcomm (2.6)

While the execution time decreases with the number of processors, commu-
nication time, needed to send and receive messages, goes up. Hence, the
overall execution time is the sum of both (see figure 2.3), so a compromise in
the number of processors must be found to achieve the lowest possible time.

Load balancing

Task to be executed in parallel must be equally distributed among the pro-
cessors; otherwise, some processors will be idle while other are working and
working.

Tp =
Ts

Tp

+ Tcomm + Tidle (2.7)
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The time a processor is idle is not used to do effective calculation, so
parallel overall execution time increases. Different assignment are used to
schedule tasks in a balanced way. The scheduling can be static (tasks are di-
vided at compile time) or dynamic (tasks are distributed during the execution
of the application).

Synchronization between processes (point to point, or global) is another
source of load imbalancing, where some processes wait for the others to obtain
their results.

2.1.3 Parallel Computers used in this project

In this project we have used the most advanced computers in Europe: the
fastest supercomputer in Europe, the Jugene machine, and the Spanish
fastest, MareNostrum. Moreover, we have used a local cluster (Corvo) and
a cluster in France (Vargas) at IDRIS.

Jugene

Jugene (Jülich Blue Gene) is a supercomputer located in Jülich, at Jülich
Supercomputing Centre (JSC)2. It has 294,912 cores in 73,728 chips, four
IBM®(850 MHz) PowerPC®450 processors are integrated on a single Blue
Gene/P chip [7]. Each chip is capable of 13.6 Gflops and has 2 GB of RAM
memory. In total, the machine has a peak performance of 1 petaflops and
144 terabytes of RAM memory.

The machine is composed in the following way: the base part of the
machine is the mentioned 4 cores chip, also referred as a processor. One
chip is soldered to a small motherboard, together with memory (DRAM), to

2http://www.fz-juelich.de/jsc/jugene

http://www.fz-juelich.de/jsc/jugene
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create a compute card (one node). The amount of RAM per compute card
is 2 GB and they do not have any type of hard disk. All this compute cards
are plugged to a node card. There are two rows of sixteen compute cards
on the node card. A rack holds a total of 32 node cards, and in total are 72
racks. This structure is illustrated in the figure 2.4.

Figure 2.4: Blue Gene system overview.

This machine has 5 networks for different purposes:� A three dimensional torus network, for data communications. It is
general-purpose, point-to-point network.� A collective network for global communications like broadcast or re-
ductions. It is a high-bandwidth, one-to-all network.� A global interrupt network, for barriers and interrupts.� A control network, to manage nodes.� A 10 gigabit Ethernet network. The compute nodes are not directly
connected to this network, only some specific I/O nodes are connected
to there. All the data must first pass from the compute node to the I/O
node through the global interrupt network, and then to this network.
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Therefore, each compute node has 4 networks with the following inter-
faces: (a) connections to the torus network, 2 per dimension; (b) 3 con-
nections to the collective network; (c) 4 connections to the barrier network;
and (d) 1 connection to the control network. I/O nodes, in addition, are
connected to the mentioned 10 gigabit Ethernet network.

Jugene uses LoadLeveler queueing system to manage the jobs. LoadLe-
veler is a software to manage serial and parallel jobs over a cluster of servers
[7]. There are small queues with a minimum of 32 nodes to reserve and a
maximum of 256, and a maximum wall clock time of 30 minutes. There are
also bigger queues, until 32,768, that they have the maximum clock time in
24 hours [8].

MareNostrum

MareNostrum is a supercomputer located in Barcelona, at the Barcelona Su-
percomputing Center3. It is the most powerful in Spain and it was the fourth
in the world in speed in November 2004 [9]. It has 10,240 IBM PowerPC 970
(2.2 GHz) processors connected with a low latency Myrinet network. It is
capable of 94.208 teraflops at the peak performance and a base performance
of 62.63 teraflops.

The supercomputer is based on the IBM eServer BladeCenter JS20 [10]
and it is structured in this way:� Blades : contains the basic components of a computer: processors (one

or two chips), hard disks and memory. Each one runs its own copy of
the operating system.� Midplanes : it is a base where are putted several blades and share com-
mon components: power supplies, fans, CD-ROM, and floppy drives.

Vargas

Vargas is a IBM SP Power6 server located in France, at IDRIS, Institut du
Développement et des Ressources en Informatique Scientifique (Institute of
Development and Resources in Computer Science). It has 3,584 Power6 cores
connected with an Infiniband network. The Power6 processors is a dual core
with a clock frequency of 4.7 GHz, and 3 levels of cache. The total amount
of memory it has is 17.5 TB. It has a peak performance of 67.3 teraflops.

3http://www.bsc.es/plantillaA.php?cat id=5

http://www.bsc.es/plantillaA.php?cat_id=5
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Corvo

Corvo is the computational cluster of the Nano-bio Spectroscopy group. It
consists of 368 processor cores and 1024 GB of RAM connected by an Infini-
band network. This Bull cluster is structured as shown in the figure 2.5: a
management node and several computing nodes. The management node is
used for login, compilations, management of hard disks... The cluster has 42
nodes for calculations, each one with: 2 Xeon E5520 Quad Core 2.27 GHz,
24 GB of RAM and an Infiniband adapter.

Figure 2.5: Overview of Corvo cluster: one service node and 42 compute nodes.

2.2 Parallel programming tools

Up to day, efficiently parallel programming is a complex task that must be
carried out by the programmers. Automatic parallelization at compiling time
is limited to elementary codes. This is the reason why they exist different
types of Application Programming Interfaces (API) to take advantage of the
parallel environment, just as MPI and OpenMP.

Scientific libraries are also widely used in HPC. Furthermore, profiling
techniques are used to get an idea of how is the execution of a program.

2.2.1 Parallel programming models

Although there are other options, OpenMP and MPI (Message Passing In-
terface) has become the de facto standards to develop parallel applications,
the former for shared memory systems and the later for distributed mem-
ory systems. This classification is not strict; for instance MPI can also be
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used for shared memory applications, and, UPC (Unified Parallel C) is a
known alternative [11] for programming distributed shared memory applica-
tions. Exploiting these techniques (and even more) inside a code and within
a supercomputer, we refer to this paradigm as High-Performance Computing
(HPC).

MPI

Message Passing Interface (MPI) is an standard API specification developed
by the Message Passing Interface Forum (MPIF) that implements message-
passing model between computers [12], and is widely used in supercomputers
and clusters.

The processes that are in different nodes have separate memory addresses
and they have to communicate each other. In fact, MPI is mainly a library
of communication functions. Briefly, communication can be point-to-point
or global. Point-to-point communication is carried out using send and re-
ceive functions; on the other hand, global communication functions include
broadcast, scatter and gather operations, to be able to distribute and collect
data among all the processes.

OpenMP

OpenMP is a shared-memory API that “implements” the shared-memory
parallel programming paradigm, based on parallel threads. OpenMP is
mainly devoted to obtain loop parallelism. Specific pragmas must be in-
troduced previous to (for) loop, to indicate the compiler that the loop can be
safely executed in parallel. Several clauses of the pragma indicate the scope
of the variables (private, shared...), the scheduling of loop iterations, etc.
Using shared variables implies that threads must be synchronized to ensure
a correct access to these variables; hence, typical synchronization functions,
like critical sections, locks, barriers... are include in the API [13].

OpenMP could be use for instance in Fortran, C or C++.

UPC

Unified Parallel C (UPC) is an extension of the C programming language
designed for high-performance computing on large-scale parallel machines
with a common global address space. The programmer is presented with
a single shared, partitioned address space, where variables may be directly
read and written by any processor, but each variable is physically associated
with a single processor [14].
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2.2.2 Scientific libraries

Some mathematical functions are used in practically all scientific applica-
tions. These functions are implemented and optimized in parallel libraries,
so the programmer does not need to write code for them [15]. For instance,

BLAS

Basic Linear Algebra Subprograms (BLAS) library is a sort of routines of
basic vector and matrix operations.

LAPACK

Linear Algebra PACKage (LAPACK) is a library to solve and analyse linear
equations, linear lest-square problems and to compute eigenvalues and eigen-
vectors for several types of matrices. ScaLAPACK is the parallel portable
version of some of those routines.

FFTW

The “Fast Fourier Transform in the West” (FFTW) is a C library to compute
multidimensional, complex and discrete Fourier transforms. Also, there are
other efficient FFT implementations; Goedecker, Boulet and Deutsch [16] is
one of them.

Generic libraries

MKL (Intel® Math Kernel Library) is an example of a library of highly
optimized, extensively threaded math routines for science, engineering, and
financial applications, that integrates BLAS, LAPACK, ScaLAPACK, Sparse
Solvers, Fast Fourier Transforms, Vector Math, and more libraries in only one
package.

2.2.3 Profiling

When scientific software becomes a complex net of code —thousand of lines
and lots of files or subroutines calling each other even inside loops— it is quite
hard to analyse programs behaviour: what part of the code is the responsible
of the execution time? are we efficiently using the memory hierarchies?

This is specially true if the program is being executed in parallel, because
the execution of the program is not controlled by a unique control unit,
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communication between processes introduces non deterministic effects, and
the load balancing is not assured.

To clarify the mess, the user can introduce instructions to trace the pro-
gram (printing some variables, collecting execution times...), but the most
efficient way is to use profilers, specific tools to thoroughly profile the execu-
tion of programs.

Profiling a program we obtain specific data about the program execution
itself: execution times, memory usage, communication patterns and time,
etc. These data can be used to tune the program in order to obtain faster
executions, a better usage of the memory, etc.; in other words, to execute
programs more efficiently.

Profling can be “quite simple”, like gprof (profiling of time in serial),
massif (profiling also in serial) or Jumshop (profiling of MPI calls in parallel);
or very complex and complete like TotalView or Paraver (profilers for parallel
programs).

2.3 Octopus code and physical background

Octopus [17] is a scientific software package for the calculation of electronic
properties of the matter. It is released under the GPL license, so it is freely
available to the whole scientific community for use, study and modification.
The code has been created within the EHU-UPV and used and developed
extensively in the last years to study systems up to hundreds of atoms.

Over the past years, Octopus has evolved into a fairly complex and com-
plete tool, and is now used by dozens of research groups around the world.
Due to the open nature of the project, it is hard to measure the total number
of users. However, an estimate can be made from the number of downloads
(an average of over 200 downloads per month), and from the number of
participants in the users mailing list (300 participants). Even in this short
time-scale, there were a considerable amount of papers published or submit-
ted by independent groups presenting calculations performed with Octopus.

2.3.1 Physics

Octopus is a code that simulates the dynamics of electrons and nuclei un-
der the influence of time-dependent fields. The electronic degrees of freedom
are treated quantum-mechanically within TDDFT, while the nuclei are con-
sidered to behave as classical point particles. In this code, all quantities
are discretized in real space using a uniform grid, and the simulations are
performed in real time.
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The main equation to solve is the time dependent Kohn-Sham equation;
the initial condition is typically obtained solving a ground state density func-
tional theory problem, also using Octopus. The main quantities to represent
are three dimensional functions: the density and the single particle orbitals.

In Octopus the functions are represented in a real space grid. The dif-
ferential operators are approximated by high-order finite differences. The
propagation of the time-dependent Kohn-Sham equation is done by approx-
imating the exponential of the Hamiltonian operator by a Taylor expansion.

Octopus is used to calculate the excited states of an atomic system. This
excited state is calculated after solving the ground state (GS) or either the
starting point could be arbitrary. After solving the ground state, different
kind of perturbation may be applied (mechanical, electronic field, light, pro-
tons...) to the same initial state. With the arbitrary start could be analysed
for example the reactivity of the system, or the absorption... this latter
simulations are called nonequilibrium physics.

2.3.2 Parallelization

Octopus simulations involve a huge amount of computation and memory
when obtaining electronic properties of molecules with a big number of atoms.
Thus, a parallel version of Octopus must be used to obtain precise results
with realistic size systems in a reasonably bounded time. Octopus applies
multilevel parallelization, using MPI for message-passing among nodes, and
OpenMP for intranode (core) shared memory parallel computation. There
are three levels of parallelization that are relevant for the kind of systems we
want to study:� First, the processors are divided in groups, each of one gets assigned a

number of orbitals. This is a very efficient scheme, since the propaga-
tion of each orbital is almost independent. The limitation to scalability
is given by the number of available states, but this number increases
linearly with the system size.� Then, the real space is divided in domains assigned to different proces-
sors. The application of differential operators requires the boundary
regions to be communicated. This is done asynchronously, overlapping
computation and communication. The scaling of this strategy is lim-
ited by the number of points in the grid, that as in the previous case,
also increases linearly with the system size.� Finally, each process can run several OpenMP threads. The scalability
is limited by regions of the code that do not scale due to limited memory
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bandwidth.

Thanks to its current parallel capabilities, Octopus was chosen as a bench-
mark code for the Partnership for Advanced Computing in Europe (PRACE)
initiative that aims to provide European scientists with world-class leader-
ship supercomputing infrastructures. This means, as shown, that for the
execution of this project the researcher has access to several supercomputing
systems, including prototype machines, and has collaborated with experts of
supercomputing centres.

2.3.3 Profiling in Octopus

Profiling techniques and infrastructure are already embedded inside the Oc-
topus code. The main functions of Octopus could be profiled and the user
has only to change a variable in the input file, in order to have profiling
results.

To profile itself, there are some auxiliary functions that are called twice in
every important function: one at the beginning and other at the end. When
the program is close to finish, some statistics are calculated, including the
time between those two calls.

Profiling output is shown in text files and one file is generated for every
MPI process. Exhaust statistics could be taken from this huge amount of
information.
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Chapter 3

Experiments and obtained
results

In this chapter we will explain the tests we have made to analyse the be-
haviour of the parallel execution of Octopus, and get the speed-ups for dif-
ferent problem sizes. As the final objective is to be able to efficiently execute
Octopus using tens or hundreds of thousands of processors, we need to do a
careful analysis of the executions, varying the number of processors and the
size of the simulated physical systems.

Octopus simulations can be divided in two parts: first, a ground state
(GS) must be obtained, and, then, this initial state is used to perform a time
dependent simulation (TD). For the GS calculation, two type of executions
have been developed: a GS test, to explore the more adequate number of
computing nodes for the atom system under examination, that involves a
few iterations; and the full GS calculation, an iterative process that obtains
the GS, the starting point of any time dependent simulation. Unfortunately,
this iterative process has resulted a very time-consuming process, specially
for the bigger systems. But the most relevant executions for the this type
of research are the TD ones, and, as we will see, the obtained speed-ups are
very good, and we will try to go further, identifying problems and finding
solutions.

The simulated systems are molecules of chlorophyll from the spinach pho-
tosynthetic unit with 180, 441, 650, 1365, 2676 and 5879 atoms. Different
computers and number of computing nodes have been used to obtain the
parallel speed-ups. We had problems converging systems bigger than 1365
atoms, so we could only do TD and GS calculations and speed-up measure-
ment for equal or smaller systems.

21
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3.1 Previous tests

Before this project had started, other tests were made to analyse the be-
haviour of the parallel Octopus code. The starting point was encouraging
enough to go ahead, like shows the figure 3.1.

For previous tests, in particular, they had taken the smallest light har-
vesting complex of Spinach whose X-Ray structure is know [18]; therefore,
they had a good starting point for the excited states simulation. Their target
system was (and it stills being) a complex that contains approximately 6000
atoms.

For that previous tests to analyse the parallel scalability of the method in
high performance computing architectures, they had studied a smaller part
of the system, composed of 650 atoms. The calculation of the absorption
spectra required approximately 12 hours in 512 cores in VARGAS, an IBM
SP6. The scaling for this calculation in two different supercomputers —
MareNostrum and VARGAS— can be seen in figure 3.1.
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Figure 3.1: Octopus speed-up on previous tests (done by X. Andrade, 2009).

The growth of the computational cost is quadratic with the number of
atoms, since both the number of states and the size of the domains increase
linearly. So they expected the complete system to require around 100 times
more CPU time, and since the parallelization is over the two degrees of
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complexity they expected to maintain the level of parallel efficiency over an
equivalent increment of two orders of magnitude in the number of processors.

Considering that the system has 10,000 Kohn-Sham states, if they allocate
10 states per processor and they divide the real space in 128 or 256 domains,
they could expect the implementation in Octopus to scale reasonably beyond
100.000 processors. This makes it an ideal case for a large massively parallel
supercomputer.

3.2 Computers and Atomic system sizes

The computer architecture and configuration determines the different sizes of
the atomic system we can simulate. The atomic systems we want to analyse
are composed of 180, 441, 650, 1365, 2676 and 5879 atoms. To simulate those
systems, the main constraint is the memory per node that is available, that
limits the maximum size of the system. So, depending on the computer we
use, we have tested different sizes of atomic systems.

No. of atoms
180 441 650 1365 2676 5879

Machine Corvo yes yes - - - -
Vargas yes yes yes - - -

MareNostrum yes yes yes - - -
Jugene yes yes yes yes - -

Table 3.1: Computers and atomic system sizes.

We have, also, other limit in the size of jobs we could reserve in the
machines. For example, the minimum size of the partition to use in Jugene
is 32 nodes, since it is a HPC machine for parallel jobs. Each node has 4
cores. So the minimum number of cores can be reserved is 128. This force
us to normalize speed-ups to this number.

3.3 Results of the experiments

A great amount of tests have been done in within this project (the first part
of the general project) to explore the use of new computers and higher atomic
systems. We will summarize all the tests here; all the remaining explanations
can be found in appendix I.b.

The tests are divided into two main groups: the ground state calculation
(GS), and the time dependent (TD) simulations. The results of a ground
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state must be calculated before starting different TD simulations. In fact,
these TD simulations are the physically interesting objectives of Octopus.

3.3.1 The Ground State (GS) calculations

First of all, we have to measure how long take the ground state (GS) execu-
tions and how they scale with the number of processors. Once the GS tests
are done, real calculation of the GS, until convergence, have to be done.

The GS calculation is an iterative process that obtains the basic state
of an atomic system. But before that iterations some initializations are re-
quired, to create the grid, reserve memory, prepare the MPI environment...
So the overall execution time is the sum of both parts (initializations + it-
erations). In fact, this overall time is not very meaningful, because: (1) it
changes only a bit with different number of processors, and (2) the initial-
izations have a big influence, as we have limited the GS test to only a few
iterations (figure 3.2). So, we have focused in the iteration times.

Tinit Titer

Tinit Titer Titer Titer

Execution time

(GS tests)

Execution time

(real GS)

Titer...

Figure 3.2: The total execution time of GS tests and real GS (initializations + iterations).
For the tests the initialization part has a big influence, while in a real GS is negligible.

The GS calculations can only be parallelized in domain; it is not possible
to parallelize them in states. Domain parallelization, as mentioned in the
introduction, is the division of the real space into domains, that are assigned
to different processors. This type of parallelization is limited by the number
of points in the grid, so, in principle, the scaling could not be very important,
because, beyond certain point, we do not get more precision with a finer grid.
The first set of test was devoted to analyse the speed-up with a small atomic
system and a reduce number of processors, because the HPC resources are
quite expensive and limited. Figure 3.3 shows the obtained results.

The significant part of the code of the GS is the SCF (Self Consistent
Field) cycle, where iterative calculations are done. We obtain a moderate
increment in the speed-up on those SCF iterations. These experiments led
us to probe using more processors, so we extended the tests up to 512 and
1024 processors.
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Figure 3.3: GS iteration time and speed-up in the Jugene machine. X axis is the number
of processors (each processor = 4 cores). Every line represents the number of atoms. The
speed-ups are normalized to 32 processors.
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Figure 3.4: The speed-up of the SCF function (32 - 1024 processors) and its efficiency.

Figure 3.4 shows the new results; unfortunately, the speed-ups seems to
reach a plateau near 512-1024 processors. Therefore, we have found the limit
of the parallelization of the GS calculation between 512 and 1024 processors,
independently of the number of atoms used.

In summary, these ground state tests were need to obtain the more ade-
quate number of processors for an efficient GS parallel execution. We have
estimated that number in between 256-512 processors, because we obtain a
fast execution without wasting resources. As mentioned, that final GS exe-
cution must be done only once, and it is the starting point for different TD
calculations.
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3.3.2 Time Dependent (TD) calculations

In a second step, we have measured the execution time of the Time Dependent
simulations: the elapsed1 time of all the program, and also, the time of one
iteration (to be more precise we we did 10 iteration and calculate the average).
The Octopus code has to do initializations (create the grid, reserve memory,
prepare the MPI environment...) before can start doing actual simulations.

Because the overall time is not very meaningful, there is no great improve-
ment in that overall time and sometimes is even worse with more processors.
So we focused our effort to measure the iteration time, as Octopus does iter-
ative process to find a solution. Like in the GS calculations, we limited our
tests to a fixed number of iterations (figure 3.2 is also valid for TD calcula-
tions; the initialization part is important in these tests, while is negligible in
real calculations).

Figure 3.5 shows the execution time for one iteration of the TD calcu-
lation, using two different machines (Jugene and Corvo) and a small and a
big atomic system, 180 and 1365 atoms respectively. Figure 3.6 shows the
obtained speed-ups.

The obtained results show that speed-ups are not growing linearly, and
so, the efficiency of the execution is very low when the number of processors
is high. For the system with 1365 atoms, it is not worth to use more than
2-4 K processors, and for the system with 180 atoms that maximum value is
512. For these maximum values the last efficiencies are below the 40% and
suggest us a limit. If a deeper parallelization must be achieved, we need to
study why the system do not scale linearly or, at least, more efficiently. We
have to find issues and get more detailed information.

Parallelization strategies

But, before going forward, we have to find the best parallelization strategy.
So, we have made tests tuning the available parallelization levels; domain
and states parallelizations are the alternatives that we can work with. The
options that we have tried are:� Parallelization over domain. The grid is split into all nodes.� Automatic parallelization over domain + over states. We let the code

decide the number of nodes used for each kind of split.

1Elapsed time: is the global execution time of a function, including all the function
calls inside it.
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Figure 3.5: TD iteration execution time. Two systems are shown (180 and 1365 atoms) and
two machines (Corvo and Jugene). The used labels indicate: (a) Corvo, as it has 8 cores
per node, we can either use 1 processor (8 cores) for each MPI process (and use 8 cores
for OpenMP parallelization) or we can use a core for each MPI process. (b) Optimized:
each processor is using 22 states. A deep argumentation of this option is shown below.
(c) No -g: as Octopus is continuously developing, we usually compile with the -g debug
flag. In this case the debug flag is disabled. (d) Domain: domain parallelization is used.
(e) Domain + states: domain and states parallelization is used.� Manually optimized parallelization over domain + over states. We

have done some tests to decide the best number of nodes for each
parallelization.

We have obtained the best results (less time for the execution of an iter-
ation) manually tuning the nodes for parallelization and doing domain and
states parallelization (figure 3.7).

We get the best result when we split the grid in such a way that we let
each processor run 22 states. Figure 3.7 shows that the best way to split can
be either 8|64 or 16|32 (processor for domains|processor for states). But, as
we know from previous tests, the ideal split used to be around 10 states per
node and the most efficient nearest value in this case is 22 states per node,
we have decided to use the 8|64 partition. When we increase the number of
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Figure 3.6: TD iteration speed-up in Jugene. Two systems are shown (180 and 1365
atoms). The speed-ups are normalized to 4 in the 180 atoms system and to 512 in the
1365 atoms system.

nodes we will keep the number of states per node fixed (in this case, 22).

Poisson solver

In order to do a more detailed analysis, we have used the profiling infrastruc-
ture of the Octopus code. In this way, we have been able to see the execution
times of each function. As we are running in a big amount of processors, an
equivalent number of files are generated. These files have been processed to
obtain the adequate information. With these data we have generated the
figure 3.8 and for that we have selected two kind of functions: those that
need a big amount of time, and those that have a big variance.

Viewing figure 3.8 we have realized that almost all the functions scale ef-
ficiently, but one of them, the Poisson solver function, shows an “anomalous”
behaviour. This function solves a Poisson equation that needs to work with
“global” data. Previous to the calculus, the data distributed among the pro-
cessors must be collected in a node (executing an MPI function: ALLGATHER,
all the other calls are shown in the figure 3.9). In this function the Poisson
equation is solved using a Fast Fourier Transform (FFT) method. Since this
function is solved with FFT, two MPI ALLTOALL have to be done [16]. After
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have approximately 1800 states that have to be divided with the second number of the
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collecting all data (MPI ALLGATHER), at the end of the function, the results
have to be distributed again to all the nodes (an MPI SCATTER is needed
for that).

All those MPI calls involve all the computing nodes solving the equation,
so we could suggest that, in principle, the scaling could not be good. Because
the number of nodes is increasing, although each node have less computation
to do, the communication time will increase (figure 2.3).

A deeper analysis shows us that the Poisson function accounts only for
a little percentage of the execution time of an iteration when few processors
are used. But, when a huge number of processor is used, it come up until
the 50% of the iteration time (figure 3.10 shows this evolution).
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Figure 3.9: MPI calls inside the Poisson subroutine.

3.4 Memory and execution time constraints

Octopus is a complex piece of software, with a lot of interrelated functions
that need to be carefully tuned if good parallel efficiency must be reached.
Of course, the behaviour of the parallel version of these functions can change
with the number of nodes. Besides the mentioned problems in the tests, it
is important to mention the limitations we have had with the memory and
execution times.

3.4.1 Memory limitations

RAM memory of current processors ranges from 1GB up to 32 GB; therefore,
a parallel supercomputer offers us a great amount of total memory, usually
lots of terabytes. Despite this huge amount of RAM memory, some applica-
tions can be limited by the memory of a individual node. This is the case
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Figure 3.10: Poisson function execution time as a percentage of the iteration execution
time.

of Octopus, where the data structures representing an atomic system must
be loaded in every node. In fact, as memory per node in Jugene is not very
high (2 GB), we have been not able to simulate the biggest atomic system
that we had.

Although the atomic system simulation could fit in memory, we found
problems to converge the system, i.e. to get the real GS. After we have done
the GS tests we have to converge the atomic system to begin with the TD
tests. These simulations until convergence were not as we expected, and we
had to customize input variables to get a real GS.

3.4.2 Execution times

The time spent executing the different tests has been huge (much more than
1,500,000 core hours), and we have already mentioned the two main reasons:
problems to fit systems in memory (we have had execution allocation errors)
and the difficulties to converge the GS in the firsts attempts. For those
reasons, we have used a lot of computational time and we had reached the
limit in assigned hours in Jugene supercomputer. Appendix I.a shows an
analysis of the consumed execution times. Therefore, to be able to finish these
preliminary tests, we must ask the manager of Jugene for more computing
time. The new proposal was accepted.
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3.5 Further works

The results of the tests we have executed in different computers and with
different system sizes show that if high speed-ups —in the range 10,000-
100,000— are to be obtained, we must improve the efficiency of the Poisson
solver. We can try several ways to obtain this objective. The very first
approach, but not the better one, is to limit the number of nodes we use to
solve the Poisson equation, so bounding the execution time of this part of
the code. This strategy can offer a solution for moderate size computes, but
will fail with the highest ones (Amdahl’s law [5]).

To obtain better performance, we have to change the algorithm that solves
the Poisson equation. There are several approaches. First, we could use the
Fast Multipole Method (FMM) [19].This method consists in splitting the grid
in different sub-grids. In this manner, the closest point calculations are done
exhaustively, and approximations are used for further points. Applying this
method we can save a lot of computation.

P

E1 Corr. E2

1
st

 TD iteration 2
nd

 TD iteration

time

3
rd

 TD iteration

P

E1 Corr. E2 P

E1 Corr. E2

Figure 3.11: Approximated propagator for the Poisson solver. Each TD iteration has
one Poisson solver (P box in the figure) and two exponential (E1 and E2). As the first
exponential depends on the Poisson solver and is calculated at the same time as the Poisson
solver, a correction has to be applied later (Corr.). In this way, we overlap the executions
of P and E1.

Another common solution is trying to pipeline different functions. We
have realized that we can continue with some calculations without attend-
ing the final results of the Poisson solver, making an approximation at the
beginning and applying a correction later.
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In fact, a TD iteration consists in applying (1) the Poisson solver, plus two
exponential functions: (2) exp

(

− i∆t

2
H(t + ∆t)

)

and (3) exp
(

− i∆t

2
H(t)

)

.
In principle, these functions have to be done sequentially. But, there is a
way that we can shift to the beginning the (2) exponential and calculate
it together with the (1) Poisson solver, using an approximation. After (1)
and (2) are calculated, a correction has to apply to the result of the (2)
exponential, before calculating the (3) exponential. This correction is not
very heavy computationally, so overlapping the two executions, (1) and (2),
we can perform faster.
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Chapter 4

Conclusions

We will summarize here the conclusions we have obtained doing this project.

The main objective of this master thesis was the analysis of the efficiency
of the parallel version of Octopus code, that simulates physics of atomic sys-
tems. The test we have done help us to identify the bottlenecks that prevents
the code scale efficiently with the number of processor beyond 512-1024. Our
final objective is to pass the barrier of the petaflops in a future, so this anal-
ysis is a first step towards this objective. Octopus is parallelized over domain
(split of the grid) and states (split of atomic orbitals); such parallelizations
are made mainly using MPI and with the help of some OpenMP pragmas at
certain points.

We have checked the scaling of the program varying the number of pro-
cessors and we have used three supercomputers (Jugene, MareNostrum and
VARGAS at IDRIS) and a cluster (Corvo) to do our calculations.

All the Octopus executions have an initialization part and iterative part
(figure 3.2); we have focused our analysis in the iterative part of the execu-
tions. Three types of experiments have been done:

1. GS tests: tests to measure the times needed to obtain the ground state
of an atomic system, in order to tune the most adequate number of
processors to do the real GS calculation. The scalability of these tests
was poor. In any case, we have obtained moderate speed-ups, so we
could use around 256-512 nodes efficiently to do such calculations.

2. Real GS: is an execution until convergence of the atomic system to
start with TD simulations. It has to be done only once and with the
best number of processors, as mentioned above. We have used more
computer time than the ideal, because of problems with the lack of
memory and with the convergence of the system.
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3. TD tests: tests to measure the execution times of the time dependent
iterations (average of 10 iterations), the most important one for the
project and from the physical point of view.

In the TD tests the showed scalability was high until 2-4 K of nodes
(figure 3.6), but with more nodes the efficiency was poor (less than 40%).
As we want to go further, we have to identify the problems. Using profiling
techniques, we have analysed the code. We found bottlenecks of not going
further and we conclude that we have to improve the Poisson solver function.
That solver accounts for a little percentage of the total execution time when
using few nodes, but in 8 K nodes is the half of the iteration execution time
(figure 3.10).

Although the tests show that Octopus code is already good in parallel, it
has some problems that do not allow to go further. We have identified that
problems and we have started solving them. We have to go one step ahead
and try new algorithms to overcome the scalability problems.

We have solutions in mind that we will implement in the following months,
like, for example, using the Fast Multipole Method or overlapping execution
and communications of the solver.

4.1 Professional conclusions

This project is the starting point of a collaboration between two research
groups. It is also the beginning of my doctoral thesis. It has been a good
chance to introduce myself in the scientific world and know interesting people
in physics and computer science.

4.2 Personal conclusions

It has been exciting to collaborate and work with smart people. I have
learned a lot, as for example, I learned how to use HPC resources; applying
for an user account, login, using queue systems, submitting jobs, compiling
in HPC (even cross compiling)... I have also being managing the cluster of
the Nano-bio Spectroscopy group, Corvo, and this gives me both points of
view of HPC: user and manager.



Appendix I

Executions

I.a Execution times

We have done lots of tests to measure different parameters. Those tests
involve huge execution times. Also, we have found some problems that in-
creased significantly the total amount of computing hours. As the supercom-
puters are limited infrastructures, every user has a limited quota of usage,
determined by the project that he or she has supplied. We are using a test
account in Jugene supercomputer, and next table summarizes the core hours
we have used:

GS test Real GS TD test
No. of atoms No. exec. Hours Core hour No. exec. Time Hours No. exec. Hours Core hour

180 13 0.87 1,122.42 1 0.15 38.47 26 2.53 24,768.82
441 10 1.52 1,831.08 - - - - - -
650 6 1.87 2,753.24 - - - - - -
1365 2 2.79 8,696.60 11 19.84 376,177.78 17 10.21 54,914.84
2676 - - - 2 11.43 374,538.24 - - -
5879 - - - 9 11.71 563,163.59 - - -

Sum 31 7.03 14,403.34 23 43.13 1,313,918.08 43 12.74 79,683.66

Total sum 1,408,005.08 core hours

Table I.1: Summary of the execution times (GS tests, real GS calculations attempts, and
TD tests) in Jugene.

In the table I.1 we can see that almost all the time has been spent trying
to obtain the real GS. We needed to tune some input parameters, and this
required a considerable amount of computational time; finally, we could con-
verge the system of 1365 atoms. But, unfortunately, we could not manage
to run simulations of bigger systems, so we could not carry out the corre-
sponding TD tests. In fact, to obtain the ground state solution currently we
need to allocate more data than what can fit in the nodes memory, so all the
executions for big systems broke. Several efforts have been done to overcome
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this problem by adjusting the input parameters and optimizing memory us-
age in the code, that implied using large quantities of time for tests, but the
problem is still not completely solved.

In total, we have used more than 1,408,000 core hours, or, what is the
same, we have used the whole machine for almost 5 hours, or we have used
one processor (4 cores) for 40 years.

I.b Number of executions

A great amount of experiment have been carried-out, as we have got many
different variables to prove: we used three machines (Jugene, MareNostrum
and Corvo), six atomic system sizes (180, 441, 650, 1365, 2676 and 5879)
and three different calculation modes (GS tests, real GS and TD tests). We
have also two parallelization levels (domain and states) that have to be tuned
properly, in addition to other physical input variables. So, at the end, this
creates large number of possibilities that we have to try. The next figure
I.1 is an example of some of executions of each type. In the figure can be
seen the order of execution times depending on the number of nodes and the
atomic system size. Have to be taken in account that each of shown test has
to be done more than once.

00:00:00

00:14:24

00:28:48

00:43:12

00:57:36

01:12:00

01:26:24

01:40:48

01:55:12

1 2 4 8 16 32 64 128 256 512 1024

Jugene 180

Jugene 441

Jugene 650

Jugene 1365

MareNostrum 180

MareNostrum 441

MareNostrum 650 

Corvo 180

Figure I.1: Test GS overall execution time. Four systems are shown (180, 441, 650 and
1365 atoms) and three machines (Corvo, MareNostrum and Jugene).
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