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ABSTRACT

Scientific computing applications demand ever-iasieg performance while traditional microprocessor
architectures face limits. Recent technologicalaades have led to a number of emerging computing
platforms that provide one or more of the followimxger their predecessors: increased energy eftigien
programmability/flexibility, different granulariteeof parallelism, and higher numerical precisioppsrt.
This dissertation explores emerging platforms suah reconfigurable computing using field-
programmable gate arrays (FPGAs), and graphicsepsotg units (GPUs) for quantum Monte Carlo
(QMCQC), a simulation method widely used in physiogl @hysical chemistry. This dissertation makes the
following significant contributions to computatidnscience. First, we develop an open-source user-
friendly hardware-accelerated simulation framewading reconfigurable computing. This framework
demonstrates a significant performance improverogat the optimized software implementation on the
Cray XD1 high performance reconfigurable comput{rfPRC) platform. We use novel techniques to
approximate the kernel functions, pipelining stg&e, and a customized fixed-point representatian t
guarantees the accuracy required for our simulat@atond, we exploit the enormous amount of data
parallelism on GPUs to accelerate the computatipiratensive functions of the QMC application using
NVIDIA’s Compute Unified Device Architecture (CUDAparadigm. We experiment with single-,
double- and mixed- precisions for the CUDA impleta¢ion. Finally, we present analytical performance
models to help validate, predict, and charactetiiee application performance on these architectures.
Together, this work that combines novel algoritharsd emerging architectures, along with the
performance models, will serve as a starting p&intinvestigating related scientific applicationa o

present and future heterogeneous architectures.
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1. | NTRODUCTION

1.1. Motivation

The Cornell Theory Center defines Computationaéi8e as "a field that concentrates on the effectiv
use of computer software, hardware, and mathemiatisslve real problems. It is a term used whes it
desirable to distinguish the more pragmatic aspgfat®mputing from (1) computer science, which ofte
deals with the more theoretical aspects of comgutmd from (2) computing engineering, which deals
primarily with the design and construction of corgra themselves. Computational science is often
thought of as thehird leg of sciencealong with experimental and theoretical sciencq" A recent
National Science Foundation report from a teameaiding researchersinternational Assessment of
Simulation-Based Engineering and Scieheenphasizes the need for computer simulationraadeling

to advance science and engineering research [23. fEport also underlines the need to exploit new

computer architectures, and improve the capakiltteuse them before they become ubiquitous [2].

Many applications within science and engineering enaracterized by rising performance demands.
Current high performance computing (HPC) systemse l@rovided the computing power required by
scientific applications. These systems, such agrsomputers or cluster-based systems, consist of a
collection of processors or processing nodes cdadawer a suitable interconnect and work colledyiv

to solve a scientific problem that typically invebrlarge volumes of data and complex calculatibifsC
systems from vendors like Cray and IBM facilitedegle-scale simulations and high-end computations [3

4]. The Cray XT5 codenamed “Jaguar” installed &t Qalge National Laboratory [5] is a 1.059 petaflop
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(sustained performance) supercomputer [6] that aomeddress challenging problems in areas such as
climate modeling, materials science, fusion and lmostion. A supercomputer from the Los Alamos
National Laboratory, nicknamed “Roadrunner”, isydiiid architecture combining AMD Opterons with
IBM Cell processors, providing a sustained perforogaof 1.105 petaflops [4]. At the time of this
writing, it is also the world’s fastest superconguf6]. This supercomputer is intended for nuclear
materials, scientific, and financial simulations. @ray XT5 supercomputer, called “Kraken” from
University of Tennessee’s National Institute fornGputational Science (NICS) [7], is now the world’s

sixth fastest supercomputer with a sustained pmdace of 463.3 teraflops [6].

Architectures such as multi-core processors, regordgble computing using field-programmable gate
arrays, graphics processors, and Cell processaes dimerged as alternatives for scientific computing
Next generation supercomputers are likely to beemafdone or more of these emerging technologies.
Reconfigurable computing [8], graphics processingsu(GPUSs) [9, 10] and the Cell broadband engine
(BE) [11] can provide a boost in performance aratlpctivity for high performance computing. Graphics
processors and the Cell processor, originally dges for the gaming market, have also been tardeted
applications such as bioinformatics [12], the SAWhterman algorithm [13], and molecular modeling
[14]. We provide an overview of these emerging #ectures in the landscape of high performance

computing.

Multi-core Processors The performance gains in traditional microprooess(single-core) from
increasing the clock frequency have greatly dinmed due to the memory wall and power wall
limitations. Cache memories mitigated the effedtsh@ memory wall or the widening gap between
processor speed and memory latencies, while omtiorzs such as pipelining, superscalar, and out-of-
order execution exploited the available instruclevel parallelism (ILP) [15] . The power wall atite

increased heat dissipation make it more difficaltdiesign processors with increased clock rates. The



increased design complexity, power dissipation tred demand for increased thread-level parallelism
(TLP) led to a paradigm shift - the developmentrfiti- and many-core processors, which replicage th
processor cores with reduced clock rates, provittiogeased parallelism and performance in an energy
efficient manner. Multi-core processors combine t@romore cores in a single package. Multi-core
technology provided by chipmakers like AMD and Inie mainstream in today's desktops and high
performance systems. A challenge while using tipestforms is designing software applications teta
advantage of the compute power from additional diking into account the speed and memory-access

capabilities of the cores.

Reconfigurable Computing (RC):RC is the combination of reconfigurable logic angeaeral-purpose
microprocessor (GPP). Reconfigurable logic devimesh as field-programmable gate arrays (FPGAS)
contain a number of logic blocks that can be camég to implement the required logic functions by
connecting them using programmable routing reseurd@ke processor performs operations such as
control and memory accesses that cannot be doneenffy using reconfigurable logic and the
computational cores are mapped onto the FPGA RAB{5As operate at much lower clock speeds (often
100-200 MHz) and do not have the same amount dfdissipation problems faced by microprocessors
(operating at GHz). The tasks of FPGA programmiognmonly done using hardware description
languages and physical routing of the circuit aduaus, requiring a great deal of time and effout,
with careful design, optimization, and resourcegesaFPGAs have the potential to yield excellent
performance. In particular, applications usinggeteor logic operations such as digital signal pssing,
cryptography, and DNA sequencing are extremeheduibr FPGA implementation. The advent of higher
density FPGAs [17] with embedded multipliers hasahade the much-needed floating-point arithmetic
in scientific applications feasible on these dewif8]. FPGAs have been widely used in application

such as cryptography [19] and signal processing. [EBl] provides a survey on reconfigurable



architectures and a discussion of their represeatapplications including signal and image prooegss

bioinformatics, and supercomputing.

High performance reconfigurable computing (HPRClen® to the combination of traditional HPC
systems with RC elements to provide increased padonce and flexibility. HPRC systems consist of a
number of computing nodes connected using somecoriaection network with some or all nodes
equipped with one or more reconfigurable logic edata. This allows users to exploit thelygranular
parallelism by allowing users to exploit the fineiged parallelism offered by reconfigurable conmugit

in addition to the parallelism that is normally estable using parallel computing.

Graphics Processing Units (GPUs)GPUshave evolved from fixed-function pipelines to pragpmable
pipelines making them useful for applications ottlean 3D graphics rendering. The GPUs with their
parallel single-instruction multiple-data (SIMD) gaessing units and tremendous on-chip memory
bandwidth provide vast amounts of computational groor scientific applications. Along with the
increase in performance, the ease of programmgabilth languages that provide a non-graphics API fo
general-purpose computing has made them an atagilatform for computationally intensive
applications. [22] surveys a broad range of appbtoa that have utilized graphics hardware for gale

purpose computation.

Cell Processor: The Sony-Toshiba-IBM (STI) Cell Processor is aehmgeneous multi-core system
originally developed for the Sony Playstation 3 gatonsole. It consists of one 64-bit Power Proogssi
Element (PPE), which is the control unit of the IG&iocessor. The real processing power of the Cell
comes from the eight Synergistic Processing ElesPES) which are floating-point vector processors

[11] and suited for data-intensive media or scfenéipplications.



Previous research has focused on acceleratingtificie@pplications by outsourcing the computatidyal
intensive kernels to accelerators like GPUs or FR@EA, 23], while the original application runs the
compute node. We can see from previous work these emerging platforms used independently
demonstrate promising results over the optimized) GRplementations for science and engineering

applications [24, 25].

1.2. Problem

This dissertation explores emerging architecturesush as field-programmable gate arrays and
graphics processing units for accelerating a widelyused simulation technique in physics and
physical chemistry called the Quantum Monte Carlo rethod (QMC). This work investigates using
emerging architectures to provide cost-effective siulation capabilities as well as constructing
performance models to better understand how to beghap the application to present and future

computing platforms.

The QMC simulation method [26, 27], is compute khufhis method involves sampling a number of
configurations of particles and averaging the pridge over a large number of iterations. With irased
computational resources, one can simulate a lglggsical system for a longer time. Simulating for a
longer time, i.e., repeating the simulation foeayer number of iterations, gives us good estimatteise
properties. Simulating a larger physical systeravedl us to study the interactions among a large eumb
of particles under different environments, assuamgietc., which is not feasible in actual experitaen

studies.

1.3.  Approach

Quantum Monte Carlo simulation methods are usedisnwork to obtain the ground-state propertiea of
cluster of atoms. The application is implemented FIRGA and GPU platforms (as coprocessor
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accelerators) by identifying computationally inteeskernels that are suitable for mapping onto ¢hes
platforms, depending on the complexity of the ké&sneequired numerical precision, and resources
available (e.g., number of processing elementdipgscores, on-chip/device memory, logic resources
We also develop detailed analytical performance et®otb understand the best ways of mapping the
QMC application onto these platforms and validéie thodel using empirical results. The results from
targeting the individual computing platforms and therformance models will help us predict the
performance on next-generation heterogeneous archgbmputing platforms. Our definition of a hybrid
computing platform is in alignment with that in [2&hich denotes an architecturally diverse system,
implying a disparate set of computing enginesgiample, a dual-node system where node 1 congists o
a processor (single or multi-core) with a plug-lRGA device and node 2 consists of a processorl¢sing
or multi-core) with a plug-in GPU device. This digmtion will provide practical experience and
mathematically-based modeling insight into the pt# for deploying hybrid computing platforms for

next-generation scientific computing applications.

1.4. Contributions

This dissertation explores the use of emergingitaciures such as field-programmable gate arrags an
graphics processing units to accelerate a Quantomé/Carlo application. We develop novel algorithms
and architectures to accelerate the computatiomatignsive kernels of the application. Along witlet

architectural implementations, we also developital performance models for the CPU, FPGA, and

GPU implementations.

This dissertation has the following contributions:

» This is the first work to explore reconfigurablengauting architectures for Quantum Monte

Carlo simulations. Our work provides a significapeedup over the CPU implementation.



1.5

A novel parallel and pipelined FPGA architecture developed that uses a fixed-point
representation for all calculations, providing spesnd area efficiency without any loss of

accuracy.

A general-purpose user-friendly generic simulafiamework is developed for Quantum Monte
Carlo simulations. This framework gives the capgbtb simulate a variety of atomic clusters,
and also the capability to change the kernel fonstidepending on the atoms involved in the

simulation.

This is the first work to explore graphics procegsinits for Quantum Monte Carlo simulations
to study the ground-state properties of atomictelgs This work explores different numerical
precisions (single-, double-, and a combinatiosinflle- and double- precision) to investigate the

implementation that provides the best performanitieowt any compromise in accuracy.

This work develops accurate performance modelthQMC simulation on FPGAs and extends

performance models in previous research work téoeemew reconfigurable computing systems.

Outline of the Document

The rest of this dissertation is organized as tiewing chapters.

Chapter 2 provides an overview of the MD and QM@uwation methods. A survey of the hardware and

software development environments for FPGAs and $SBUpresented. Next, we discuss the related

research efforts that have utilized current HPGesys, special-purpose processors, FPGAs and GRUs fo

MC in general, and for MD and QMC simulations. Hiyawe present related work in the area of

performance evaluation of HPC and HPRC systems.



Chapter 3outlines the CPU implementation of the QMC applarat We discuss the serial and parallel

software implementations of the QMC algorithm.

Chapter 4 presents the details of the pipelinednégurable architecture for QMC simulations. We
discuss the rationale for our design choices ferwvarious building blocks of the architecture. Wepa
provide an overview of our target platform, the YCkD1 high performance reconfigurable computer and

discuss the implementation details of the hardwaoelerated QMC application on the Cray XD1.

Chapter 5 presents the GPU implementation of the CQBImulation. We present our naive
implementation of the kernels of the QMC applicatan the target NVIDIA GPU using the Compute
Unified Device Architecture (CUDA) programming eromment. Following this, we discuss
optimization strategies to further accelerate tidQapplication. We also present an overview of the

NVIDIA GPU architecture and the CUDA environment.

In Chapter 6, we compare and discuss the resuteésnalol while targeting the QMC application on the

CPU, reconfigurable computing, and GPU platformse WAlso present the results from the parallel

implementations on the CPU, FPGA, and GPU platforms

Chapter 7 presents the details of the analyticHbpaance models for the individual CPU, FPGA and

GPU platforms.

In Chapter 8, we provide concluding remarks andatiions for future research.



2. BACKGROUND AND RELATED WORK

In this chapter, we provide an overview of the tmidely used simulation methods in chemistry, namely
Molecular Dynamics and Quantum Monte Carlo. Weusdn detail the Quantum Monte Carlo method,
which is the focus of this dissertation. We alsespgnt the details of the model chemical systemishat
used for our simulations. We discuss the statdefart FPGA and GPU platforms and the development
environments available in these platforms. We thiéin survey previous work related to this dissiemat
both in the area of architectures to acceleratestimilations as well as existing software simulatio

packages. Finally, we introduce prior researcthéndarea of analytical performance modeling.

2.1. Computer Simulations

Computer simulations are indispensable tools tainbsolutions for problems which are otherwise
intractable or can only be solved using approxinmagthods. Simulation methods serve as a bridge
between the underlying model and theoretical ptexiis or between the model and results from real
experiments [29]. These methods are used to obi@nmacroscopic properties of interest using the
microscopic details of a system of atoms or moke(29]. They can be used to accurately calculae t
structural and thermodynamic properties by rephcatthe macroscopic system with manageable
numbers of atoms or molecules. They aid in probimgde range of length scales (size of the systerd)
time scales (length of time) to study many processel phenomena that span multiple length and time
scales. Two flavors of simulation methods commoused in physics and physical chemistry are

Molecular Dynamics (MD) and Quantum Monte Carlo (MClassical MD is a deterministic approach
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that simulates the time evolution of a system dfiglas, given the initial positions and velocitiesthe
particles in the system and provides us the adtapdctory of the system. This method uses Newton’'s
laws of motion to generate the successive configuma for theN-body system. MC is a stochastic
approach that explores the configuration spacesysgem of particles and relies on high qualitydan
number generators and a Markov process to gendrateonfigurations. There are a number of hybrid
techniques that combine the two methods, using e@aethod for the most appropriate part of the
simulation or using a simulation algorithm thateafiates between MD and MC [30]. We provide an
overview of the two methods describing the MC mdtho a sufficient detail as it is applied in this

research to study quantum clusters.

2.2. Molecular Dynamics Method

Classical Molecular Dynamics is a deterministic moet that is used to simulate the time evolutiom of
chemical or biomolecular system using Newtonian heis, given the initial properties of the system
[31]. The chemical system could consist of a pro&d its surrounding environment such as a salvent
nucleic acids, or drug molecules. These simulatieqsiire millions of timesteps to simulate everew f
nanoseconds and span a wide range of length aedstales (100,000 — 1,000,000 atoms and 100 ns for
biomolecular systems) depending on the system bsimglated. Each timestep of the MD simulation
consists of two phases: (a) force computation dBhdh(egration. We alternate between the two phases
each timestep and repeat for a number of discrekesteps, each representing a few femtoseconds of
simulated time. In the force computation phase,ftinee on each particle due to the interaction$ wit
other particles in computed. The forces computdderfirst phase are used to update the atomitipasi

and velocities in the integration phase using Mestesimilar algorithms [31]. For simulation purgss

the atoms can be assumed to be within a box ontioer. However, when the simulation is confined

within a box with rigid boundaries, the atoms a#liwith the walls of the box, leaving very few mobe
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atoms. To create a simulation region that is bodrmle free from walls, periodic boundary conditi@me

used to simulate an infinite sea of neighbors [31].

The contributions to forces in an MD simulation @ifnom bonded and non-bonded interactions. The
bonded forces are due to the covalent bonds athadmdond stretch, angle, and dihedral torsion.dgan
terms involve two to four nearby atoms and heneecimputational complexity of bonded force©(#)

in the number of particles. Non-bonded interactioften include the Lennard-Jones (van der Waald) an
Coulombic interactions, which occur between eveiy pf particles in the system and the computationa
complexity of the non-bonded forces isN)(in the number of particles. A number of methodsenbeen
proposed to reduce the complexity of the non-borfdeck calculations t@(N) or O(NlogN). For the
rapidly converging Lennard-Jones force, a distanteoff method reduces the computational complexity
to O(N). This method approximates the force to zero fatiples separated by more than some cut-off
distance. However, using the cut-off method for gleevly converging Coulombic force results in aslos
of accuracy. A common approach is to split the Galdic force into the rapidly decaying short-range
and slowly decaying long-range interactions. Thertstange Coulombic interactions are approximated
using the distance cut-off method like the rangadtéd Lennard-Jones force. Methods such as Multi-
level Summation [32], Particle Mesh Ewald [33] dahe Multigrid Method [34] have been developed to

accelerate the long-range Coulombic interactions.

2.3. Monte Carlo Method

Monte Carlo methods were first developed by Methgpand Ulam in 1949 [35]. Monte Carlo methods
are used to solve problems that are too difficuiédlve analytically or using other numerical taghmes.

In essence, this method works on a set of datacamghutes an estimated value of a propfotya large
number of iterations. As the number of iteratioessgarge, the estimate converges to the actuakval
These methods rely on a large number of high-quadindom numbers to obtain an estimate of the
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property with long run times and hence are idealdmates for hardware acceleration or porting to

parallel computers.

There are three types of Monte Carlo methods (i¢&@iMonte Carlanethod (ii) Monte Carlo integration
and (iii) Metropolis Monte Carlo [36]. In the DireMonte Carlo method, random numbers are used to
model processes, for example random processesologgcor economics. In Monte Carlo integration
multi-dimensional integrals are obtained using mamchumbers. Metropolis Monte Carlo allows us to
study the properties of quantum many particle systerhis method is a sophisticated version of Monte
Carlo integration in which random walks are useddtve problems in high dimensional spaces. We
describe the Quantum Monte Carlo method, a Metispdionte Carlo method that is used in our

implementation.

2.3.1. Quantum Monte Carlo Method

Quantum Monte Carlo (QMC) methods [26, 37], hawvedbility to accurately treat many-body quantum
mechanical systems to obtain the ground-state prepef clusters of atoms or molecules. This métho
provides a practical and efficient way of solvirtie tmany-body Schrddinger equation of quantum
mechanics [38]. The fundamental equation in quantugchanics is the Schrdodinger equation given by
Equations 2.1, 2.2, and 2.3. Equation 2.2 gives dhe-dimensional time-independent Schrodinger
equation for a chargeless particle of massoving in a potential/(x). The analogous three-dimensional
time-independent equation is given by Equation 3dving this equation is trivial for small systerbsit

as the dimensions of the system increase, it ipasiple to solve the equation analytically.

Hy = Ey 2.1)

_h? dAp(n)
2m  gx?

V(W) = EY(x) 2.2)
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2
{—h—mz +V(r>}w(r) = Eg(r) 2.3)

2m

In the above equations] is the Hamiltonian operatoli represents the energy of the systamis the

wave function,z is the Planck’s constant divided l2y, and 0?is the Laplace operator.

Two flavors of QMC methods are Variational MonteldgVMC) and Diffusion Monte Carlo (DMC). In
VMC, we use random walks to calculate the multi-elrsional integrals of expectation values, such as
the total energy. In the DMC method, we start veitidistribution of walkers, which consist of a fanit
number of atoms. These walkers are propagated ghrtime and created or destroyed each iteration
using a birth-death process. To control the totgutation of the system, the internal referencegnis
constantly adjusted. After a large number of iiers, the energy of the system converges to thee tru

energy of the system.

VMC applies the variational method to approximdie ground state of the system. This method employs
a set of adjustable parameters to yield a trial evéamction ¢, (x) that, when optimized, best
approximates the exact wave function. It has theathge of being simple and easy to implement. ,Also
it is relatively insensitive to the size of the tgys, and hence can be applied to large systemsevgoene

other methods are computationally infeasible. Faglirl shows the Variational Monte Carlo algorithm,

which is used in this work.
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Step 1:Select a reference configuratioR(x y, 2 at random.

REPEAT (for I iterations — equilibration and steady-state)
REPEAT (for all configurations)
Step 2:Obtain a new configuratiol®' by adding a small random displacement to all the
particles in the above configuration.
Step 3:Compute the ground-state properties (e.g., enargye function) of the particles in the
current configurationi?'.
Step 4:Accept or reject the present configuration ushegyratio of the wave function values,

¢ (R)[

Y (R)

If p=1, R'is accepted.

If p<1,if p<rand() R'is rejected anR and its properties are retained.

UNTIL finished (for all configurations)
UNTIL finished (for all iterations)

p:

Figure 2.1: Variational Monte Carlo algorithm

Step 1 of the algorithm consists of choosingfarence configuratigrR, for the system of particles using
a Cartesian co-ordinate system. We move all thdicfes in this configuration to yield a new
configuration, called groposed configurationR’ in step 2. This is done by adding a small uniform

displacement to the particle positions in the agunfation. In step 3, we compute the propertiesttier
particles in this configuration. We perform theldaling O(N?) calculations: distance calculation
between pairs of particles, pair-wise potential rgme and trial wave function calculations. After
obtaining the wave function, we also compute itstfand second derivatives in order to compute the
kinetic energy. The energies are summed to yieddidtal energy for this configuration. To ensuratth

the configurations are asymptotically drawn frora siguare of the known trial wave functign(x) , we

accept or reject this configuration (and associgiexperties) by determining the rafoin step 4 As
shown in step 4 in Figure 2.1, we obtginsing the ratio of the values of the trial wavedtions. If the
value ofp is greater than or equal to 1, we accept the megha@onfiguration. Otherwise, we compare
with a uniformly distributed random number to decighether to accept or reject the configuratioh. |

the proposed configuration is accepted, we retaiprioperties; otherwise we keep the propertiethef
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reference configuration. Steps 2-4 are repeateitlagymptotic behavior is attained (typically rexg

thousands of iterations).

2.3.2. Model System

We apply the VMC method to investigate the quantauethanical ground states of a rare gas cluster
system consisting of helium atoms. The extremelgkeelium-helium interatomic interactions combined
with the small atomic mass make the helium clusteeskly bound and show interesting properties,
among which is their ability to attain a superfligthte. By far, the only methods that can accuyratel
model highly quantum clusters such as helium ctasdee the quantum Monte Carlo methods. They can
be applied to study pure as well as doped heliumstets. In this section, we provide the analytical
functions for the potential energy function andltivave function for a model system of helium atoms

that is used in this research. In VMC, we choot&a for the trial wave functiony, (x) , characterized

by a set of parameters and evaluate the energy biw&quation 2.4.

£ <(E)= [ar"" o(R) (2.4)

whereR is a 3-dimensional vector composed of particle co-ordinag, y, z). The trial wave function is
a parameterized function, whose parameters caratiedvto minimize the integral in Equation 2.4 and

<E> is an upper bound to the exact ground-state engfgyrhe integral is evaluated using the Monte

Carlo method, where we sample the particle postioom the probability density functiop(r), given

by Equation 2.5E is estimated using Equation 2.6. The probabilépsity function is sampled using the

Metropolis algorithm [35].

v (R)

M= T o (9 (2.5)
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<E>=ﬁZHwT(R) (2.6)

Potential Energy Calculation

The Hamiltonian for the atomic co-ordinates forNkatom cluster is given by Equation 2.7, whéjeis

the distance between two helium atomandj, and Df is the Laplacian of atom mis the atomic mass,

and 7 is Planck’s constant divided By .

-2 N )
H=" D 07 Vi (2.7)
i=1

While studying atomic clusters, the many-body pti&dris usually expressed as a summation of various

interaction terms as given in Equation 2.8.

Viow = 2 Vg * 2 Vigwt (2.8)

i<j i<j<k
In Equation 2.8V, | and Vi are the two- and three-body interaction termgaetvely. We will use a

two-body model for our simulations and hence themtal energyyV, . is approximated as a sum of the

otal

N (N-1)/2 pair contributions as shown in Equation 2.9.

N
Viotal = Zv(rij) (2.9)

i<j

A number of helium-helium potentials are availaliethe literature [39, 40] to accurately model the
helium-helium interatomic interactions. ThE-DB-He potential [39] andSAPT2-Hepotentials [40] are
employed in this study. THdFDB-He potential is given by Equations 2.10 and 2.11sTTi&ian accurate
and frequently employed potential for helium systeirhe functional form of thEAPT2-Hepotential is

given in Equation 2.12. The parameters used fosethgotentials are given in Tables 2.1 and 2.2,
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respectively. In Equation 2.12f(r)is a position-dependent retardation coefficientcdbed using

polynomials inr [40]. We plot theHFDB-He and SAPT2-Hepotentials as functions of the helium-

helium separation in Figure 2.2.

(2.10)
Viros = LAexp( ax +px )—F(X)Z 2:(:3J
where,
D 1 D
F(x) = exp[ (o/x- ﬂ x<D) (2.11)
1 (x=D)
In Equations 2.10 and 2.1%~=r/r
I B R 6
Voppry = A€ A7 11— k D (or) /k!Je "|Csf(r) /1 (2.12)
=0

‘ill [Z(Jr) /e Jf]c fr2n

n=4

Table 2.1: Parameters fBiFDB-He potential [39]

Parameter Value
A 1.883101e5
a 10.43329537
Co 1.36745214
Cq 0.42123807
Cio 0.17473318
B -2.27965105
1.4826
£ 7.609 cnt
M 5.599 3
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Table 2.2:

Parameters fBAPT2-Hepotential [40]

Parameter Value
A 6.56912828E,
a 1.88648251 hohfr
yij -6.20013490x18 bohr?
o 1.94861295 bhohr
Ce 1.4609778 a.u.
Ce 14.117855 a.u.
Cio 183.69125 a.u.
Ci, 3.265x10 a.u.
Cis 7.644x10 a.u.
Cis 2.275x10 a.u.
£ 7.68789 crit
o 5.60234 bohr
10 = T T
% SAPT2 He-He Potential
HFD8 He-He Potental
5 | :___
S ol
4 g e
ZS /«-ﬂ.-ﬂ,...-uw"’"“""""”
5L % /f,ﬂ 4
:“twm"ﬁ
0 4 5 [} T ;] g 10

He-He Separation (ag)

Figure 2.2: He-He potentials employed in this work

18



Wave Function Calculation

We provide the analytical function of the trial veavunction used in our QMC algorithm. We are
interested in the ground-state wave functions ofob@ systems. Wave functions with different
parameters are cited in the literature [41, 42]e Tdave function is the exponential of the two-body

interaction termT,(r) , which is a function of particle separations asvamin Equation 2.13.
Y(r)= exp[Tz(r)] (2.13)
We use the analytic form proposed in [41] fiorgiven by Equation 2.14.

Y=gy () (2.14)

where ¢ (r) and ¢, (r) denote the short- and long- range functions shomiBquations 2.15 and 2.16,

respectively. The wave function parameters are alinwable 2.3.

5
wy(r)=exp P(u)], u=r", P(u)= Z a, u (2.15)

k=0
W, (r)=rbexp[ar”} (2.16)

Taking the natural logarithm of both sides of thaver function in Equation 2.14 and using Equations

2.15 and 2.16 yields Equations 2.17 and 2.18, otispéy.
In[g(r) )= @) ]+In[¢,1)] (2.17)

In [(//(r)]= P(u) +binr +ar? (2.18)

Representing the left hand side of Equation 2.18Tly) and computing the exponential function of

T,(r) yields the wave functiony(r), given by Equation 2.13. We plot the He-He wawaction in

Figure 2.3.
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Table 2.3: Parameters for the trial wave functioreomic units) [41]

Parameter Value
a -0.01
b -0.85
a 0.545031
ay -1.30801
N -38.8646
a 310.061
a, -1370.01
a, 2484.45
as -3674.60
ﬂ'ﬂ'ﬂ'ﬁ T T T T T T T
e
0005 | — -
S 0004 4
=
T
2 oooaf -
3
&
T poo2f g
0001 | 4
3

0 5 10 15 20 25 a0 35 40
He-He Separation (ag)

Figure 2.3: He-He wave function
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The first and second derivatives, namely the gradied laplacian functions of the wave functign,

are used in the kinetic energy calculations andrmgin Equations 2.19 and 2.20.

d b 5 (2.19)
Oy = a[expTz(r)} = expTZ(r)[? +agrit- Z k.akuk”]
k=0

2 (2.20)
0%y = %[expTz(r)]

b - 3 k+ b - 2 k+
= expT,(r) —r—2+a(a'—1)a'r” z—kzz(:)k.aku 1}+D(/l[?+aar” 1—Z:k.aku !

k=0

2.4. Development Environment

In the following sections, we survey the RC platisrand graphics processing units for general-perpos
computing. These systems allow us to partition dpplications such that critical components can be
mapped onto hardware and the rest of the applicatedained in software providing significant

performance gains over an entirely software implaat#on running on a processor. We also discuss the

programming environments for the above platforms.

2.4.1. Reconfigurable Computing and Graphics Processors

Reconfigurable computing (RC) devices in the fofrfrield-Programmable Gate Arrays (FPGAS) consist
of an array of logic blocks configured to achievelesired functionality using a set of programmable
routing resources. As discussed in Chapter 1, Ipigiformance reconfigurable computing (HPRC)
systems, which incorporate RC elements into thepcimg nodes, provide a significant performance
advantage over software-only solutions. Present ASPGave increased gate densities, providing the

capability to use a floating-point or customizedegsion for the calculations, depending on the
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application requirements. A number of FPGA basddtiems are offered by vendors such as Coap{
[43] andXT5/XR1[44]), SRC ComputerdMAPstationg45]), SGI Reconfigurable Application Specific
Computing — RAS(46]), DRC ComputersReconfigurable Processor Unit — RAWT]), XtremeData
[48] and Nallatech [49]. These systems that colf&As with conventional microprocessors using
high-bandwidth and low latency interconnects, drimareasing interest to the computational sciesmug
engineering community. The RPU from DRC Computersquipped with FPGAs that directly fit in the
microprocessor sockets, and provide direct acaefiset memory at Hypertransport speed and latencies.
The product from Nallatech called the FSB FPGA bkraetor module [50] features Xilinx Virtex-5
generation FPGAs which interface directly into atel Xeon processor socket and the 64-bit frong sid
bus. The FPGA supercomputer project undertakermé&y-PGA High Performance Computing Alliance
(FHPCA) [51] at the University of Edinburgh hasuksd in Maxwell [52], a 64-FPGA supercomputer,

built from commodity parts and plug-in FPGA cards.

Hardware-description languages such as VHDL andogeare commonly used for FPGA programming.
However, with the significant learning curve of$hdanguages, there is a need for the scientist®ito
closely with hardware designers to develop acceldracientific codes. Another alternative is Viwa b
Starbridge systems [53], which is a graphical dpeented programming language that can be used to
create a design directly compiled to a FPGA coméijan by a non-VHDL expert. High-level languages
(HLLs) have been developed in an attempt to bréek Harrier of the tedious FPGA programming
process. Handel-C, a superset of ANSI-C can be tssedmpile high-level algorithms directly into gat
level hardware [54]. MitrionC is a HLL provided hMitrionics [55] and is a C-like programming
language that allows the development of massivatglfel programs for the Mitrion Virtual Processar,
massively parallel soft-core processor adaptedh&o implemented algorithm. The processor is then
instantiated on the FPGA. Nallatech’s DIME-C [48skd on a subset of ANSI-C is a parallelizing C-to-

VHDL compiler and integrated with Nallatech’s DIMBAIK tool which enables the user to create the
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FPGA hardware components and generate the bitsfazaime final FPGA design.

Graphics processors have been traditionally usedréiodering 3D graphics. The demand for more
realistic graphics rendering from applicationshie tnultibillion-dollar video game industry have leda
number of architectural innovations and improversentthe graphics hardware. The fixed pipelines on
GPUs are now replaced with programmable shadergselltapabilities extend the use of graphics
processors for a number of non-graphics genergdgs@ computing applications. Presently GPUs for
general-purpose computing are available from botHINA [9] and AMD/ATI [10]. A number of
research efforts where computationally intensivebfams have been mapped on GPUs, also known as
general-purpose GPU (GP-GPU) computing [22]. Pe&Us support IEEE compliant single- and
double- precision making them attractive for séfentomputing. The Intel Larrabee project [56] is
aimed at a GPU chip that will compete with the NVABGeForce and AMD/ATI Radeon video cards. It
is based on the x86 instruction set and intendeddaeral-purpose or stream processing tasks such a

ray tracing or physics processing.

Prior to the advent of general-purpose programranguages for GPU, GPU implementations used 3D-
rendering APIs such as OpenGL [57] and DirectX [38]th these languages, there is a need to pose
problems in terms of graphics primitives (texturteigngles) using 3D graphics API functions. Howeve
these APIs also hide architectural details that sagmificant while programming GPUs for general-
purpose computing applications. For example, grapbrivers make decisions such as where the data
resides in the memory and when it is copied [3=fforts from various vendors to create general-psep
languages without having to invoke graphics APlschhve led to languages such as Compute Unified
Device Architecture [60], Brook [61], Sh [62] antb isuccessor, RapidMind [63], and Microsoft's
Accelerator [64]. Through added driver and hardwsupport, the need to proceed through the entire

graphics pipeline (transformation of vertices, @aghtion) and the use of graphics API is avoided.

23



NVIDIA’s CUDA language provides extensions to C arsgs a Single Program Multiple Data (SPMD)
programming model with the concept of a computatignid consisting of many blocks with a number of
threads (currently up to 512) in each block. WithIA, the data to be processed by the GPU needs to b
copied from the host to the device memory. Oncedtita is resident on the GPU, the kernel on the GPU
is executed by all blocks in a SPMD fashion. Witkeiach block, the threads operate using a Single
Instruction Multiple Data (SIMD) model. AMD providdwo API's that use the streaming model: Brook+
and Compute Abstraction Layer (CAL). Brook+ is ghylevel stream computing language based on the
Brook project at Stanford University. Brook+ is dike programming language using kernels running on
the GPU in conjunction with the host side code temitin C. The GPU is viewed as a streaming
coprocessor which executes a kernel over all elesnainan input stream, and places the resultsanto
output stream [61]. CAL provides low-level accesshte GPU for development and performance tuning.
CAL also supports application development on m@liUs and multi-core processors [59]. With CAL,
the need for copying data from the host memorp#oldcal GPU memory is eliminated and the GPU can
directly read from or write to the host memory [SOpenCL is a cross-platform framework that allass

to write portable code for heterogeneous systertis avdiverse mix of multi-core CPUs, GPUs, and Cell

architectures [65].

2.5. Survey of Architectures for MD and QMC

A number of science and engineering applicationshsas computational fluid dynamics [66, 67],
molecular modeling [14, 68], and linear algebra, [89] have demonstrated significant performance
advantages using the afore-mentioned FPGA and GRBebplatforms. We present the related work for
the MD and MC simulation techniques covering thiofeing topics: architectures for MD and widely
used MD software packages, architectures for M@eineral, and for QMC, and popular QMC software

packages.
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2.5.1. Architectures and Software Packages for Molecular Pnamics

Molecular Dynamics is a widely used tool to studyemical and biomolecular systems, including
proteins, cell membranes, and DNA. Due to the enasrcomputational requirements, MD simulations
have been targeted to HPC systems. To acceleratéotbe calculations within MD, special-purpose
computers, reconfigurable computers, and GPU-bpkgfibrms have also been targeted. The Blue Gene
project was originally started to address the gremallenge problem of protein folding [71]. In [3he
authors use MD for simulating proteins, along vllne Matter, a software framework for scaling these
simulations on systems with thousands of nodes [A2addition to harnessing the computational power
from these massively parallel systems, specialgmegpnachines have been developed solely to speed up
the kernels of MD simulation. Special-purpose cotepsy such as GRAPE (Gravity Pipe) systems [73],
have been developed to accelerate gravitatibhbbdy and MD simulations. These special-purpose
engines are used for computationally intensive d@mgpe force calculations, such as gravitational,
Coulombic, and van der Waals forces. A number ofABR machines that have succeeded such as
GRAPE-2A [74] and MD-GRAPE [75] are designed for Mbnulations. The Protein Explorer with the
MDGRAPE-3 chip [74] is a petaflop special-purposemputer designed for non-bonded force
calculations in MD simulations with potential targgplications including drug design, protein asaly
and material sciences. The MDGRAPE-3 chip calcalétte non-bonded forces, such as Coulombic and
van der Waals forces, and the remaining calculatame performed on the host computer. Anton [76] is
yet another special-purpose massively parallel machbeing designed to overcome the timescale
limitations of systems like MD-GRAPE, providing tlwapability to execute millisecond-scale classical

MD simulations of biomolecular systems.

When we accelerate MD simulations using FPGA/GPLprozessors, we begin with an optimized,
preferably production-level MD code and port itgrigds to the co-processors. AMBER [77], NAMD

[78], CHARMM [79], LAAMPS [80], and GROMACS [81] ar some currently used software MD
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packages. FPGA and GPU architectures for MD hawd uSMBER, NAMD, or an experimental
software version as the baseline MD code. AMBERa ipackage of molecular simulation programs
written in Fortran that uses Message Passing berfMPI) on parallel processors [77]. NAMD is a
parallel MD code that is reported to scale to mdmpusands of processors. It has been developed by a
research group at the University of lllinois, Urba@hampaign, written using the Charm++ parallel

programming model, and designed for high-perforreasimulation of large biomolecular systems [82].

Research efforts have utilized FPGAs and GPUs for $fmulations. The most relevant work to our
research is described here. One reconfigurable Nfbulator maps all the MD tasks onto the
Transmogrifier 3 (TM3) FPGA platform that consistanultiple interconnected FPGAs [83]. A complete
simulation, including pair-wise interactions andsiiion updates, is implemented using VHDL on the
TM3 platform. The particle co-ordinates are store@RAM banks on the TM3. For every timestep, the
distance between a pair of particles is computeumed by the Lennard-Jones module to calculate the
force between a pair of particles. The forces apeiimulated by the acceleration update module. Gtad t
acceleration for the particle is used by the Veulelate module to update the positions and velafity
each patrticle. These calculations are repeatedllfparticle pairs and the process is repeatethfomext
timestep. The system simulates 8,192 particles ins8conds at 26 MHz and uses fixed-point
representation to minimize hardware requiremenie authors extrapolate the current results to show

that a speedup of overx26an be achieved with modern FPGAs parts runniig@tMHz.

Another effort relevant to our QMC work implemeniie® Lennard-Jones potential and forces in VHDL
on a Xilinx Virtex-1l Pro XC2VP125 FPGA [84]. A palined design with 119 stages is used, consisting
of several adders, multipliers, dividers and a sguaot operation. The implementation uses IEEE 754
double-precision floating-point arithmetic and cargs the 64-bit potential and forces. They report a

performance of 3.9 GFLOPS throughput compared3dsELOPS on an Itanium2 900 MHz system.
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A few efforts have demonstrated the use of higlelléenguages to port production-level MD codes to
reconfigurable systems. [85] presents the restlfgoding the NAMD code on the SRC reconfigurable
platform using a high-level programming languageAMVC [45]. AMBER code is ported on the SRC

platform in [86]. In both cases, the authors repa@k speedup over the software implementation.

In [14], the authors demonstrate the use of GPUshi® calculation of long-range electrostatic and-n
bonded forces for MD simulations and obtain a 10x18peedup on NVIDIA GPUs using CUDA

programming over an optimized CPU implementation.

Tables 2.4-2.6 present a survey of FPGA, GPU, aedial-purpose architectures for MD simulations. In
each case, we compare the baseline MD code, thelogenent platform, development language, the
numerical precision, number and types of partidles,forces accelerated using the architecturehodst

of force calculation, and the speedup obtained theiserial version on the CPU. For MD architecture

utilized in biomolecular simulations, we also lisé simulation timescale.
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Table 2.4: Survey of MD on reconfigurable hardware

Baseline MD code Development platform Precision Development Number and types| Forces/ Method of Speedup
language of particles calculation
SRC-6E MAPstation — Dual 2.8
AMBER GHz Xeon with MAP processor —2  Single- Carte, MAPC| 20,000 —200,000) Ewald method, 100 MHz
[86] (Fortran, MPI) XC2VP1000 FPGA seven 4 MB precision Only the direct part| 3x speedup over the
SRAM banks (80-90%) on FPGA| MAPstation host
SRC-6C MAPstation
NAMD | Xilinx Virtex-1l XC2V6000 FPGA 92,224 atoms Smooth Particle 100 MHz
SRC-6E MAPstation Single- Carte, MAPC Mesh Ewald method 3x speedup
[85] Xilinx Virtex-1l Pro XC2VP100 precision — Coulomb’s force
FPGA Cut-off method — LJ
force
52,558 — 8 atom 100 MHz
[84] Reference MD codg  SRC-6E MAPstation Virtex-II Single- SRC types HW/SW 2x speedup over
— Velocity Verlet XC2V6000-4 FPGA, 100 MHz precision development| 32932 — 17 atom LJ and cutoff MAPstation host
algorithm suite Carte types Coulomb method
Direct evaluation
122 MHz
[87] Reference MD codg  Xilinx Virtex-1l Pro XC2VP125 Double- VHDL 10,000 molecule Lennard-Jones 3.9 GFlops,
FPGA precision Direct evaluation 1.5 GFlops on an
Itanium2 900 MHz
8000 particles, 26 5.5x speedup over
[88] ProtoMol Annapolis Micro Systems Xilinx | Fixed-point VHDL particle types Lennard-Jones and 2.8GHz PC
Virtex-1l Pro XC2VP70 Coulombic force
Velocity Verlet 26 MHz, 37 sec per
algorithm time step, 2.4 GHz
[83] Not integrated into TM3 platform Fixed-point VHDL 8192 particle Only LJ force — P4 -10.8 sec
an MD code (between 22 model table lookup, Extrapolated
and 76 bits) interpolation speedup of 40x to
100x

'Production-level MD codes
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Table 2.5: Survey of MD on graphics processors

Baseline code| Development platform | Precision | Development] Number of Forces / Method of Speedup
language particles calculation
[24] Reference MD NVIDIA GeForce 7900 Single- OpenGL <= 2048 atoms Lennard-Jones 6x over 2.2GHz
code GTX precision Opteron
[14] NAMD T NVIDIA GeForce 8800GTX Single- CUDA 92,224 Cut-off based method, 6 GPUs —
(128 programmable precision Lennard-Jones and 10.6X
processing units, 330 GFlops Coulomb’s electrostatic acceleration
peak single) force
[89] -- NVIDIA Tesla C870 Single- CUDA 96,603 Cut-off based method 12-20x
precision electrostatic force
Table 2.6: Survey of MD on ASICs
Hardware specifications Precision Number and types of Forces / Method of calculation Speedup
particles
512 processing nodes (400 MHz) Fixed-point Up to 200,000 particles Van der Waals — cut off Expected speedup
[76] Compatible with CHARMM, arithmetic Millisecond method , Electrostatic — k-space of 100x over
AMBER Timescale Gaussian split Ewald method BlueGene/L
MDGRAPE-3 chip (165 GFlops 25Q Floating-point and -
[74] MHz) Fixed-point 32,768 Lennard Jones and Coulomb’s forg

"Production-level MD codes

29




2.5.2. Architectures for Monte Carlo Simulations

Monte Carlo methods have been widely used to spheblems in science, engineering, and finance.
Reconfigurable Computing has been used to accelbtahte Carlo simulations for various applications.
A reconfigurable Monte Carlo clustering proces$dCCP) is proposed in [90] where a number of MC
algorithms used in statistical physics are implet@&nA reconfigurable architecture is used to aredt

the computationally intensive parts of a Monte Gapplication that simulates radiative heat transfe
simulation in a 2-D chamber using Virtex-1l and -1l Pro FPGAs [21]. This application simulates a
large number of photon emissions and absorptiotwdss the surfaces of a 2D enclosure and the
information during the simulation is used to congptihe heat transfer coefficient between the two
surfaces. A 10.3¢speedup is reported with three single-precisioatfhg-point pipelines on the Virtex-Il
Pro FPGA over the software application running o13.8& GHz Xeon processor. A reconfigurable
architecture is also used to accelerate a finamigineering application for the Brace, Gatareld an
Musiela (BGM) interest rate model for pricing detives using a Gaussian-distributed random number
generator implemented in hardware [91]. The authese customized low-precision floating-point
formats and achieve a 25peedup using a development platform that consfstsXilinx Virtex-ll Pro

FPGA over the software running on a 1.5 GHz IntgitRim 4 processor.

Random Number Generators for Monte Carlo Simulatiors

High-quality uncorrelated random numbers are inglisable for Monte Carlo simulations. The Scalable
Pseudo Random Number Generator (SPRNG) libraryladlaifrom Florida State University [92] is a
scalable package designed for parallel pseudo mangiember generation, especially for large-scale
parallel Monte Carlo applications. This library pides different types of random number generators:
Combined Multiple Recursive Generator, 48-bit ardb@ Linear Congruential Generator, Modified
Lagged Fibonacci Generator, and Multiplicative Legidg-ibonacci Generator. Research efforts have led

to the hardware accelerated SPRNG (HASPRNG) libiaryhich the SPRNG suite of random number

30



generators is ported on FPGASs [93]. The Mersennisténis another well-known pseudorandom number
generator for Monte Carlo simulations and provigesd quality random numbers with the advantage of
speed and portability [94]. In our Monte Carlo imlentation, we generate the random numbers on the
processor using the SPRNG library. Our choice isivated by the desirable characteristics of SPRNG
such as high-quality, speed, scalability, portahiliand the ability to produce “independent” and

“reproducible” streams of random numbers for patdonte Carlo application.

2.5.3. Architectures and Software Packages for Quantum Mote Carlo

Here, we report work pertaining to the use of coraparchitectures to accelerate QMC simulations and
commonly used QMC software packages. There aremb@uof QMC codes such as CASINO, CHAMP,
QMCBeaver, and ZORI that provide a user-friendanfework to perform QMC calculations on a variety
of processing platforms. CASINO is code developedCambridge University for performing QMC
electronic structure calculations (i.e., solving tBchrédinger equation that describes the behafior
interacting electrons and ions) on finite atoms aradecules and crystalline systems [95]. It is terit
entirely in Fortran90 and uses Message Passingdnge(MPI) for use on parallel machines. CHAMP is
a QMC suite of programs for electronic structurécuations on a variety of atomic and molecular
systems from Cornell University [96]. ZORI is aneopsource QMC code from University of California,
Berkeley for electronic structure calculations [SQMCBeaver is a QMC code written in C++ developed
by California Institute of Technology and perforsIC and DMC calculations and can be compiled on

GPUs [98] .

QMC@home is a distributed computing project fork&dey Open Infrastructure for Network Computing
(BOINC) for the development of Quantum Monte Cddpbuse in quantum chemistry [99]. BOINC was
initially developed for the SETI@home project tolh@esearchers utilize the processing power of

computers around the world. The QMC@home projeaineed at calculating the properties of molecules
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using the DMC method by utilizing the idle cycledscomputers from volunteers around the world. The
only work reported in literature that is closelated to our QMC research is the GPU implementation
QMCBeaver [100] that is used to compute electraiigcture of a given molecule on the NVIDIA 7800
GTX GPU. This implementation achieves a3peedup for individual kernels and an overall dppeof

6x over the optimized software application runnorga 3.0 GHz Intel Pentium 4 processor [100]. The
challenge in this implementation is the lack ofilyfcompliant IEEE floating-point implementatior.o
achieve a better accuracy, the authors use therKadmamation formula [101] in matrix multiplications
to achieve an accuracy that matches CPU singlasimac Our work uses the QMCC code [27] to
calculate the properties of Helium atoms, whicHiferent from the specific QMC application in []00
We obtain a 40 speedup (using fixed-point) and 228peedup on the GPU (using mixed-precision),
which deliver the accuracy required for our applma Table 2.7 summarizes the prior work that has

targeted QMC on emerging architectures.

From our survey of related literature (Tables 24x2we can see that a number of efforts have tadge
reconfigurable computing and GPUs for force cakooes in MD. Other than the QMC packages, the
QMC@home project, and the QMCBeaver on GPU [10®&re is no prior work that explores HPRC or
GPU architectures for our specific QMC applicattbat calculates the ground-state properties fart ine
gas clusters. We focus on exploring individual FR@Ad GPU platforms for the QMC, application so
we can provide the capability to the scientific coumity to use these emerging architectures through
user-friendly hardware-accelerated simulation fraoris. We also seek to understand through this work
the best ways of partitioning and mapping the QM@@liaation on to hybrid computing platforms that

combine CPUs, FPGASs, and GPUs.
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Table 2.7: Survey of architectures for QMC

Baseline QMC Platform Precision Application System Speedup
code size
QMCBeaver| NVIDIA 7800 Single- Electronic 78432 (no of | 6x over 3.0 GHz
[100] [98] GTX GPU precision structure electrons x no| Intel Pentium 4
calculations of basis processor
functions
Cray XD1 Fixed-point Ground-state 4096 atoms 40x, 225 on
Our research| QMCC [27] HPRC platform (52-bit) on properties of (on FPGA) GPU over dual-
and NVIDIA FPGA, Mixed- Helium core dual-
Tesla GPUs Precision on processor AMD
GPU Opteron 2.2
GHz

2.5.4. Performance Modeling

Performance analysis is an important tool in idgimy the best ways of mapping applications to
available computational resources. Three broadsek of performance evaluation techniques are
measurement, simulation, and analytical modelir@]1Measurement is an accurate approach, but it
requires that the system under study is availalidés method is often used for performance tuning to
improve the performance using the measured reddtiseever this method requires us to perturb the
system through monitors or probes. Another drawbaitk this method is that it cannot be used for
performance prediction or in the analysis of défarsystem configurations. Simulation involves tinidy

a model for the system’s behavior and driving ithmirace data. In this technique, it is not neagska

the system to exist and hence it can be used féorpgance prediction. This method provides visiiijli
controllability, and flexibility [103]. However, tge simulations can take a long time and validatirey
simulation model is difficult as it may not be ptiaal to run all possible test cases. The thiahteque,
analytical modeling, involves the construction ahathematical model for the system at the desaeel |

of detail. Analytical models allow us to explore thystem performance prior to its construction gaid
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insights into the performance variations for diffietr system parameters. However, the analytical lmode

are difficult to develop with sufficient detail andlidate.

An analytical performance model for studying apgiicn performance in shared, heterogeneous high
performance computing environments is proposed®]. This model focuses on Synchronous lterative
Algorithms (SIAs), a class of a set of fork-joirgatithms and includes the effects of applicatiod an
background load imbalance. This model is extertdestudy the mapping of applications onto shared
heterogeneous workstations containing reconfigerabimputing devices in [105]. This work concerns
the modeling of system-level, multi-FPGA architeegiwith variable computational loading. Analytical
models are then used to estimate the various coemp®nof the applications’ execution time. A
methodology called the RC Amenability Test (RATpimposed for analyzing an application’s migration
to a particular RC platform [106]. The RAT approaxmnsiders the amenability of an application to the
RC hardware taking the factors such as throughmumerical precision, and resource usage into a¢coun
In this work, we are interested in building perfame models for individual CPU, FPGA, and GPU
platforms for the QMC application and validatingetmodel from actual results. This will help us
understand how to best map the application to Hwwea platforms as well as identify the best ways of

mapping applications on to future hybrid architeesuconsisting of one or more of these platforms.
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3. CPUIMPLEMENTATION

This chapter provides an overview of the softwatei@Qum Monte Carlo implementation on the CPU,
followed by the parallel implementation on multipiecessors. We use the algorithm to simulate aeinod

system of Helium atoms as described in Chapter 2.

3.1. Serial Implementation

The CPU implementation of the VMC algorithm corsist two phases: Initialization Phase and Iterative

Phase. Figure 3.1 shows the flow chart of the s@h4C algorithm.

3.1.1. Initialization Phase

In this phase, we initialize the random number gatog, in this case the Additive Lagged Fibonacci
Generator (ALFG) from the Scalable Parallel Randdumber Generator (SPRNG) library with an initial
seed, so that invoking the&prng function yields uniformly distributed random numben [0,1). The

ALFG generator is a recurrence-based generatorhdmtwo important properties for MC simulations:
the maximum period of the generator is 2X40the generator is also attractive for parallel MC
simulations because distinctly seeded random numpeerators can run in parallel with no correlation
between the random numbers [92]. Next, we initeatlzrereference configuratiofor walker). We invoke

the function,computé ) once to obtain the properties, the wave fumcteind total ground-state energy

(sum of potential energy and kinetic energy) far teference configuration.
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3.1.2. lterative Phase

In this phasefor each configuration (or walker), we move itsragoto yield a new configuration, called a
proposed configuratianWe add small displacements using the random nigribem SPRNG to thex(

Yy, 2) positions of the atoms in the present configoratiThe next step is to compute the propertieshier
atoms in this configuration. We perform the follogiO(N?) calculations: distance calculation between
pairs of atoms and pair-wise potential energy amagtlemfunction calculations. After obtaining the wave
function, we also compute its first and secondw@ives in order to compute the kinetic energy. The
energies are summed to yield the total energyhigrdonfigurationWe accept or reject this configuration
(and associated properties) by determining thaifrap. The value ofp is obtained using the ratio of the
square of the wave function values of the propdseetthe reference configuration. If the valuepois
greater than or equal to 1, we accept the propesediguration. Otherwise, we compapewith a
uniformly distributed random number from SPRNG tecide whether to accept or reject the
configuration. If the proposed configuration i€@gted, we retain its properties; otherwise, wepkee
properties of the reference configuration. Aftempbeting the equilibration iterationdgg), we start
updating the properties by accumulating the ensrdiging the steady-state iteratiohg)( This is done

for all configurations in the system and repeatediftotal of (g + Isg iterations.

3.2. Parallel Implementation

Parallelizing the Monte Carlo simulations involvesstributing the walker population among the
processors and using independent random numbeainrsiren each processor. A master-slave strategy is
employed to parallelize the application. Each pssoe uses its own streams for random number
generation from SPRNG and runs the VMC algorithm dospecified number of iterations. Each
processor initializes SPRNG with a unique seeds Thimportant because when the equilibration m®ce

is finished, the positions of the atoms should heourelated so we can start accumulating the eergi
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Figure 3.1: Flow chart of the serial VMC algorithm

The master process assigns an equal fraction abtaenumber of walkers to each processor inclydin
itself. It is also responsible for gathering thseules from different processes. The slave processesute
their tasks and return the local estimates of tlopgrties to the master process once every préass
finished its work. The master process is respoeditl receiving the results from the slave processel
accumulating the results including its results.(itke kinetic energy, potential energy and theltot
energy) to obtain global estimates. Each slavega®evorks on the same number of configurations and
for the same number of iterations. Also, no comrmation is required between the processes until we
reach the end of the iterations. Figure 3.2 shdwesfliow chart of the parallel VMC algorithm. This
method parallelizes the VMC algorithm by distrimgtithe configurations among the processes with each
process performing independent VMC calculations. 6Ate also exploit functional parallelism by having
each process compute different functions of the VaMgorithm. Analyzing the performance on a single
computing node using performance models will allssvto understand the best ways of partitioning the

application on multiple nodes for load balancingle/parallelizing the algorithm.
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Figure 3.2: Flow chart of parallel VMC algorithm
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4, RECONFIGURABLE ARCHITECTURE

Recent advances in field-programmable gate arrdG#) technology have made reconfigurable
computing using FPGAs an attractive platform, farcederating scientific computing applications,
providing hardware-like performance and flexibilippssible with software. This chapter provides an
overview of reconfigurable computing, followed Hyetimplementation details of the reconfigurable
architecture to accelerate the computationallynsites kernels of the Quantum Monte Carlo simulation

We also describe the target Cray XD1 high performearconfigurable computing platform.

4.1. Reconfigurable Computing

Reconfigurable Computing (RC) [8] is the combinatiof reconfigurable logic with a general-purpose
microprocessor aimed at providing more performati@n possible with software-only solutions on
general-purpose processors and increased fleyibiinpared to an application specific integratedudi
(ASIC). Reconfigurable logic devices such as figildgrammable gate arrays (FPGAS) consist of a
matrix of logic blocks that can be configured tgplement the required logic functions and connecting
them using programmable routing. FPGAs use clotdsran order of magnitude slower than a processor,
but provide faster execution and lower power dessgm. Figure 4.1 shows the internal componennof
FPGA. The FPGA and the microprocessor in a RC sysie commonly connected using interfaces such
as PCIl, VME, or HyperTransport. Present FPGAs haveeased gate densities that have allowed the
mapping of complex designs onto these devicesdtitian to the logic elements and programmable

interconnect, current FPGA vendors have providetheslded resources that are used to achieve high
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performance for commonly used functions. For examph the Xilinx FPGAs, these resources include
hardware multipliers, on-chip memories known ascBI®AMs, digital signal processing blocks, and
even PowerPC processors [107]. The other leadingufaaturer of programmable logic devices, Altera
also provides the Stratix and Cyclone series of A&2G®vhich have embedded memories and multipliers
[108]. FPGAs have shown a lot of potential to aede some computationally intensive applicatiéms.
[21], the authors provide a survey on reconfigueabichitectures and a discussion of their repratieat

applications including signal and image procesdamgnformatics, and supercomputing.

4.2. High Performance Reconfigurable Computing (HPRC)

High Performance Reconfigurable Computing is thenlmioation of a high performance computing
(HPC) system with RC elements to provide incregssformance and flexibility. The computing nodes
of HPRC systems are connected using a high perfarepdow latency interconnection network with
some or all nodes equipped with one or more regardble elements. Using these systems, we can take
advantage ofpolygranular parallelism, i.e., the fine-grained parallelismfeoéd by reconfigurable
computing along with the coarse-grained paralleltgpically available using parallel computing. Our
target system for the hardware accelerated QMClation is the Cray XD1, a HPRC platform which
integrates FPGA coprocessors in their supercomp8dr The architectural details and the developmen

environment of the Cray XD1 are discussed latéhi chapter.

FPGA and its components

2808888
SN RSN ,
<\—;J> o = Logic blocks
To ] ' ' ' == 1/O Pads
Processor N
g ' ' ' R > Interconnect
FPGA board W

Figure 4.1: A reconfigurable computing system aR&GRA components
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4.3. Description of Kernels

The QMC application consists of the following fuoais which are computed between pairs of atoms in
the system: distance calculation, potential enetgg wave function, and derivatives of the wave
function which are used to obtain the kinetic egefthe kinetic energy, potential energy, and wave
function are functions of the squared distance. fitmaerical behavior of these functions requiresous
use unique transformation schemes in order toudsire these kernel functions for efficiently maympi
them onto the FPGA device. We describe the teclesigised to transform the functions in the following

subsections

4.3.1. Potential Energy Calculation

The potential energy function of a clusterMinteracting atoms can be partitioned into a suntwaf-,

three- and many-body terms as in Equation 4.1.

Viotal :Zvi,j + Z Viik*e (4.1)

i<j i<j<k

In Equation 4.1, the two-body potentiaq” , and the three-body potentiM”’kscaIe as Of%) and OP)

respectively. For largh, the number of higher terms becomes quickly unmeable. Hence, in our work
we ignore the contribution of the higher terms asdume a pair-wise model that includes only the two
body potential, which is often sufficient for moihg) the desired chemical physics [109, 110]. Akso,
fully pair-wise (two-body) model is a reasonableygibal approximation in the study of weakly
interacting atomic clusters. With this assumptitire total potential energy function in a clusterNof

atoms,V.

total ?

is approximated as a sum Bf{N —1) /2 pair-wise contributions given by Equation 4.2.

Viotal = zv(rij) (4-2)

i<j
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Figure 4.2 shows the interatomic potential as atfan of the radial distanc&zif between the atomsand
j. The pair-wise potential energy function(rij), is characterized by an exponentially repulsivgame at
small values off; and an attractive region at intermediate valuet dhat reaches zero as — « . We

define the following parameters:, the depth of the well region, and, the cut-off value ofij where the

potential function equals zero. The general shdpgkeopotential energy function that Figure 4.2 idep
is universally applicable in describing non-Couldmiatomic or molecular interactions. However,
slightly different potential energy functions aegjuired depending on the exact chemical identitigbe
interacting atoms. Two problems posed by the piternergy function require us to use special

techniques to transform the functions for the FR@plementation.

First, the potential energy is a function of thstaince,r, . At first glance, this calls for the instantiatioh
an expensive square root core on the FPGA devioseMer, if we rewrite each pair-wise potential
V(r;)as a function ofrijz, we can eliminate the need for the square-rootratipen following the
calculation of the squared distance values. Thiargely a cosmetic distinction as all we have d@ne
shift the burden of taking the square rootruéfinside the potential function. This is advantageou

conjunction with a spline-based evaluation methodeswe can effectively pre-compute the square root

by building it into the supplied coefficients.

Second, we can observe the problematic range amaidoof this functional shape. The potential has a
finite domain and infinite range until it reachegeaao value, at the poin’&2 = ¢?, and an infinite domain

and a finite range thereafter. We divide thesearegivith non-identical numerical behavior into et |

and Il.
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Figure 4.2: Potential energy as a function of dista

The original expression of Equation 4.2 for theltqtotential is now rewritten as a sum of two terms
given by Equation 4.3. Region | is defined on tleemdin, 0<r’<oa?, and within region 1V, (rijz) is

positive, taking on values from zero to positivériity. This dynamic range is clearly undesirabtevee

implement all the operations using fixed-point doespace limitations on our current FPGA device.

Region Il of the potential is defined on the regi?nz o’and ranges in value frome¢ to zero. The finite

range of the function in region Il is an attractpmeperty as it bounds the sum in Equation 4.Z%iathe

infinite domain remains a problem.

Vtotal :VI +VII = z Vl (rij2)+ Z V|| (rijZ) (4'3)
(i<jo (i<j)on

The exponential transform used in region | is gilsgrEquation 4.4. This transformation provides salve
advantageous properties. The transformed regicmlelrm'al,vl' is restricted to take values between zero

and one, inclusive. The sum of the pair-wise paéstor region | (the first term in Equation 4.&n

now be expressed as a product of the transformidvjse potentials (Equation 4.5). The relationship
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betweenV, and Vl' is now given by Equation 4.6. Another advantagee lie that the expensive final

transformation involving the natural logarithm perhed once can now be delegated to the host

processor.
V|I(rijz) =g ) (4.4)
Vv, = V() (4.5)
@i<p) b
-V, =V, = Y V() (4.6)
(i<j) 0l

The transformed potential in region | is evaluaieohg polynomial interpolation. A lookup table caimis

the interpolation coefficients at uniformly spadetkrvals fromrij2 =0to rij2 =0°.

An approximate logarithmic binning scheme is use@dpe with infinite domain in region Il. We first
introduce a cutoff at large distance that coincidéth the largest value ofij2 allowed by its fixed-

precision format. Next, we partition the whole @ginto smaller regions such that the end poinsach

region correspond to consecutive powers of two.sTthe size of each sub-region will increase stepwi

with rijz. This partitioning takes advantage of the fact tine curvature of the potential is largest at

smaller values ofij2 and asymptotically approaches zero or flattensabldarge values ofijz. Finally, we

partition each sub-region into several intervalsegtial size. Polynomial interpolation can be used t

evaluate the potential within the intervals in oemill. This scheme allows us to effectively take
advantage of a logarithmic transformation of therdmate rif without the need to compute base two

logarithms to determine the correct set of coedfits for interpolation. The exponential transfomm i
region | automatically ensures that the potenaiks values between zero and one, inclusive. We als
rescale the region Il potential by a factorf/ £ so that it always takes a value between zero aed o
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Figure 4.3 shows the plot &APT2helium-helium potential energy versus distancewshg the two
regions, region |, where< g, and region Il, where> o. Applying the exponential transform in region |
rescales the potential energy to lie between Olarfidhe potential energy in region Il is also resddb lie
between 0 and 1. Figure 4.4 shows the rescaledransformed helium-helium potential (using double-

precision and fixed-point in software) as a funetid the co-ordinate distance between the atoms.
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Figure 4.4: Plot of helium-helium potential verslistance (after rescaling and transformation)
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4.3.2. Wave Function Calculation

The wave function is generally taken as the prodficne-body T), two-body {T,), and three-bodyTg)
terms as given in Equation 4.7. Figure 4.5 showsgineral-shape of the wave function applicable for
atomic and molecular clusters.

lﬂ: rITl(ri) |_|T2(rij) |_I T3(rij ,rik,rjk) (47)
i k

<] i<j<

We can observe that the many-body effects alsdtresinigher-order terms here as with the case of
potential energy function. For our purposes, weigrthe one-body and three-body correlation fumstio
and work with the two-body interactions to evalutlie wave function [41]. The one-body terms are
unnecessary since they may be represented by thevipa terms. The wave function requires no
transformation techniques. However, we rescaleddnee function so that the maximum is less than one.
We use a similar region classification approachtifier wave function consisting of regions | andTte
cut-off value, o, is set to the distance where the wave functiomaximum. This value, obtained by
setting its first derivative to zero, serves asoadydividing point so that we can use the sameoregi
classification approach used for the potential gneand yet accurately approximate the function. A
guadratic polynomial interpolation is performed this rescaled wave function. The advantage of this
approach lies in the fact that we can re-use theeshardware developed for the potential energy
calculations for the wave function. This signifitdgnreduces our design time as we now only need to
calculate new constants and a different set ofpialation coefficients. The two regions, regionvhere

r <o, and region Il, where > g are also shown in Figure 4.5. Figure 4.6 showgé¢lealed and wave
function (using double-precision and fixed-pointsoftware) as a function of the co-ordinate distanc

between the atoms.
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Figure 4.6: Plot of helium-helium wave function ses distance (after rescaling)
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4.4. Top-Level Block Diagram

Figure 4.7 shows the top-level block diagram oflpelined and parallel architecture developeditget

a RC platform. The architecture consists of thdofeihg components:CalcDist is the distance
calculation module that computes the squared disgmhetween the pairs of atoms, and GladcFunc
module is a generic function evaluation module thaés an interpolation method to calculate the
potential energy or wave function which are re4gritas functions of squared distances as described
earlier. We use two instances of t@alcFunc module,CalcPE to calculate the potential energy, and
CalcWF to obtain the wave functiorAccFuncis a generic module that accumulates the resuits f
CalcFunc We use two instances of this modudecPEfor potential energy, andccWFto accumulate

the pair-wise wave functions.

In addition to the above components, look-up taldestore thedq, b, c) interpolation coefficients for
function evaluation and the,(y, 2 co-ordinate positions of atoms are implementedguen-chip Block
RAMs. A state machine controller is used to gemethe addresses to the Block RAMs. T®a&lcBin
module is used to compute the bin address, whialsésl to fetch the interpolation coefficients. This
module also produces @elta value, which is used along with the interpolatiomefficients by the

CalcFuncmodules. The components are deeply pipelined esdlpe a result every clock cycle.

Figure 4.8 shows the data movement in the QMC agiptin. Understanding the data movement and the
computational complexity of the components of tpeligation will help us partition the tasks between
the processor and FPGA in an RC platform. We hafi) ©o-ordinate positions to be moved from the
processor to the FPGA for every iteration of the @QMlgorithm. The distance calculation, potential
energy, and wave function are NB) in the number of atoms. Hence, these are chasethé FPGA

implementation. From the description of the kefaktions in this chapter, we might recall that tbeal
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potential energy of a system Bbf atoms is the summation of tt(N-1)/2 pair-wise potential energy
contributions. Similarly, the wave function is tipeoduct of theN(N-1)/2 pair-wise wave function
contributions. If our RC platform consists of a ligpeed interconnect between the processor and the
FPGA so we can keep the cost of data movement donv,architecture is designed in such a way to
provide significant speedups over the QMC applicatihat runs entirely on the host processor. To
accomplish this, we use novel techniques and ad{pant representation to implement the deeply

pipelined and parallel architecture.

Look-up tables
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Figure 4.7: Top-Level block diagram of the pipetirerchitecture
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Figure 4.8: Data movement in the QMC application

4.4.1. Memory Platform

The 18-kbit embedded Block RAMs (BRAMSs) available the Xilinx Virtex-4 FPGA are used to store
the various parameters needed by our system. Wéhad8RAMS to store the co-ordinate positions and
the interpolation coefficients for the function &etion. From our initial experiments varying theder

of interpolation, we infer that the use of quadratiterpolation provides the required accuracy with
modest use of BRAM resources. The BRAMs used toedttoe co-ordinate positions and interpolation
coefficients are dual-ported and instantiated usheg Xilinx Core Generator tools [111]. The BRAMs
that store the 32-bix(y, 2) positions are collectively referred to Besition Memory The BRAMs that
store the co-ordinate positions are presently desigo support clusters up to 4096 atoms. On larger
FPGAs with increased BRAM resources, we would orded to regenerate tiosition Memoryusing

Xilinx Core Generator tools.

PE Coefficient Memonand WF Coefficient Memongtore the &, b, ¢) interpolation coefficients for
regions | and Il, for potential energy calculatiand wave function calculations, respectively. Tdokup
tables for each function store 25§ b, ¢) 52-bit coefficients for region | and 1344 {a,c) coefficients
for region 1l. The BRAMSs to store the region | aradjion Il coefficients are configured to store 6#-b

coefficients with a depth of 256 and 2048 respetyiv Figure 4.9 shows the memory platform consigti
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of the Position MemoryPE Coefficient MemoryandWF Coefficient Memory(al, bl, cl1) and @2, b2,
c2) denote the coefficients for quadratic interpalatifor regions | and Il of the two functions. Po#s
(addr, din) are used to write the co-ordinate positions andsPB @ddr, dou) are used to read the

positions.

Ports A and B have a read pipeline latency of doekccycle. In an RC platform, the host processor
would load the co-ordinate positions to tResition Memoryand the interpolation coefficients to the
respective coefficient memories. The BRAMs thatesthie interpolation coefficients are initializedce
prior to the beginning of pipeline operation andyaceive read requests from the module. Howewxer,
change in co-ordinate positions that relates topthesical movement of the atoms during the simaiati
requires us to load new positions to fPasition Memoryevery iteration. The state machine transitions
from one state to another to generate the readesskels for th€osition MemoryThe order in which the

N x N matrix is traversed and the addresses are gendoatedd thd?osition Memoryis shown in Figure
4.10. The energies and wave functions are calalldtee to the atom-atom interactions in the shaded

portion (upper triangular part) of the matrix showrigure 4.10.

Position Memory

W ot A =
X ¥ z addr din,
en, we B,RAM dout
(3*4096x32-bit) Pot B [

PL: Cocfficicnt Memory

al bi cl il b2 ol

(region 1: 3*256x64-bit, region 2: 3*2048x64-bit)

W I Coefficient Memory

al bi el al b2 o2

(region 1 3*256x64-bit, reyion Z: 3% 2048x64-bit)

Figure 4.9: Memory platform
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Figure 4.10: State machine generates addresséswn $0 readPosition Memory
4.4.2. Binning Scheme

We now discuss the binning schemes employed itvthaegions of potential energy and wave function
evaluation. The schemes to look up the interpatatioefficients are different for the two regionsdo
their non-identical numerical behavior. Region |dpproximated using 256 bins. Determining the

interpolation constants for region | is straightfard and a single stage lookup is sufficient tkigothe
constants from a table of coefficients at uniforrspaced intervals ranging froqj’f =0to rif =og°. The
width of each bin is used to choose from the 296escorresponding to the squared distances. [Eor th
FPGA implementation, we store the inverse of threveidth in a register. The bin lookup scheme for

region | is shown in Figure 4.11. The lower 8-lofsthe integer portion of the product of the sqdare

distance and inverse of the bin width form the adsdrthat is used to fetch the interpolation coeffits

from the memory.
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Figure 4.11: Bin lookup scheme for region |

We employ a logarithmic binning scheme in orderdpresent region Il accurately. We divide region Il
into 21 regimes. Each regime is divided into 64slfior a total of 1344 coefficients. Hence for rewd
and I, we have a total of (256 + 21*64) * 3 cagffnts for quadratic interpolation. A two-stagekap
procedure is used, first to determine the regimgpdayorming a leading zero count and then detemngini
the set of interpolation coefficients. The recioof the bin widths is stored, eliminating the dider a

division operation. Figure 4.12 shows the bloclgdian of the first stage of the lookup scheme fgiae

Il. The difference between the squared distancesthe o value is used by the leading zero count
detector (LZCD) to compute the index of the regiifiee LZCD logic is implemented using a set of three
priority encoders (Prl1, Pr2, Pr3). Figure 4.13 shtle second stage of the lookup scheme to olftain t
actual set of interpolation coefficients after tegime lookup is complete. We compute the bin ocat

for region Il, using additional constants, whicte abtained from memory addressed using the regime.

We can use the computed address to retrieve thobeets for region Il.
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4.4.3. Calculation of Squared Distance

The data path of th€alcDist block is shown in Figure 4.14. Ti@alcDist block calculates the squared
distances between pairs of atoms. In an RC platfthnenO\) co-ordinate positions are transferred from

the host processor to the on-clfpsition Memory The state machine provides the read addresdés to

Position Memoryto read the pair positionsx, y;,z) and (x;,;.2;), every clock cycle and provide them

to theCalcDist module. The co-ordinate distances between each amol other atoms are obtained. Since

rp=rjand r; =0 for i=j, we only need to calculatéi(N-1)/2 squared distances (upper or lower

triangular portion of the matrix in Figure 4.10)eWse the Xilinx IP cores from Core Generator lipta

implement functions such as addition, subtractemd multiplication. The cores are provided with a
variety of pipelining options, variable input-outpdata-widths, and customized for the target Xilinx
FPGA architecture. We use the multipliers with maxim pipelining, which corresponds to a latency of
seven clock cycles. The initial latency of this miedis ten clock cycles to fill the pipeline aftehich it

produces a squared distance every clock cycle.eSime obtain a result every clock cycle, it takes
10+ N(N -1)/2clock cycles to obtain all the co-ordinate distandd¢owever, since the entire architecture

is pipelined, the calculation of the pair-wise distes is overlapped with the function evaluation.

Table 4.1 shows the data widths and latencies efctimponents of this module. The data widths are
chosen after analyzing the errors with various dipeint representations. This module uses a 32-bit
fixed-point representation for the positions andduces a 53-bit squared distance value per cloclecy
The resulting squared distances are compared aitind classified as region | or region Il valuestfar

potential energy and wave function evaluations.
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Figure 4.14: Data path of the distance calculatmdule CalcDisi)

Table 4.1: Data widths and latenciegGaficDist

Signal/Core Data Widths Latency (clock cycles)
Input 32-bit (signed 12.20) --
Subtractor 32-bit i/p, 33-bit o/p 1
Multiplier 33-bit i/p, 66-bit o/p 7
Adderl 65-bit i/p, 66-bit o/p
Adder2 66-bit i/p, 67-bit o/p 1
Output 53-bit (unsigned 27.26 --
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4.4.4. Calculation of Potential Energy/Wave Function

Figure 4.15 shows the data path of @acFuncpipeline. This generic pipeline is built to compuither
the potential energy or wave function using polyr@ninterpolation. In our implementation, we
instantiate two copies of this module, one for potd energy calledCalcPE and the other for wave
function, namelyCalcWFE The two blocks,CalcPE and CalcWF, concurrently process the squared
distance values from th@alcDist module every clock cycle. Depending on whetherstingared distance
falls in region | or region Il, the lookup schemdiscussed earlier are used to fetch the interpolati
coefficients for each function. A delta value peetit to the squared distances is also used agantm
this block. These are processed by @scFuncmodule to produce a result every clock cycle aihee
pipeline is full. The adders and multipliers arstamtiated from the IP cores provided by the Xilore
Generator library. The latencies of the multipliarsl adders are shown in Figure 4.15. The multgplie
use maximum pipelining with a latency of seven klogcles. This module produces a 52-bit potential
energy or wave function value every clock cyclebl€a4.2 shows the data widths and latencies of the

components of this module.
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AN AN LA
ey

e 7T T T

Too | lec | Too o Tes |
Il_ate-ncr_,r. -::Ilc-t:l-; ct:l:le-s.l - I

Figure 4.15: Data path of the function calculativodule CalcFung
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Table 4.2: Data widths and latenciegGaflcFuncmodule

Signal/ , Latency
Core Data Widths (clock cycles)
Interpolation coefficients
Inputs (a, b, ¢): signed 0.52, --
delta: signed 0.52
Multiplierl 52-bit i/p, 104 bit o/p 7
Adderl 52-bit i/p, 52-bit o/p 1
Multiplier2 52-bit i/p, 104-bit o/p 7
Adder2 52-bit i/p, 52-bit o/p 1
Pair-wise Potential --
Output Energy /Wave Function:
signed 0.52

4.4.5. Accumulation of Potential Energy/Wave Function

The AccFuncmodule is used to accumulate the energies and fusations produced by th@alcFunc
pipeline. We instantiate two copies of the modlecPEfor the potential energy anticcWF for the
wave function. Figure 4.16 shows thecPEmodule that accumulates the intermediate valugeihtial
energy. Since we interpolate the transformed piatierwe accumulate the potential energies resulting
from region | distances as running products andehergies resulting from region Il distances as a
running sum. Figure 4.17 shows thecWFmodule that accumulates the pair-wise wave funsti®We
may recall that the wave function did not undergy ansformation prior to interpolation. Due teeth
functional form of the wave function as describextlier, we form products of the pair-wise wave
functions. We accumulate all the wave functionaultésy from region | and region Il distances as

running products.
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The region Il accumulator oAccPEis instantiated from the Xilinx Core Generatorrdity, and with
registered outputs, the latency of the accumulistdwo clock cycles. Th€alcPE module is pipelined
and outputs a region | or region Il potential egergsult every clock cycle. Hence, the region Il
accumulator adds a region Il potential if applieabt a zero if a region | potential is produced ttiack
cycle. The region | accumulator éfccPE and theAccWFare implemented using the multipliers from
Xilinx Core Generator. For accumulating the regigrotential energies, we multiply a region | potaht

if applicable or a one if a region Il potentialgeoduced in that clock cycle. With registered otgpthe
multipliers have a latency of eight clock cyclese Wse eight instances of the multipliers and switch
between the multipliers to increase the data rate ia order to keep the pipeline busy. ThecPE
module produces a single partial sum (PS) fromoredi and eight partial products (PP1 — PP8) from

region I. TheAccWFmodule produces eight partial products of the wanetion (PP1 — PP8).

Some important concerns that are taken into accatiie designing these accumulators are discussed
here. We perform successive multiplications ofrégion | potential energy values and the regiond &
wave functions. The distances we sample in the QdfQulation are such that most of the potential
energy and wave function values are close to oreacel repeated multiplication of these values durin
accumulation results in products that tend towael®. In a fixed-precision register, the appearasfce
leading zeros results in a loss of precision. Targntee that we do not lose precision during
accumulation, we introduce a bit shift to the lefier computing each product (if it is less thah a&nd
incrementing an initially denormalized exponentcliEgartial product (PP is associated with a shift
count. There are also overflow issues associatéld tlhe accumulator that accumulates the region Il
potential values. The region Il potentials are awglated in a register of fixed-precision large egtoto
hold N evaluations of the maximum value (1.0) of the galad potential. The products along with the
shift counts are delivered to the host processhigiwremoves the scaling and combines the resulis f

region | and Il to reconstruct the floating-poirtiwe of the total potential energy and wave fumctio
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In the following sub sections, we provide an ovewiof the Cray XD1 architecture and describe the

integration of the QMC design modules with the i#ghe Cray XD1 platform.

4.5. Cray XD1 Architecture

The Cray XD1 supercomputer is an interesting ptatfdor our design as it incorporates application
acceleration processors made of FPGAs in its campuiodes [43]. It also provides a high-bandwidth,
low-latency interconnect between the processortia@dPGAs. The architectural unit of the Cray XB1 i

a chassis, which consists of up to six computeddadhe Cray XD1 chassis is shown in Figure 4.18.
Each compute blade consists of two 64-bit AMD Ombeprocessors configured as six two-way
symmetric multiprocessors (SMPs). A maximum of upwelve RapidArray Processors (RAPS) are also
present to process communications within the chadSdi® chassis also contains the application
acceleration system with six optional FPGAs, which tightly coupled to the Opteron’s address space
and serve as coprocessors to the Opteron procegs@ray XD1 system can contain one to hundreds of
chassis. A compute blade also consists of 1 to &@ble data rate synchronous dynamic random access

memory (DDR SDRAM) per compute processor.

The FPGA is present on the expansion module thabrgglly connects to each compute blade. The
expansion module also contains an additional Rapadprocessor providing two additional RapidArray
links per compute blade. The RapidArray processoviges the interface for the FPGA to connect ® th
Opteron processors as well as to the high-spee@lRapy switch fabric. The RapidArray interconnect,
which links the processors and memory within anvben chassis, overcomes the PCI bus bottlenecks
with some previous RC systems. In addition to thénm@emory and the FPGA on-chip memory, four
guad data rate (QDR) static random access mem&RNB banks provide local high-speed storage for
the FPGA. A programmable clock source providesctbek for the FPGA design. Figure 4.19 shows the

logical view of the expansion module.
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Figure 4.18: Cray XD1 system chassis [43]
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Figure 4.19: Components of the expansion modulg [43
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4.6. Development Environment

Cray provides IP cores that enable the user desimfules to interface with the rest of the Cray exyst
The Cray QDR IP core is used to interface the FRig8ign with the external QDR RAMs on the
expansion module. The Cray RapidArray Transport)(Rdre provides the interface between the
RapidArray fabric and the FPGA. The RT core prositieo interfaces: the fabric request interface that
issues read and write requests to the user logenittreceives data from the node, and the userestq
interface which communicates the read and writeests originating from the user logic to the prgoes
The RT core is a 64-bit interface at a maximum dpek 200 MHz and yields a bandwidth of 1.6

Gbytes/sec for simultaneous transmit and receiegations.

The RapidArray processor connects the FPGA to thegssor’s Hypertransport link; hence the FPGA is
accessible via a 128 Mbytes window of the Hypedpamt /0O address space. Hypertransport read and
write requests from the processor are passed tostelogic through the RT interface. Cray provithes
application acceleration API functions, which alloan application running on the Opteron to
communicate with the FPGA design. Invoking the Agnmdtions initiates the transactions on the RT
fabric, which are delivered to the RT core to becpssed by the user logic module that is connéotéd

The FPGA control utility, which is part of the Cragvelopment environment, also allows a user to

interact with the FPGA and perform functions sushiesetting or configuring the FPGA.

Figure 4.20 shows the design structure on the FRG#@p-level VHDL wrapper code provided by Cray
integrates the various logic components: the RE,cQDR core, programmable clock generator, and the
user application. The user design logic is conthiwéhin the user application component. The stashda
design flow processes and tools are used to tatgetuser design to the application acceleration

processors on the Cray XD1. The design can be ilescusing Verilog, VHDL, or a language that can
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finally be converted to a Xilinx netlist. A desiflow (one used in this work) is illustrated in Frgu.21.

The design modules are described in VHDL. In additio the hand-written VHDL design modules, a
number of parameterized logic blocks from Xilinx rEdGenerator are used. The process of synthesis
converts the HDL code to a gate-level netlist. Tisisdone using the Xilinx XST tools [111]. The
implementation process consists of translating, pimap placing and routing, and generating the lyinar
file. An optional user constraint file (UCF) alsloavs us to specify timing and placement constsafor

the implementation process. In addition to the absteps, simulation is also done using Modelsirthen
design code or synthesized netlist. The last sefopmed using the FPGA control utility (shown et
dotted box) converts the binary file (.bin file)taimed at the end of the implementation processGoay-

proprietary format containing the FPGA part infotima and clock frequency.

Top-level VHDL
Programmable clock generator |
v v v
R = Q
o T | D .
RapidArray " g 1 R [ > QDR
fabric « C b User‘ > Memory
application | |
0 [—]
0
r
r
e
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Figure 4.20: Cray XD1 design structure [43]
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4.7. Quantum Monte Carlo targeted to Cray XD1

Figure 4.22 shows the block diagram of the desigplemented on the Cray XD1 platform. The
architecture consists of the following componeiRs: Client, Block RAM Interface, Register Interface,
and QMC Interface. The QDR Il RAMs are not usethia current design and disabled to save power and
resources. The RT Client block connects directlthioRT Core, which processes read and write régjues
to and from the Opteron processor. When an appitan the Opteron processor opens and access the
FPGA, the accesses are translated into read arteé vequests, which are forwarded through the
RapidArray fabric to the RT Core block. The RT @tiblock, which is directly connected to RT Coe, i
comprised of a state machine that forwards thadabguests to the Register Interface or the BRARM

Interface and accepts a response from these ioéaxfa

The Register Interface block provides a set of abbed and writable registers, which can be used as
configuration and status registers in any Acceter&PGA design. It also contains the decoding and

multiplexing logic to read and write the registdrs.our design, the registers are used for thefaotg
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functions: (a) to communicate control signals frdra FPGA to the processor and vice versa and (b) to
send results from the FPGA to the processor. TloekBRAM Interface provides read and write access
for a processor to the Xilinx Block RAMs. The irfeare consists of RAM control logic, which uses the
fabric request, and the control signals in the stegs to generate the “write enable” signals far th
respective Block RAMs. Using these interfaces,uber design can read the control signals and ctanten

written to registers and Block RAMs by the processal write results back to registers.

The block labeled QMC Interface connects the whegign modules with the Cray platform-related
interfaces described earlier. We use C for the posgram on the Opteron and VHDL for the blocks
implemented on the FPGA. The Potential Energy @1t Wave Function (WF) kernels are implemented
on a single FPGA. The “write enable” signals frdme Block RAM Interface are processed by the QMC
Interface to initialize théosition Memorywith co-ordinate positions from the processor #relPE and
WEF Coefficient Memoryvith interpolation coefficients. The Cray API fuions,fpga_wrt_appif_valug)
andfpga_rd_appif_valug), are used by the processor to access the FPGXdbyte address region,
blocks of which are allocated to the Block RAM d®ejgister Interfaces. THeosition Memorythat stores
the co-ordinate positions of the atoms andGhaéDist module are shared by the {PE/WF} engines. The
results from the PE and WF calculatidDa{cFung AccFung are written to the user-defined registers,
which can be accessed by the Opteron processangihrthe RT Client block. The Opteron reads the
register contents using the Cray API functionscates the fixed-point results back to their orifjina
values, and reconstructs the floating-point valoéshe functions. We discuss the results from the

reconfigurable implementation in Chapter 6.
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Figure 4.22: Cray XD1 design overview
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5. GPU Implementation

The ever-growing demands for performance from thimigg industry have led to a tremendous growth
and development of graphics processors. The hugeairmis of memory bandwidth and the large number
of processing cores on the graphics processors thake attractive for general-purpose tasks otham th
graphics processing. NVIDIA's GPU solutions pregenprovide hundreds of processing cores,
tremendous on-chip memory bandwidth, and the CUBg@amming paradigm that allows us to exploit
the computational power of the GPU without the neednvoke graphics API functions. This chapter
provides an overview of NVIDIA's Compute Unified flee Architecture (CUDA) paradigm and Tesla
architecture. Following this, we discuss the impemation details of the Quantum Monte Carlo

algorithm on the NVIDIA GPUs using CUDA.

5.1. Overview of CUDA

NVIDIA’'s CUDA paradigm allows programmers to use tle programming language with some
extensions to develop general-purpose applicatortheirTesla architecture GPUs, including GeForce,
Quadro, and Tesla products [60]. CUDA’s scalablealpl programming model allows developers to
transparently scale their applications to expla@itgtielism on a large number of processor coreg][11
Recent work has demonstrated the viability of cdimpiCUDA programs for execution on multi-core
CPUs [113]. There are three main abstractions ilD&Ua hierarchy of concurrent threads, software
controlled scratchpad memory called shared memamg, barrier synchronization. These abstractions
enable us to partition a problem into coarse-ghibecks that operate independently and into furthe
fine-grained threads that work cooperatively ingllat. The serial program on the host processookes
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akerne| which is executed in parallel by a settlmfeads A thread blockrefers to a group of concurrent
threads that synchronize via barrier synchronipatnd co-operate and share data via a fast, shared
memory space. Aomputational gridis a group of thread blocks that execute indepethdend in
parallel. To invoke a CUDA kernel from the hostgnam, we specify the name of the kernel followed by
theexecution configuratioas shown below:

kernel<<<dimGrid, dimBlock>>>(parameters);

The execution configuration consists of the numifethreads per blockd{mBlock) and the number of
blocks in the griddimGrid) . These block and grid dimensions are specifiedgugiadim3three-element
vector type which allows us to set the block and ¢ be one-, two-, or three dimensions, usingyx,
and .z fields. CUDA provides built-in variables $pecify these parametensiockDim and gridDim
specify the number of threads per block and blgeksgrid respectively. Within the CUDA kernel, bkoc
and thread ID variables, namebjockidx (labeled from O t@ridDim-1) andthreadidx (labeled from O to
blockDim-1) are used to specify the block number within a gmd the thread number within a block,
respectively. Figure 5.1 shows the 1-D computatignd setup with 1-D thread blocks. In Figure 5.
show the computational grid set up for a 2-D grichgisting of 2-D thread blocks. Currently, CUDA

supports a maximum of 512 threads in a thread block

There are different levels of memory hierarchy be GPU and threads may access data from these
different levels during their execution. Each tlirdas a private local memory, used for variables do

not fit in the registers and for stack frames amgister spilling [112]. Each thread block has aretha
memory that is shared by all threads in the blouk lzas the lifetime of the block. All threads haeeess

to the global memory on the GPU. On the Tesla tachire, the shared and global memories are
physically separate memories; the shared memamylasv-latency, on-chip RAM, the global memory is
the DRAM on the GPU. The GPU has additional levalsmemory called the texture memory and

constant memory.
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5.2. NVIDIA’s Tesla Architecture

NVIDIA’s Tesla architecture, first introduced inghGeForce 8800 GPU in November 2006, unifies the
vertex and fragment processors present in grapinaressors. The generality that came with thisiechif
architecture, as vertex and fragment programs tiastécute on this unified architecture, led torteairy

into general-purpose computing. The Tesla architectonsists of an array of massively multithreaded
streaming multiprocessors (SM) [114]. Each SM cstssof eight scalar streaming processor (SP) cores,
two special-function units (SFUs), which are usem franscendental functions, a multithreaded
instruction unit, and 16KB shared memory. An instian cache and a read-only constant cache are also
present. The arrangement of the SP cores with e i8 an independent processing unit is called a
texture/processor cluster (TPC) and shown in FiguBe The threads within a block execute conculyent
on one SM. Each SP core contains a scalar mukigdly(MAD) unit, for a total of 8 MAD units per SM.
Each SFU also contains four floating-point mulépd. Tesla’s multithreaded instruction unit called
single-instruction, multiple-thread (SIMT) is respible for creating, managing, scheduling, and
executing threads in groups of 32 parallel threzalked warps The SM manages a pool of 24 warps,
executing up to 768 (24*32) concurrent threadsardtvare. A compute work distribution (CWD) unit is

responsible for distributing the thread blockshte EMs.

On the GeForce 8800 GPU, there are 16 SMs forah 86t128 processing cores. The SPs and the SFUs
are clocked at 1.5 GHz, providing a peak perforreanit36 GFlops per SM. The Tesla C870 GPU also
contains 128 processing cores with 16 multiproassaod 8 SPs per multiprocessor, clocked at 1.35
GHz. On the NVIDIA Tesla C1060 hardware, there 3@estreaming multiprocessors with eight scalar
streaming processor cores and one double-prectiom per SM, for a total of 240 single-precision

processing cores and 30 double-precision coresign-c
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5.3.  QMC Implementation

While porting the computationally intensive kernefgshe QMC application to the GPU, we consider the
following: (@) the partitioning approach, i.e., elehining which functions are accelerated usingGirt)
and the parts of the QMC algorithm that will beareéd on the CPU, (b) numerical precision that bl
employed on the GPU for the function evaluatioms] éc) the computational grid set up using CUDA,

i.e. how to partition the computations so we kdepprocessors on the GPU busy.

Figure 5.4 shows the data movement for the GPUdamphtation. The @ co-ordinate positions are
copied from the CPU main memory to the GPU main orgmThe OWN) energies and wave function
values are copied from the GPU memory to the CPthong. On the host processor, we use the CUDA
runtime functions to allocate memory and copy daten the host to the processor and vice versa.
cudaMalloc( ) andcudaFree( ) are used to manage the global memory space vigiblee kernels. The

CUDA memory management functiasydaMallocHost( ) allows us to allocate page-locked host memory,
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which provides maximum PCI bandwidth for the memibaynsfers. TheudaMemcpy( ) function is used

to copy the data from the host memory to the dewimenory and vice versa. We also specify the
execution configuration for CUDA, i.e., how the thks and threads will be managed on the GPU. The
computational grid set up for our implementatiortie one shown in Figure 5.1, consisting of a 1D

arrangement of blocks and threads. As mentiondeteahe CUDA programming model is scalable and

the program can be easily ported between diffggenerations of GPUs with varying processor corgs, b

altering the number of blocks and threads whilegpiag the execution configuration.

We discuss two implementations: a naive implememtand an optimized implementation depending on
the number of computations performed in each cadditionally, we also experiment with single- and
double-precision as well as a combination of singted double- precision for the evaluation of tieeniel

functions.

Q(N) O(N)
Host Processor -
Host side -
GPU device
: | O(N?) O(N)
! OIN? Poleniial
4 () Energy — ™ Z
Distance
Calculation

\ Wa\.r'e z o
O(NQ} Function O(NQ} O(N)

Figure 5.4: Data movement and data partitioninglierQMC application on the GPU
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5.4. Approach
We consider a cluster &f interacting atoms, the interaction matrix for whis represented in Figure 5.5.

The energies and wave function are functions ofdh@rdinate distancey; between pairs of atoms.

Since r; =r;, we need to evaluate the lower (or upper) triamgylortion of the interaction matrix,

excluding the diagonal entries, which are zeros.

First, we discuss the naive implementation in whigh perform a brute-force evaluation of &

interactions. We allocate a subset of the ronthefmatrix, i.e.,N/T to each blockp , whereT is the

number of threads in each block. Within each bldatie T looping threads are used to obtain the

interactions on an atom due to other atoms in yiséem. Thread; computes the interaction on atom 1

due to atoms 1 tN . This requires that each thread have access tootoedinate positions ol atoms.
The GPU provides different levels of memory hiehgrcregisters, shared memory, main memory, and
texture memory. We investigate the use of diffedlemels of memory. Initially we assume that the co-
ordinate positions reside in the device memory. fiineads access the positions from the device memor
With N looping threads, there are a total &f3ead accesses to the global memory to read kheo3
ordinate positions andN\N2write accesses to write the updated potentialggnand wave function. The
reading of co-ordinate positions from the GPU nmagmory by each thread is expensive (100-400 cycles
latency). Hence, we modify the implementation te tlee shared memory on the GPU. Simulation of a
system with 4096 atoms would require 48 KB and 84®@?ns would require a 96 KB of shared memory.
However, there is a limit of 16 KB shared memory pieck. This means that we can store a maximum
of 1364 atoms in the shared memory (fdd 32-bit co-ordinate positions). In order to provitee
capability to simulate larger clusters (greatenth@00 atoms), we would need to partition the s&sEe80

the shared memory into a number of times stepsyesstore only a subset of positions in a singlestim

step. This is achieved by having each thread bloall the co-ordinate positions ®fatoms from the
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main memory to the shared memory [115]. The accatimns of row-wise energies and wave function
values are done by in-place reductions within tftJG&ernel. The ) row-wise sums of energies and
wave function values are transferred back to thst picessor which performs the final summatioalbf
O(N) to produce an Qf result. Figure 5.6 shows the computational gritth N/T thread blocks. There
areT looping threads in each block aNdT blocks for a total oN threads performinyl calculations, for

a total ofN? interactions.

In the optimized implementation, we eliminate themd to evaluate the entire matrix. Figure 5.7 shows
the optimized implementation in which only the lowgangular portion of the matrix (excluding the
diagonal) is evaluated. This approach providesgaifstant speedup over the naive implementation as
shown by our results in Chapter 6 as it frees tR&J@esources that are used for redundant compnsgatio
As in the naive implementation, theN)(partial sums of energies and wave function vahreswritten to

the device memory after each thread loops throhghtatoms. The device memory is copied to the host
memory using the CUDA runtime function. The hosigassor performs the final summation of alNpD(

to produce an @j result. The impact of changing the block dimensiéor different cluster sizes in both
the naive and optimized implementations are exadhniime Chapter 6. In the naive and optimized
implementation, we experiment with the numericagsions used for the function evaluations and the
accumulations. If we recall the Tesla architectonethe C1060 GPU, there are eight single-precision
units and one double-precision unit. Hence, thglsiprecision performance is significantly gredten

the double-precision peak performance. We analygentimerical precisions while using entirely sirgle
precision, double-precision, and a combinationingle- and double- precision for our calculationbe

speedup and the error performance of these implati@ns are summarized in Chapter 6.
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6. DiscussION OF RESULTS

In this chapter, we discuss the results from pgrtire Quantum Monte Carlo application onto the CPU,
FPGA, and GPU platforms. We examine the speedujprpesince as the problem size is increased and
the error performance for the numerical precisionpleyed for the calculations while using each

platform. We first provide an overview of the HPR@d GPU target platforms.

6.1. Target Platforms

6.1.1. HPRC Platform

We target thePacific Cray XD1, a single chassis system consisting ofceimpute nodes, where each
compute node consists of a dual-core dual-proceés@GHz AMD Opteron with 8 GB local memory
connected to Cray’'s proprietary RapidArray fabi@ch compute node consists of a Xilinx Virtex-4
VLX160 FPGA or a Virtex-1l Pro VP50 FPGA. The contpunode with the Virtex-4 FPGA is targeted in

this work. An overview of the architectural detaifsthe Cray XD1 has been presented in Chapter 4.

6.1.2. GPU Platforms

We target two generations of CUDA-compatible NVIDG®PUs, C870 and C1060 Tesla. The C870 GPU
contains 128 processing cores with 16 multiproassaod 8 streaming processors per multiprocessor;
clocked at 1.35 GHz. Three such GPUs are preseanerof our target platform&(d) and connected via
PCI-Express interface to a dual-core dual-procegddbD Opteron 1.8 GHz. On the NVIDIA Tesla

C1060 hardware, there are 30 streaming multiprocesgith eight scalar streaming processor coregsa fo
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total of 240 single-precision processing cores. ptucessors are clocked at 1.3 GHz. Double-pretisio
support is also added on the C1060. Two of the€¥86CGPUs connect via PCI-Express 2.0 interfaces to
a dual quad-core Intel i7 2.67 GHz that uses thiealdegn architecture (this platform is referred tdasla

in this dissertation).

6.2. CPU Implementation

We consider the following scenarios for the CPU lanpentation. We implement the helium-helium
potentials,HFDB and SAPTZ2 discussed in Chapter 2. We also experiment withbte- and mixed-
precision. First, we employ double-precision foe #ntire software implementation, for both function
evaluations and accumulation of the results, anddiprecision, where we employ single-precision for
function evaluations and double-precision funcé@eumulations. We repeat the experiments for variou
clusters from 256 to 8192 atoms (in powers of pédtter understand how the application performsrwh
increasing the problem sizes. Table 6.1 summarieesdnfigurations of the platforms, compiler sefsin

and optimizations used while benchmarking the appbn.

In Tables 6.2 (a), 6.3 (a), and 6.4 (a), we shaavekecution times from a singtemputé) function call
that evaluates thBAPT2potential SAPT2potential and trial wave function and t8BAPT?2potential, trial
wave function, and kinetic energy, respectively,aosingle core of thBacific, Tesla,andEd platforms.

In this case, we employ double-precision. The slijfferences in execution times betweeacific and

Ed which are both AMD Opteron processors might beibatted to the compiler and architectural
variations on these systemsTesla uses the more recent Intel Nehalem architectufe][1which
introduces various strategies to boost applicaperformance. Of the three platforms, it exhibits a
superior performance, running twice as fast asther processors. In Tables 6.2 (b), 6.3 (b), addl6

we show the execution times (in seconds) for alsiegmputé) function call, when we repeat the

experiments with th&lFDB potential. The analytical functions for the wauadtion and hence, for the
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kinetic energy are unchanged. TBAPT2potential is a more refined potential but alsoolmes more
floating point operations and a number of condaidranching operations. CompariRgcific versusEd
for the HFDB versus theSAPT2potential on these machines, the slight differeniceexecution times
could be due to the way the branches are handigtlid case alsd,eslahas the lowest execution time of

the three processors for the function evaluationsife various problem sizes.

In Tables 6.5, 6.6 and 6.7, we show the executinag of a singleomputé¢ ) function call when mixed-
precision is employed for the following (jJFDB potential, (i)HFDB potential and trial wave function,
and (iii) HFDB potential, trial wave function, and kinetic enerfjyye employ single-precision floating-
point for the function evaluations and use doulsks{sion for accumulating the pair-wise energied an
trial wave functions. However, as we can inferye¢his no real benefit in using mixed-precision ba t
CPU, as the execution times are only slightly bette sometimes worse than the double-precision

implementation.

The TeslaCPU implementation was optimized using Intel’'s M&ernel Library [117] , which yielded a

speedup of #for the wave function, but with both potential emeand wave function calculations, only
a marginal improvement in speedup was observedh&uoptimizations of this implementation are left
for future work. Since QMC is embarrassingly palalve were able to run four copies of the proaess

Pacific to achieve parallelism. As expected, this yieldezhr linear speedups while making explicit
parallelism unnecessary. However, throughout tigsedtation, we will compare our GPU and FPGA
implementations to the CPU implementation on alsiegre ofPacific, but for fair comparisons against

the multi-core implementations, the speedups shioeilsuitably scaled.
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Table 6.1:Description of the machines for CPU implementation

Parameters Machines-

Pacific Ed Tesla

Dual-core Dual-processor
AMD Opteron 2.2 GHz

Accelerator: Virtex-4

Dual-core Dual-processor
AMD Opteron 1.8 GHz

Accelerator: C870 Tesla

Dual quad-core Intel i7 2.67
GHz (Nehalem architecture

Accelerator: C1060 Tesla

Machine configuration

XC4VLX160 FPGA GPU GPU
gcc, Operating system gcc 3.3.3,, -03, SuSE Linu><, gcc 4.1.2, -03, Red Hat, gcc 4.3.2, -03, Ubuntu,
and libraries used SPRNG library SPRNG library SPRNG library

Table 6.2(a): Execution time (in seconds)domputé¢ ) (SAPT2PE, double—precisio)rlT

CPUs!, Atoms-
64 128 256 512 1024 2048 4096 8192
Pacific 0.001253| 0.005061 0.020343 0.082110 0.326270 148087 5.22374 21.5712
Tesla 0.001072| 0.002956 0.011365 0.039422 0.165410 05H14 2.62389 10.6599
Ed 0.001127| 0.004525% 0.018001 0.071840  0.287227 181477 4.62140 19.0146

Table 6.3(a): Execution time (in seconds)domput¢ ) (SAPT2PE and WF, double-precision

CPUs!,
Atoms— 64 128 256 512 1024 2048 4096 8192
Pacific 0.001945 | 0.007814 0.0322Q7 0.128770  0.508790  296938.29489 33.4688
Tesla 0.000929 | 0.003747 0.015030 0.060439  0.346481 07867 4.05593 15.8788
Ed 0.001728 | 0.006923 0.027730 0.111017  0.448845  16B1277.31264 29.7956

Table 6.4(a): Execution time (in seconds)domputé ) (SAPT2PE, WF, and KE, double-precisipn

CPUs\,
Atoms— 64 128 256 512 1024 2048 4096 8192
Pacific 0.003103 | 0.012597 0.050545 0.203221 0.816351 312705 13.0645 52.8171
Tesla 0.002352 | 0.00758% 0.021796  0.0874P2  0.351322 191094 5.62834 20.0417
Ed 0.002576 | 0.010328 0.041513 0.1662p2  0.667%52 286963 11.7929 48.7159

TRun times averaged over 10 runs and six signifidagits retained for consistency
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Table 6.2(b): Execution time (in seconds) domputé¢ ) (HFDB PE,double-precisioh

CPUs!, Atoms— 64 128 256 512 1024 2048 4096 8197
Pacific 0.000214| 0.00080¢ 0.00315p 0.012555 0.049p77 O0SBH70.761566| 2.848174
Tesla 0.000204| 0.000504 0.003598 0.009028 0.041B73 023430.527274| 1.914423

Ed 0.000265| 0.001028 0.003921 0.015374 0.060p39 0633560.914291| 3.397688

Table 6.3(b): Execution time (in seconds)domput¢ ) (HFDB PEand WF, double-precisign

CPUs!, Atoms- 64 128 256 512 1024 2048 4096 8192
Pacific 0.000898| 0.00351¢ 0.0138746 0.055529 0.221r39 05306 3.50107 13.7741
Tesla 0.000774| 0.00307% 0.009264 0.029059 0.122B49 02860 1.82976 7.07175

Ed 0.000909| 0.003617 0.013782 0.055338 0.224379 048873 3.70142 14.3748

Table 6.4(b): Execution time (in seconds) domput¢ ) (HFDB PE WF, and KEdouble-precisioh

CPUs!, Atoms- 64 128 256 512 1024 2048 4096 8192
Pacific 0.002065| 0.008152 0.032670 0.131136 0.526595  2110778.41550 | 33.4486
Tesla 0.001524| 0.004345 0.016179 0.056280 0.217704 0FBIR 3.68709 | 14.4947
Ed 0.001710| 0.006808  0.02714] 0.108627 0.439554  1777877.09371 | 30.8397
Table 6.5: Execution time (in seconds) éomputé¢ ) (HFDB PE, mixed-precision
CPUs!, Atoms- 64 128 256 512 1024 2048 4096 819p
Pacific 0.000200 | 0.000759| 0.003068 0.012114 0.047487 0808450.713787| 2.64266
Tesla 0.000442 | 0.001684| 0.003875 0.0180B3 0.056B380 02B540.785507| 2.38867
Ed 0.000257 | 0.001000 0.00391f  0.015484 0.060p61 @RBH 0.909389 3.35794

Table 6.6: Execution time (in seconds) éomputé ) (HFDB PEand WF, mixed-precisign

CPUs!, Atoms— 64 128 256 512 1024 2048 4096 8192
Pacific 0.000870( 0.003457 0.01393F 0.055704  0.222%34  0%¥B423.50169| 13.76689
Tesla 0.000933| 0.002147 0.01079p  0.035660  0.135185 08%®642.00233 7.18308

Ed 0.000882| 0.003499 0.01390p  0.055614  0.223(017 00:x303.61517 14.3442

Table 6.7: Execution time (in seconds) éomputé¢ ) (HFDB PE, WF, and KE, mixed-precisipn

CPUs|, Atoms- 64 128 256 512 1024 2048 4096 8192
Pacific 0.002034| 0.008192] 0.032843  0.132315 0.529312 2612228.46132 27.4539
Tesla 0.001700| 0.003880, 0.018476 0.063733 0.246816  019B§1 3.82599 15.3541

Ed 0.001769| 0.007110, 0.027736  0.1124D1  0.448741 181057.21331 28.5052
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Figure 6.1 Left) shows the execution times (in seconds) for alsiogmputé ) function call for various
problem sizes, when (i) only thdFDB potential is calculated, (ii) only the trial wavenction is
calculated, and (iii) only the kinetic energy corgiion is performed. In Figure 6.2€ff), we repeat our
experiments with th&APT2potential energy. These times are measured amgéesiore of the dual-core
dual-processor AMD OpteroRacific (our baseline platform throughout this dissertgti?Ve obtain the
times for each of the functions to better undeibtahich of these functions dominate the computation
and how partitioning the application to map thesmputations on FPGA or GPU co-processors would
accelerate the overall application. For the abawedases, the analytical functions that we empdwyttie
trial wave function and hence for the kinetic etyesige unchanged. In the case of i#feDB potential, the
calculation of all the terms contributing to the ralkekinetic energy is the most dominant part of th
computations, followed by the calculation of wawmdtion and the potential energy. When 8%&PT2
potential is used, the potential energy forms theidant part of the computation, with the execution
times of kinetic energy closely following the pdiahenergy. We summarize these results in Figurks 6
and 6.2 Righ)) for N = 1024 to 8192 to compare the execution timehi@HFDB and SAPT2potential

energy calculations, relative to the trial wavedtion and kinetic energy calculations.
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In Table 6.8, we provide the execution times of @EC algorithm onPacific, where we sample 10
configurations computing 200 equilibration and 20€ady-state iteration& & 10,leq = 200,lss= 200).
The last two rows of Table 6.8 provide the exeautimes of the QMC algorithm including calculations
of both potential and kinetic energy, yielding ttetal ground-state energy for an atomic clustere Th
experiments are repeated whHeRDB andSAPT2potentials are employed. These results are surnethri
in Figure 6.3. An interesting observation from Tabl8 is that the calculation BfFDB potential energy,
trial wave function, and kinetic energy takes rdygihe same amount of time as tBAPT2potential
energy and WF calculations. From these resultsedlsas those summarized in Figures 6.1 and 6.8, it i
clear that the performance of the CPU implementdteavily depends on the analytical functions it

employ for the potential energy, kinetic energyd &l wave function.

Parallelization of the QMC algorithm is accomplidhby distributing the configurations among the
processors in a multiprocessor environment. Eacltgssor uses a uniquely seeded random number
generator to eliminate any correlation betweenréimelom number streams. A Message Passing Interface
(MPI) implementation is set up and we divide tBeensembles (or configurations) amongroc
processors. In our experiments, we use a maximurd @rocessors orPacificc. We perform the
experiments for the serial casgpfocs=1) and fornprocs= 2, 3 and 4. Tables 6.9 and 6.10 show the
results from the MPI implementation of the QMC altjon for HFDB potential and WF calculations,
and forSAPT2potential and WF calculations. The simulation pagtars arde = 120,lgq = 200, andss=

200. Communication between the processes is neadgdbthe end of the algorithm when the slave
processes send the results to a master processh wbcumulates the results to calculate the average
ground-state energy. Hence, as one would expecachieve a linear speedup in this case. Thea#ges

are summarized in Figure 6.4 for tHEDB potential and WF calculations.
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Table 6.8: Execution time (in seconds) of the $&MC algorithm onPacific Cray XD1 2.2 GHz
Opteron E = 10,lgq = 200,lss= 200 iterations)

Functions! , Atoms-
64 128 256 512 1024 2048 4096

HFDB Potential 0.813164 3.1560¢ 12.4238 49.453|75 B96.8 773.960 3054.45
SAPT2Potential 5.36394 21.5193 86.5714 354.708 1407,5%567.32 22443.2
HFDB and WF 3.47493 13.9419 55.8101 223.177 890.905 3.332| 140154
SAPT2and WF 9.02411 32.4207 130.0553 521.064 2148111 85.82 33185.4
HFDB, WF and KE 8.17277 32.8224 131.2376 525.549 2803.6 8423.31 33594.4
SAPT2 WF and KE 12.5659 50.3417 203.2685 812.239 3253.513071.2 52168.9

Table 6.9: Execution time (in seconds) of the MR@algorithm onPacific Cray XD1 2.2 GHz
Opteron (withHFDB potentiaI)Jr (E =120,lgq = 200,lss= 200 iterations)

Function!, Atoms- 64 128 256 512 1024 2048
nprocs=1 | 41.02160| 165.0960  657.34731 2667.7498  104914842172.12

HFDB | nprocs=2 | 20.55574| 82.62442  329.93740  1318.73519  524B.85 21119.15
Zﬂtde?,\t,'ﬁl nprocs=3 | 13.71532| 55.01988  220.30582 883.53758  3519.45314083.77

nprocs=4 | 10.26351 41.32460 166.09703 673.46069 2640.3/7210867.63

T Simulated up tdN = 2048 due to extremely long run times for lakge
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6.3. Cray XD1 Hardware Accelerated QMC

The hardware accelerated QMC application is tacgetethe Cray XD1 HPRC platform. The QMC
application runs on a single core of a compute nmuéCray XD1 and the potential energy and wave
function calculations are implemented on the VidekX160 FPGA. The use of a higher gate density
FPGA such as the Virtex-4 allows us to map the m@kand wave function calculations on a single
FPGA. Cray also provides the Application AccelenatiAPI [43], which are a set of functions to access
the FPGA within an application on the Opteron udling Linux operating system. The command line
FPGA control utility provided by Cray can also med to control the FPGA, such as resetting the FPGA
or loading the bitstream onto the FPGA [43]. Thegoamming interface provided by Cray for the XD1
system greatly simplifies interfacing an applicatrmnning on the Opteron with the design implemente

on the FPGA.

As outlined in Chapter 4, the kernels of the chéawispplication are coded using the hardware
description language, VHDL, and the design is sgsited using Xilinx XST tools, which is part of the
Xilinx 8.1 ISE/EDK toolkit [111]. The place and rmuis also performed with the Xilinx ISE tools. A
hardware-software partitioning method is used;hhst processor initializes the configurations amal t
FPGA calculates the potential energy and trial wianetion of each configuration. The results arenth
transferred back to the host processor, which @soithether to accept or reject the configuraticende,
we only need to replace tikemputé ) function, where we calculate the trial waveduon, and potential
energy in the original software application witle tRPGA function call. The interpolation coefficient
and parameters required by the FPGA are directlitenronto the Block RAM from within the QMC
application running on the Opteron. A set@N) partial accumulated results are written to reggsand

read within the host application. On the Virtexak are unable to fit all the functions contributitogthe
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overall kinetic energy. Hence, the results fromtipgr the potential energy and wave function are

presented in this discussion.

Our design operates at 100 MHz and is deeply pipdl(58 pipeline stages) and we use a combinafion o
the dedicated DSP48s and slices to implement nfieltgp Table 6.10 shows the summary of resources of
the PE and WF ported to the Cray XD1. The potemringrgy calculation uses roughly 25 percent of all
the FPGA resources and hence we are able to fitFapifpeline on the same FPGA. Placing multiple
pipelines on the same FPGA allows independent taitshare resources. For instance, in our current
design, the distance calculation module along wWithBlock RAMs that store the configurations can be
shared by PE and WF pipelines. With both PE andkéffRels ported to the FPGA, the design consumes
roughly 50 percent of the FPGA. The remaining resesi can be used to simulate larger clusters or fit
additional functions. We could also use the av#latesources to calculate related ground-state
properties, which are often of utmost importanaestodyingN-body systems. Table 6.11 compares the
FPGA execution times for aomputé ) function call (including the time for data tsdars and
computation), that calculates only the potentia¢rgy, or both potential energy and wave function.
Unlike the CPU implementation, the FPGA implemeéntahas similar run times for the potential energy
functions HFBD and SAPT2, as shown in Figure 6.5, irrespective of theimptexities, due to the
generic interpolation approach used to evaluatduhetions. We compare the FPGA run times for PE

and WF calculations to the CPU execution time®aaific in Figure 6.6.

Table 6.10: FPGA resource usageRatific Cray XD1 Virtex-4 VLX160 FPGA

Kernel /Resource type PE PE and WF
SLICEs (67,584) 17, 984 (26%) 30,432 (45%)
BRAMs (288) 79 (27%) 147 (51%)
DSP48s (96) 25 (26%) 50 (52%)
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Table 6.11: Execution time (in seconds) for FPGAederateccomputé ) per iteration orPacific Cray
XD1 2.2 GHz Opteronfiked-poin})

Function: , Atoms— 64 128 256 512 1024 2048 4096
HFDB/SAPT2

Potential Only 0.000075| 0.000131| 0.000373 | 0.001367 | 0.005322 | 0.02108 | 0.08398
HFDB/SAPT2

Poter;tial and Wave | 0.000137 | 0.000191| 0.000450 | 0.001450 | 0.005381 | 0.021169 | 0.084141
unction

0.09

T
I FPGA Potential Energy
I FPGA Wave Function

Execution time (seconds)

512 1024 2048 4096

Number of atoms

Figure 6.5: Comparison of execution times (secofatdfPGA-acceleratedomputé¢ ) for PE and WF on
Pacific Cray XD1 2.2 GHz Opteron (shown fr= 512, 1024, 2048 and 4096)
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Figure 6.6: Comparison of CPU and FPGA executiows (in seconds) faomputé ) for PE and WF
calculations orPacific Cray XD1 2.2 GHz Opteron with Virtex-4 FPGA

Table 6.12 shows the execution time (in secondsihi® FPGA-accelerated fixed-point QMC application
when simulated for 400 iterations with 10 ensemblé® times are shown for the two cases, when only
potential energy, and when both potential energl/\@ave function calculations, are included. In Fegu
6.7, we plot the execution times for the FPGA-aeabd QMC application along with the double-
precision CPU implementation dPacific for the same simulation parameters, as shown ileTai8.
Figure 6.8 shows the speedup of the FPGA implertientaver the CPU implementation. For tHEDB
potential and trial wave function calculations, wéserve a speedup of ¥@ver the software
implementation as the number of atoms is increasetD96 (the maximum number of atoms the Block
RAMs are currently designed to store in the pregaptementation). With th&€APT2potential and trial
wave function calculations, the speedup approa&f@s over the CPU implementation as we increase
the number of atoms to 4096. While using accelesatbspeed up computations, it is important taens
that the ratio of computation to communication ighhiAs the problem size increases, the computations
on the FPGA far exceed the cost of data transfetssden the FPGA and the processor, and we observe a

significant improvement in the execution times amdteady increase in speedup. For system sizes
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between 100 and 1000 atoms, we still observe adspedrowever the speedup is limited due to the
communication overheads between the FPGA and treegsor. For smaller systems of atoms (less than
50), any performance gained from the FPGA acceéteralf the kernels is offset by the transfer ovadwe
and hence there is no practical benefit from ubiglware acceleration. Increasing the number ohato
only requires trivial changes in the design to éase the depth of the position Block RAMs, prowdin
the capability to researchers to perform largeessahulations of atomic and molecular clusters, Wwhic

are not feasible to realize using laboratory expernits.

Table 6.13 shows the components of the FPGA exeattitite for the QMC simulation of a cluster with
4096 atoms. We also show the corresponding CPUuéirectimes with the two potential energies. The
overheads in the FPGA implementation takes int@actthe time for configuring the FPGA with the
bitstream and the time to load the interpolatioefficients onto the on-chip Block RAM. With the hig
performance RapidArray interconnect that couples BPGA directly to the AMD Opteron, the
communication overhead is negligible compared totithe spent on the actual kernel. The rest of the
application consists of generating the referencdigoration and making a decision whether to acoept

reject the present configuration during each titep sf the simulation.

Table 6.12: Execution time (in seconds) of the FRE8&elerated QMC algorithm dtacific Cray XD1
2.2 GHz OpteronE = 10,lgq = 200,1ss= 200, fixed-poin}

Function!, Atoms- 64 128 256 512 1024 2048 4096
HFDB/SAPD 4.070662 | 4.237045 5.397104 9.4256718 25.469545 B843B| 341.89805(
Potential
HFDB/SAPD 4,239053 | 4.534727 5.56200¢ 9.641202 25.665263 088912 | 342.388814
Potential and WF
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Table 6.13: Comparison of CPU and FPGA executimesi (in seconds) of the QMC algorithm on
Pacific Cray XD1 2.2 GHz OpterorE(= 10,lgq = 200,lss= 200)

Implementation , Components- PE+WF Rest of the applicatiop Overhead Total
FPGA accelerated QMG@ixed-poin} 337.141 1.4161 3.83192 342.388¢
Software QMC @ouble-precisiohHFDB PE 14013.97 1.4161 -- 14015.38p
Software QMC @ouble-precisionSAPT2PE 33184.025 1.4161 -- 33185.441

Execution time (seconds)

Figure 6.7: Comparison of CPU and FPGA executioes (in seconds) for PE and WF calculations on
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As the next step in the FPGA implementation, we tiepkernels to multiple FPGA nodes on the Cray
XD1. Parallelization is achieved in a manner simitathe CPU implementation. We use an MPI setup on
4 computing nodes, each node with a Virtex-4 FPGY¥e perform a QMC simulation with 120
ensembles for a total of 400 iterations. The ensesnaére equally divided among the four nodes. Each
process in a computing node is responsible for iganhg its FPGA, loading the interpolation
coefficients to its FPGA, and processing its setaffigurations using the pipelined FPGA architeetio
produce the potential energy and wave functionr&d leecommunication only at the end of the algorithm
where a master process collects the results fremnsltve processes. Tables 6.14 and 6.15 showdhksre

of the MPI multi-FPGA implementation oRacific with the PE kernel, and both PE and WF kernels,
respectively. In Figures 6.9 and 6.10, we plotekecution time (in seconds) for multiple RC nodes]

the speedup while using multiple FPGAs compared tsingle FPGA equipped node. As we would
expect, we obtain a speedup linear in the numb&P&GA equipped nodes. We reinforce our results thus
far in Figure 6.11, where we illustrate the perfanoe benefits of using a parallel implementaticat th
makes use of the FPGAs, as opposed to a purelwaeftbased parallel implementation. With four
computing nodes, equipped with reconfigurable devion thePacific Cray XD1, we demonstrate a
speedup of 1680over the software implementation, in contrast tgpaedup of ¥ with four computing

nodes (or) processors without reconfigurable l@jgnents.
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Table 6.14: Execution times (in seconds) for thd Miplementation of hardware-accelerated QMC (PE
only) onPacific Cray XD1 2.2 GHz Opterork(= 120,lgq = 200,lss= 200)

Function!, Atoms- 64 128 256 512 1024 2048 4096
nprocs=1 6.78035 10.0005¢ 22.1995B8 70.94682 263.8102 25.747 | 4034. 041
PE only nprocs= 2 5.22259 6.61824 13.17679 37.57461 133.8511 83%99.| 2031.912
nprocs= 3 4.81228 6.08553 9.77974 26.27093 90.49975 4842.| 1355.945
nprocs= 4 4.55843 5.39152 8.54499 20.65115 68.89143  259.3 1018.139

Table 6.15: Execution times (in seconds) for thd Miplementation of hardware-accelerated QMC (PE
and WF) orPacific Cray XD1 2.2 GHz Opterori(= 120,lgq = 200,lss= 200)

Function!, Atoms— 64 128 256 512 1024 2048 4096
nprocs=1 8.40904 | 12.09592 24.12624 73.64530  266.0770D27.975 | 4036.189
nprocs= 2 6.29558 7.53265 14.2728] 38.73011 134.7992 786%. | 2032.961
nprocs= 3 5.38157 6.59500 10.7981p 27.02720 91.27919 .236B | 1356.698
nprocs=4 | 5.022011| 5.87889 9.16111 21.18694 69.46543 9759.| 1018.675
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Figure 6.9: Execution time (seconds) for QMC udimy MPI multi-FPGA implementation dPacific
Cray XD1
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6.3.1. Error Analysis

Scientific applications commonly use floating-poimpresentation as they allow for high precision
arithmetic and higher dynamic range compared tedigoint representation. The QMC software
application employs 64-bit double-precision flogtimoint representation. One of the important comeer
while using the FPGA accelerators for scientifianputing is whether they can offer a performance
improvement without any loss in numerical accuratlye use of floating-point representation on the
hardware is more expensive and slower than usinigtager representation. We overcome this problem
using a fixed-point representation, which is eda#int an integer representation. The fixed-point
representation used for the squared distanceféeetpipelines and potential and wave functiomltes
(prior to accumulation) is shown in Table 6.16.1dgsa fixed-point representation allows us to saea a
and increase the speed of operation. Since thenjmltand wave function values are rescaled toelss |
than or equal to 1, their fixed-point representaiase 52 bits after the radix point. These reptatens

deliver the required accuracy for our chemistryligggion.

Figures 6.12 and 6.18how the absolute error of potential energy andewknction for the 52-bit
hardware versus the same function expressed int&ibbble-precision (52-bit mantissa) floating poin
representation. The plots are shown on a log (Baseale so that we can equate the error with itiseob
precision. The plots show that the error for fixgalnt spline levels out nicely at our 52-bit maximu
fixed-point limit, although the floating-point regsentation has smaller error and is more precike. T
fixed-point version for the potential fails for ¢gr values of?. However, the squared distances in our
application are confined within'2and the fixed-point potential energy and trial wdunction values
compare well with the floating-point values withthis region. Hence, we can safely ignore the

degradation of accuracy in this poor region.
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Table 6.16: Fixed-point representations for FPGAlementation of QMC kernels

Parameter

Fixed-point formats
(s-signed, u-unsigned)

(%, y, 2 positions

s12.20

Squared distances u27.26
Potential energy and wave functior s0.51
Interpolation coefficients s0.51

" chndvle pRECIS N SpANE i
52-bit fived pracizion spins

Ieg., (Absolute Error)

2 4 G B
log ,(r?)

10 12

Figure 6.12: Absolute error of potential energy

30k

log,, (Absolute Error)
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dowble precision splume
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Figure 6.13: Absolute error of wave function
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6.4. GPU Implementation

The results from the naive and optimized GPU impletations of thédFDB PE kernel are summarized
in Tables 6.17(a), (b)-6.20(a), (b). We plot theules from Tables 6.17-6.20 for both the naive and
optimized implementations in Figures 6.14 — 6.h/Tables 6.17(a) and 6.18(a), we show the execution
times (in seconds) for eomput¢ ) call (times for data transfers and the GPU &kmexecution) that
evaluates th&lFDB PE kernel on the C870 and C1060 Tesla GPUs usigtpsprecision. Tables 6.19(a)
and 6.20(a) show the execution times (in seconaspicomputé ) call that evaluates thdFDB PE
kernel on the C1060 using double- and mixed- pi@tjsrespectively. It is interesting to observe the
transitioning of the “optimal” number of threadsdamblocks for various problem sizes. For best
performance, it is important to have the right nembf threads, which keeps a multiprocessor busy to
maximize thread-level parallelism, as well the tighumber of blocks to maximize the use of
multiprocessors to take advantage of task-levedljfgdism. For each time slice, the GPU kernel fekch
NT memory elements, whefieis the number of threads in the block and the gfzbe matrix isN x N.
Hence increasing the number of threalisgdecreases the accesses to the device memorye aherl6
multiprocessors on the C870 and 30 multiproceszothie C1060. The number of multiprocessors places
a lower limit on the “optimal” number of threads, which is chosen so that the number of threadksloc
N/T, is greater than 16 and 30 on the C870 and Cl€§fectively, so the multiprocessors are not idle.
Inspecting the results in Tables 6.17(a), 6.1&d)9(a), and 6.20(a), for small problem siZds; 256

and 512, the use of = 32 is optimal as this results in a larger numbiethread blocks, keeping the
multiprocessors busy. (Fdt = 256, it is true that the use df< 32 yields even small execution times).
For larger problem sizes, there is a balance betvilee number of threads and the number of thread
blocks scheduled on the multiprocessors. This l¢éadise performance variations between the C870 and
C1060 with 128 and 240 processing cores. For igstareferring to Table 6.17(a) on the C870 GPU,

whenN = 4096, the use of = 32 (so that number of thread blockBT = 128, which is the maximum
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number of concurrent thread blocks on all SMsgsslefficient than the use B 64 which results in 64
thread blocks, each with 64 threads. Comparingtththie C1060 results in Table 6.18(a), using 32

still yields the lowest run time as the C1060 vBthSMs can have a total of 240 blocks. Howeveemwh
N = 8192 usingl = 32 results in 256 thread blocks which is gretttan 240, yielding a higher run time

than the use of = 64, which results in 128 thread blocks.

For the double-precision naive implementation ogld€1060 shown in Table 6.19(a), using 32 threads
yields the best performance for all problem sizesaN = 4096 for reasons discussed earlier. U3ing

64 gives the lowest run time as in the case oflsipgecision. A smaller number of threads resuits i
larger number of thread blocks which are assigrexdnpultiprocessor to hide the latencies of pipeline
instruction execution, which in double-precisioancdake a large number of clock cycles. The mixed-
precision implementation results in Table 6.20(&hilgits a similar behavior to the results discussed
earlier, but yielding a performance substantialtgager than the double-precision implementation and
only slightly lower than the single-precision perfance. Tables 6.17(b)-6.20(b) present the refualts

the optimized implementation. We observe a sintiland in the performance as we vary the number of
threads, as with the naive implementation. Howeivethis case, we only compute the lower triangular
matrix, which results in a reduction in the exeomtiime percomputé ) function call in all the cases. We
choose the number of threads as 64 for our dismussh Figure 6.18, we compare the speedups (per
computé¢ ) iteration) of the naive and optimized implenaions in single-precision for the PE
calculation on C870 and C1060, double-precisiorC&060 and mixed-precision on C1060. The single-
precision optimized implementation on C1060 yieddspeedup approaching 30@or 8192 atoms) over
the baseline CPU implementation Bacific. The optimized versions using mixed-precision dro@D,
and single-precision on C870 offer a speedup ox2%5Be naive and the optimized double-precision
implementation on C1060 exhibit the least perforogarproviding speedups approaching 2td 4&

respectively.
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Table 6.17(a): Execution time (in seconds)domputé¢ ) (PE kernel, single-precision, najven C870

Threads! , Atoms— 256 512 1024 2048 4096 8192
32 0.000353 0.001020 0.001884 0.002838 0.0055p2 18643
64 0.000360 0.001023 0.001864 0.002792 0.0053[14 16083
128 0.000363 0.001036 0.001931 0.002795 0.0052095 016052
256 0.000409 0.001139 0.002124 0.003185 0.005284 016058

Table 6.18(a): Execution time (in seconds)domputé¢ ) (PE kernel, single-precision, najven C1060

Threads! , Atoms— 256 512 1024 2048 4096 8192
32 0.000329 0.000718 0.001559 0.00261j0 0.005053 18033

64 0.000350 0.000729 0.001403 0.002565 0.005342 13602

128 0.000379 0.000803 0.001681 0.002580 0.005934 015687

256 0.000452 0.000971 0.00187¢ 0.003221 0.005969 020045

Table 6.19(a): Execution time (in seconds)domputé¢ ) (PE kernel, double-precision, najven C1060

Threads!, Atoms— 256 512 1024 2048 4096 8192
32 0.002006 0.003915 0.007061 0.015742 0.0428p2 6361D
64 0.002385 0.004702 0.007614 0.018572 0.049347 56095
128 0.003261 0.006275 0.010691 0.020281 0.063013 186014
256 0.005133 0.010071 0.019014 0.035930 0.069569 252813

Table 6.20(a): Execution time (in seconds)domputé¢ ) (PE kernel, mixed-precision, najven C1060

Threads! , Atoms— 256 512 1024 2048 4096 8192
32 0.000325 0.000897 0.001543 0.002913 0.005915 21081

64 0.000336 0.001039 0.001526 0.002930 0.006372 160001

128 0.000386 0.001157, 0.001748 0.002938  0.007282 019688

256 0.000515 0.001252 0.002254 0.003933  0.007292 025053
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Table 6.17(b): Execution time (in seconds)domputé ) (PE, single-precision, optimizedn C870

Threads! , Atoms— 256 512 1024 2048 4096 8192
32 0.000345 0.000959 0.001779 0.002649 0.005487 14021
64 0.000358 0.000964 0.001771 0.002644 0.0046p7  1185¥
128 0.000365 0.000997 0.001817 0.002656 0.0047/76 012@12
256 0.000372 0.001061 0.00197¢ 0.003024 0.005141 013888

Table 6.18(b): Execution time (in seconds)domputé¢ ) (PE, single-precision, optimizedn C1060

Threads! , Atoms— 256 512 1024 2048 4096 8192
32 0.000321 0.000775 0.00131d 0.002362 0.004341 1028y

64 0.000336 0.000783 0.001327 0.002374 0.004370 0903D

128 0.000349 0.000854 0.001574 0.002603 0.004606 010867

256 0.000372 0.000890 0.001851 0.0030712 0.0057155 011833

Table 6.19(b): Execution time (in seconds)domputé ) (PE, double-precision, optimizedn C1060

Threads!, Atoms— 256 512 1024 2048 4096 8192
32 0.001678 0.003518 0.006214 0.012705 0.0304p5 92039
64 0.002027 0.004131 0.007141 0.013835 0.033445 90882
128 0.002608 0.005509 0.009924 0.018795 0.039108 103883
256 0.003355 0.008222 0.016553 0.032587 0.065010 129098

Table 6.20(b): Execution time (in seconds)domputé ) (PE, mixed-precision, optimizgdn C1060

Threads! , Atoms— 256 512 1024 2048 4096 8192
32 0.000324 0.000884 0.001373 0.002476  0.004738 1163D

64 0.000357 0.001037 0.001405 0.002552  0.004920 11008

128 0.000377 0.001124 0.001573 0.002732  0.005299 012081

256 0.000408 0.001280 0.002104 0.003¢80 0.006979 014000
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The execution times per iteration for thB=DB PE and WF kernels for naive and optimized GPU
implementations are summarized in Tables 6.21(a)6.@)(a),(b). We plot the results for the naive and
optimized implementations in Figures 6.19-6.22. ddserve similar trends in the execution times as se
with the PE kernel. In Figure 6.23, we comparedpeedup performance of a singlemputé ) function
call on the C870 and C1060 GPUs (with 64 threads3us a single iteration of teemputé¢ ) function
using double-precision on the Pacific. The optirdimaplementations on C1060 using single- and mixed-
precision respectively, exhibit the best overaleegtups of about 425and approaching 4@0(for
N=8192) respectively. The naive implementation usimiged-precision on the C1060 and the optimized
single-precision version on C870 offer a speedighty greater than 250 The decrease in performance
of the naive single-precision implementation usbdgthreads on C870 is due to the fact that 256
actually provides the lowest execution time in ttése as shown in Table 6.21(a), probably duedo th
fact there are more active threads per procesadinlg to a number of active warps, which are usteful
hide global memory latencies, especially with laijeThe double-precision performance shows the

lowest speedup, approachingsthd 2% respectively, for the optimized and naive versions
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Table 6.21(a): Execution time (in seconds)domputé¢ ) (PE and WF, single-precision, najven C870

Threads!, Atoms— 256 512 1024 2048 4096 8192
32 0.001090 0.002451 0.005169 0.009157 0.0337p4 990
64 0.001120 0.002485 0.005154 0.009099 0.0219p1  8602B
128 0.001168 0.002594 0.005371 0.009105 0.021814 087681
256 0.001466 0.003183 0.006587 0.011334 0.021899 079805

Table 6.22(a): Execution time (in seconds)domputé¢ ) (PE and WF, single-precision, najven C1060

Threads! , Atoms— 256 512 1024 2048 4096 8192
32 0.000952 0.001941 0.003977 0.007575 0.0159p5 6603D
64 0.000981 0.002036 0.004045 0.007954 0.0168[16 43625
128 0.001054 0.002101 0.004189 0.007815 0.019049 051880
256 0.001265 0.002618 0.005172 0.009728 0.019507 069278

Table 6.23(a)Execution time (in seconds) foomput¢ ) (PE and WF, double-precision, najven C1060

Threads!, Atoms— 256 512 1024 2048 4096 8192
32 0.004972 0.009899 0.021607 0.05150p 0.146496 33038
64 0.005947 0.011704 0.022267 0.06091p 0.168887 33061
128 0.008547 0.016736 0.032442 0.062551 0.217189 636070
256 0.015025 0.029582 0.057144 0.111947 0.22237Y6 847832

Table 6.24(a): Execution time (in seconds)domput¢ ) (PE and WF, mixed-precision, najven C1060

Threads! , Atoms— 256 512 1024 2048 4096 8192
32 0.001039 0.002314 0.004104 0.007949 0.0173p5 6961
64 0.001061 0.002382 0.004097 0.008516 0.0185p4 5008D
128 0.001191 0.002589 0.004677 0.008285 0.021340 0590856
256 0.001487 0.003369 0.005862 0.011241 0.021370 078658
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Table 6.21(b): Execution time (in seconds)domputé¢ ) (PE and WF, single-precision, gmin C870

Threads!, Atoms— 256 512 1024 2048 4096 8192
32 0.001048 0.002368 0.004847 0.008340 0.02230 66628

64 0.001081 0.002393 0.004819 0.008468 0.0180p3 51845

128 0.001124 0.002496 0.005027 0.0086Q7 0.019002 054R12

256 0.001177 0.002865 0.005934 0.010495 0.021105 058099

Table 6.22(b): Execution time (in seconds)domputé ) (PE and WF, single-precision, ¢gpin C1060

Threads! , Atoms— 256 512 1024 2048 4096 8192
32 0.000935 0.001980 0.003844 0.007193 0.0142P5 33631
64 0.000937 0.002008 0.004097 0.007226 0.0144p8 32098
128 0.001003 0.002100 0.004161 0.007637 0.015001 033896
256 0.001072 0.002403 0.005092 0.009486 0.018551 038002

Table 6.23(b): Execution time (in seconds)domputé¢ ) (PE and WF, double-precision, ¢mn C1060

Threads!, Atoms— 256 512 1024 2048 4096 8192
32 0.004710 0.009655 0.01837¢ 0.039585 0.098108 12083

64 0.005523 0.011343 0.021461 0.042927 0.106487 0688b

128 0.007307 0.015654 0.030889 0.060608 0.127064 354082

256 0.009292 0.023907 0.05132% 0.105503 0.214389 446043

Table 6.24(b): Execution time (in seconds)domput¢ ) (PE and WF, mixed-precision, ¢pn C1060

Threadsl , Atoms— 256 512 1024 2048 4096 8192
32 0.000956 0.002470 0.00415( 0.007636 0.0152r6 36092
64 0.000996 0.002338 0.004105 0.007637 0.0155B0 35640
128 0.001056 0.002629 0.004534 0.008238 0.016280 037030
256 0.001167 0.003142 0.005531 0.010730 0.021085 044063
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We present the results from a QMC simulation withehsembles and a total of 400 iterations in Table
6.25. The results while using 32 and 64 threadhénnaive and optimized implementations with mixed-
precision on the C1060 GPU are summarized in Tala®. &ach of the optimized implementations has
smaller run times over the corresponding naive émgintations. For smdll, however, there is not much
benefit. However, a8l increases beyond 4096, the execution time of fiienized implementation is
significantly reduced, with half the execution tiinethe case o = 8192 with 64 threads. In Table 6.26,
we present the results from the MPI implementatibthe QMC algorithm where we use 120 ensembles
and divide them across two C1060 GPUsTasla Each GPU works on its set of ensembles and the
results are sent to the master process from thex @RU at the end of the algorithm. As seen frotblda
6.26, using two GPUs, we obtain a speedup of @@r a single GPU for our application. We will ess
the numerical accuracy delivered by the floatingapoepresentations on the GPU (single-, doubled, a
mixed- precision versus the double-precision on @) in the following section. For the present
discussion, we assume that the mixed-precisionesgptation, which provides the best speedup
performance next to single-precision, as shown igufé 6.23, also delivers the required numerical

accuracy for our application. In Figure 6.24, wenpare the speedup of the optimized implementations
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using mixed-precision, with 32 and 64 threads, eetipely on the C1060 GPU (data presented in Table
6.25) versus the software QMC Bacific using double-precision. We also plot the speedupefixed-
point FPGA implementation for the same simulatiangmeters. We show our results uiNte 4096 (the
maximum number of atoms that can be presently sitedl using the FPGA implementation). The
optimized GPU implementations using mixed-precigoovides the best speedup exceeding«2@5N =
4096 over thePacific CPU implementation. The FPGA fixed-point implenagitin shows a speedup of
40x over the CPU implementation. The GPU implementatiotperforms the FPGA implementation by a
factor of X. As seen in Section 7.2, the factors that domittadehardware execution time on a single RC
node are the FPGA clock frequency, as well as #padity, i.e., the number of pipelines or procegsin
elements that can concurrently operate on the FR@hce, with a larger FPGA device (hence more
pipelines) and an increased clock frequency, weulshexpect speedup improvement of the FPGA
implementation. Following our discussion on theoeperformance on the GPUs, we will compare these
platforms for our application, and propose waysahbining them effectively to map different portson

of our application onto these platforms.

Table 6.25: Execution time (seconds) the QMC atlgor with (E = 10,1gq = 200,1ss= 200) nixed-
precisior) on Tesla C1060 for the naive and optimized imgletations

Implementationi ,
Atoms- 64 128 256 512 1024 2048 4096 8192

Naive: 32 threads 1.27294 2.5103 4.76282 12.31176.84T1 | 32.7499 71.0266 297.686
Naive: 64 threads 1.3028% 2.22171 4.04569 9.5716 .83928 | 35.6336 79.9690 300.521
Opt: 32 threads 1.21485 2.0546 3.77917 9.06793 9223.| 30.6861 61.1407 155.903
Opt: 64 threads 1.2309¢§ 2.1183 3.92078 9.30856 3868.| 34.4427 62.2520 143.350

Ok lo|N

Table 6.26: Execution time (seconds) of the QMC Mflementation off eslamachine with
two C1060 GPUs (optimized, 64 threansxed-precision(E = 120,lgq = 200,lss= 200)

Function! , Atoms— 64 128 256 512 1024 2048 4096
nprocs=1 | 14.6556 | 25.3745(  46.9944 1115926  198.1403 9362.| 746.9485
PEand WF| nprocs=2 | 8.32221| 13.7645 24.9424 66.3183 108.9617  388.4 398.3458
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thedouble-precisiorCPU implementation oRacific Cray XD1 2.2 GHz Opteron

We observe from Figure 6.23 that the single-preni$sPU implementation on Tesla C1060 provides the
best speedup, followed by the mixed-precision im@etation. While a platform and the various
implementations on the platform might exhibit a d®peedup performance, inspecting the accuracy it
delivers to produce results that are scientificaliganingful, acceptable, and interesting, will hefp
better assess its suitability for an application/e plot the relative errors of the single-precisimd
mixed-precision GPU implementation of the QMC agqxgation in Figure 6.25. We observe that the single-
precision pair-wise potentials have a relative reperformance of 1.4x10(for N = 8192) to the double-
precision CPU implementation. The pair-wise potdatiin mixed-precision show a relative error
performance of 0.85x10(for N = 8192). In this case, the function evaluations done in single-
precision and the in-place reductions are donegustruble-precision on the GPU. The final reductiohs
the O() potential energies and wave function values enhibist are done in double-precision. In Figure
6.26, we plot the relative error performance of ttmible-precision GPU implementation versus the
double-precision CPU implementation. The doublesisien GPU implementation has relative errors of
1.4x10" for a cluster with 8192 atoms. But this also castgk more execution time to get this level of
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error performance. For large atomic clusters, ttoeigd-state energies are not known experimentallly a

hence the mixed-precision error performance isam@sly acceptable and within the tolerance limit to
compute the energies. Another advantage with thil@mentation is that the parameters for the wave
function that yield the ground-state energies arekmown and one typically optimizes the parameters
during the course of the simulation. Hence, we d@agle a mixed-precision approach to experiment with

the parameters and subsequently fine-tune the gaeasnusing a higher numerical precision.
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In this chapter, we compare individual CPU, and APé&nhd GPU platforms (FPGAs and GPUs are used
as hardware accelerators), for the QMC applicatitle. demonstrate the effectiveness of each of the
platforms, by providing the speedup and error perémce. Of the implementations, QMC on CPU
required the least design effort. The GPU implemigon required a modest amount of effort, with an
initial learning curve for CUDA programming. The FRGdesign took the highest amount of
development time and effort, both for programmingGRR using a hardware-description language as
well as for placing-and-routing the design to geterthe design bitstream that is downloaded to the
FPGAs. Our approach significantly reduces the FRfg&ign effort by developing a general-purpose
framework that allows us to reuse our design toutate a variety of functions of interest [118].nde,
while this involved a considerable amount of tinmel &ffort initially, implementing additional funcins

is trivial using the interpolation framework. OretBPUs, a non-trivial programming effort is involved
optimize the calculation of analytical functionsdaorchestrate device memory accesses appropriately.
Comparing the costs of these platforms, presentndalfi-core processors cost a few hundred dollars;

high-end GPUs cost a few thousand dollars andstsctens of thousands of dollars for a HPRC FPGA

114



platform. Given the differences in cost and thegpamming effort associated with these platforms, the
question arises if a platform is suitable for ogplécation and is it justified in terms of the pric
performance ratio and the development time andteffbile using the platform. In the following chapt

we develop analytical performance models to undedsthow to best map the application to the
computational resources available on these pladoilthe models can help us predict and charactémeze
performance on various platforms, to better undesthe suitability of a platform. If it is indeg@dbtified

in terms of performance, to invest in one or madr¢hese platforms, and assuming a hybrid computing
platform that combines different architectures exiperformance models are extremely useful totifyen
the ways of partitioning application, so we canleitpghe different levels of parallelism availablth

these architectures.
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1. PERFORMANCE M ODELING

Performance models provide better insight intoahplication and help us understand, analyze arebass
its performance (and bottlenecks) on various piatdo They can also be used for optimization by
exploring the best ways of partitioning, mappingd &cheduling the code. Performance models can also
be used for predicting and characterizing applicaperformance with different architectures to asse

their effectiveness.

In this chapter, we discuss our analytical perforceamodels for individual CPU, FPGA, and GPU
platforms. We develop the CPU performance modekkgressing the execution time components in
terms of the problem size and model parameterveteifirom profiling the application. We develop a
clock cycle accurate model for the execution tinmeFPPGAs. We also use this model to predict the
execution time on related reconfigurable platforeveloping an accurate performance model on the
GPUs is difficult due to the hardware limitations w&ell as constraints imposed by the programming
model. Unlike traditional microprocessors, the l@wel architectural details are not available, vhic

makes it harder to understand the resources thavailable.

7.1. CPU Performance Model

The simulation parameters of the Quantum MontedJQ&MC) algorithm are given below:

* Problem size, which is the number of atomsl =

 Number of ensembles E
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Total number of iterations, which is the sum ofiéhration iterations (gg) and the steady-state

iterations (sg), given byl =lgq + Iss

Figure 7.1 shows the execution steps of the QM@ralgn on CPU. The right side of the flow chart

shows the computational complexity of each stefhefalgorithm. The left side of the flow chart slsow

the number of times (iterations*ensembles) eagh istperformed. As seen from the flow chart, theJCP

execution time consists of the following components

The time for initializing the scalable parallel dam number generator (SPRNG), which does not

depend on problem size is denotedtRy . This time is set equal t&,q as shown in Equation

7.1. The value oK is derived from profiling the application.

ting = King (7.1)

The time for initializing the reference configutj which depends 0N, is denoted by, . This

is done 3N timescorresponding to thex(y, z) co-ordinate positions as shown in Equation 7.2.

The value oK, is derived from profiling.

t, = 3*N*K, (7.2)

The time for obtaining the perturbed configuratiovhich depends\, is denoted byt,. We

invoke thesprng ) function once for each of the co-ordinate poei of N atoms, for a total of

3*N times. We obtain the value &f, from profiling the application.

tp = 3*N*K, (7.3)
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Figure 7.1: Execution steps of the QMC algorithmGiJ

 The time for computing the co-ordinate distancesvben the atoms and the ground-state

properties (potential energy, kinetic energy, aial tvave function) depends dwi and is OK?)

in the number of atoms. This component forms tHk bluithe execution time and is given lyy.

The constantK, K¢, Kez and K, correspond to the contributions from distancedaton,

potential energy, kinetic energy, and trial wavedtion calculations ta, .

tc = N*(N_l)/Z*(Kcl"'Kcz+Kc3+Kc4)

(7.4)

For our analysis, we ignore the trivial contribuiofrom the times to decide whether to accept a

configuration and the times for accumulating thergres for I steady-state iterations, which do not

depend on the problem si2¢, Hence, the total time for the QMC algorithm oe ®PU, tcpy, IS given

by Equation 7.5.

tcpy =tmgt by + i +Z Z (tp +tc)

i<l j<E
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Table 7.1 describes the parameters used in the @&d¢l and lists their values derived from profiling
The measured run times for the various componentSquation 7.5 are averaged over 10 runs. The

parameter,K,,q, is set to the average execution time for intialj the Scalable Parallel Random
Number Generator (SPRNG),,q. Table 7.2 compares the actual execution times thadpredicted

results from the model (in seconds) for initialgithe reference configuratior,, asN is varied from

256 to 8192 (in powers of 2). Table 7.3 comparesmieasured and predicted results for the timgsto

perturb the configuration to obtain the proposedfigoiration. Table 7.4 compares the measured and

model results for the execution times for a singdenpute function callt., for individual components

such asSAPT2-Hepotential energy, trial wave function, and kinegitergy. We observe that the model
error is below 3% for potential energy and below fi¥owave function and kinetic energy calculations.
Figure 7.2 compares the measured and model exaduties for a single compute function call with PE,
WEF, and KE calculations. In Table 7.5, we list tgerimental results for a complete QMC simulation
with potential energy and trial wave function céétions, when we have 10 ensembles and run the
simulation for a total of 400 iterations, consigtiof 200 equilibration and 200 steady-state iterati We
use the model parameters obtained from the prgfdinvarious components to obtain the executioe$im
for the overall simulation. Comparing the actuad amodel results, we observe a model error of lleas t
5% as we vary the number of atoms in the simulafidwe kinetic energy calculations are also incluihed
the QMC simulation and we show the measured anceimedults in Table 7.6 for the same simulation
parameters used in Table 7.5. The model error lestiee average execution times and predicted fignes
less than 2%. These results are plotted in FiguBe We also use the model to predict the execution

times for a cluster with 8192 and 16384 atoms asvehin Tables 7.5, 7.6, and Figure 7.3.
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Table 7.1: CPU model parameters learnt from pruafili
(onPacific Cray XD1 2.2 GHz AMD Opteron)

Constant Constant description Value from
Profiling

Ket Distance calculation parameter 1.0990e-08
Keo Potential energy parameter 6.3127e-07
Kes Wave function parameter 3.3384e-07
Kea Kinetic energy parameter 6.0315e-07
King Initialization of SPRNG 0.00227

K, Initialization of reference configuration 5.71688-0
Kp Perturbation of the configuration 2.4202e-08

Table 7.2: Measured and predicted execution tiimeseconds) to initialize a reference
configurationt, (onPacific Cray XD1 2.2 GHz AMD Opteron)

Execution time
(seconds) , Atoms— 256 512 1024 2048 4096 8192
Experimental results| 3.09944e-06 1.01566ef05 16086 | 3.21388e-05 7.06196e-0b  0.000139570
Model results 4.3903e-06 8.7806e-06 1.7561e105 236105 7.025e-05 0.0001405
Model error (%) 41.6638 13.5441 4.6289 9.2882 0.5265 0.6632

Table 7.3: Measured and predicted execution tinmeseconds) to obtain the perturbed configuration,
t, (on Pacific Cray XD1 2.2 GHz AMD Opteron)

Execution time
(seconds) , Atoms-— 256 512 1024 2048 4096 8192
Experimental results| 2.09808e-05 3.88622e:05 7Z00% | 1.55926e-04 3.06845e-04 5.9891e-D4
Model results 1.8587e-05 3.7174e-05 7.4348e4{05 7084 2.9739%e-04 5.9479%e-04
Model error (%) 114 4.34 3.45 4.64 3.08 0.688
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Table 7.4: Measured and predicted execution tinmeseconds) for a single compute function call,

(onPacific CrayXD1 2.2 GHz AMD Opteron)

Execution time
(seconds}) , Atoms- 256 512 1024 2048 4096 8192
Measured results
(Potential energy 0.020445 0.081886 | 0.327832 | 1.31519 5.26114 21.6459
Model results
(Potential energy 0.019059 0.076387 | 0.305847 | 1.22399 4.89715 19.5910
Model error (%) 2.5% 2.6% 2.5% 2.3% 2.6% 0.16%
Measured results
(Trial Wave Functioh | 0911187 | 0.044868 | 0.180072 | 0.720045 | 2.88660 11,5707
Model results
(Trial Wave Functiop | 0.011255 0.045109 | 0.180614 | 0.722810 2.89195 11.5692
Model error (%) 0.6% 0.5% 0.3% 0.4% 0.2% 0.01%
Measured results
(Kinetic Energy 0.019963 0.079729 | 0.319957 | 1.28376 5.14606 20.6061
Model results
(Kinetic Energy 0.020046 0.080339 | 0.321673 | 1.28732 5.15055 20.6047
Model error (%) 0.4% 0.8% 0.6% 0.3% 0.09% 0.007%

Table 7.5: Measured and predicted results of ©RI time (in seconds)¢py (for SAPT2PE and WF

calculations)E=10, I gq = I sg=200(on Pacific CrayXD1 2.2 GHz AMD Opteron)

Execution time
(seconds) , Atoms-» 256 512 1024 2048 4096 8192 16384
Measured results 130.055 521.065 2148/11  828%.27 18333 -- --
Model results 127.549 511.039 2045.85 8186(78 33758 131029.2 524144.0
Model error (%) 1.97 1.92 4.8 1.2 1.3 -- --

Table 7.6: Measured and predicted results of ©RI time (in seconds}¢p, (for SAPT2PE, KE, and

WEF calculations)E =10, | gq = I gs= 200 (on Pacific Cray XD12.2 GHz AMD Opteron)

Execution time
(seconds}) , Atoms- 256 512 1024 2048 4096 8192 16384
Measured results 203.2686 812.2389 3253.528 1357132168.93 - -
Model results 206.3165 826.7262 3309.831 13245.1299B.47| 211993.33 848020.2
Model error (%) 1.5% 1.8% 1.7% 1.3% 1.6% - --
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7.2. Performance Metrics

Commonly used performance metrics in high perforreanomputing are speedup and efficiency.
Amdahl’'s law [119] for “fixed-size” speedup and @afson’s law [120] for “scaled-speedup” provide the
theoretical performance limits of parallelizatidle use the speedup metric to compare the perforenanc
of heterogeneous parallel systems investigatedhia dissertation over a single microprocessor
implementation. Speedup is given by the ratio & éxecution time of the best serial algorithm on a

single microprocessof,,,, to the execution time on a parallel systém,,., , as shown in Equation 7.6

[121].

SDEEdUp: Tserial (76)

parallel

Efficiency is another useful parallel metric foraléel computing performance. It is given by théa@f

speedup to the number of processing elements shown in Equation 7.7 [121].

Speedup: serial (7 ' 7)

Efficiency= T

parallel * p

7.3. RC Single Node Model

We begin our performance analysis for a single méigarable computing node on the Cray XD1
executing a synchronous iterative algorithm (SIAhis will allow us to investigate the interactions
between the Opteron and the FPGA acceleration gsoce. We start with the performance model
proposed for a class of fork-join algorithms, calfynchronous iterative algorithms (SIA) [105, 128
assume that we have a program segment, whicH Rasations, which are statistically identical with
respect to run times. The RC node could have nel&pPGAs and processors. This is especially true fo
current FPGA-based supercomputers, which use moié-processors and multiple FPGAs. For example,

each computing node on the Cray XD1 consists @figlesFPGA connected to a dual-core dual-Opteron.
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Hence, the program segment can be partitioned lat@ware and software tasks, which execute

concurrently on the FPGA and the processor(s).
Equation 7.8 gives the total time for the SIA rurgibn a single RC node.

[
tgia = tseriali T Max( max(tgy i), Mmax(thwii)) +t i
SIA E[ serial,i (lstm( SW,],I)JSjsn( hW,],I)) comml} (7.8)
For an iteration, tgeig; denotes the serial execution time that cannotdoelerated. The program
segment is partitioned into tasks that run conatiyein software onm processors, given by
tswj,i (1=jsm), and tasks that run on hardware anFPGAs, given byty,i(1<j<n). The

communication time is denoted dg,,mi- The overheads such as configuration of the FP@A a

initialization will be included in the final RC egetion time.

To simplify the analysis, we assume that eachtiteraequires statistically the same amount of time
and hence we focus on a typical iteration. Eaaim isrmodeled as a random variable and hence raplace
using its expected value. We also assume that@fatle random variables is independent and iddhtica

distributed. These assumptions allow us to revidgaation 7.8 as,

tgia=1 {E(tserial,i )+ E{max(lé?sarxn(tswj,i )'];njas)r(](thw’j’i ))} + E[tcommi ﬂ (7.9)

We definetggiy as the expected value tfqiy; and t;ommas the expected value fymm; - Hence

Equation 7.9 can be now be written as,

toia = || teerig) + E| max( max(tey, i ), max(thw i) |+t
SIA {senal { (:Istm( SW’J’I)Jsjsn( hW,j,I)):| comm} (7_10)
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The hardware tasks are deterministic, i.e., onlgedd on clock frequency and the problem side,
Hence, we can obtain this term accurate to the eurob clock cycles. We also assume that the
hardware tasks are identical with respect to roresi, and that the software and hardware tasks tlo no
overlap, allowing us to replace the time for haroaasks with the mean valugy, . The software time
depends on the speed of the microprocessor, antbthputational load on the system. For our analysis
we assume a dedicated system and replace the sotiagk completion time by the expected valdgy, .

Equation 7.11 gives the total time for the SIA osirmgle RC node.

tgia=| [tserial +iswttpw + tcomm] (7.11)

We introduce Equation 7.11 in our final analysis dbtain the total execution time on a single

reconfigurable computing nodez:. We definety,emeaq 8S the time for configuring the FPGA with the

bitstream, teonsigure: @nd for initialization of parameters that arediber FPGA control, denoted atg;; ,

as shown in Equation 7.12, is the time for the serial components of the paoagincluding the time to

initialize the random number generatgy,, and the time to initialize the reference confajion, t, . The
serial time, tgeia, IN each iteration is the mean time for perturbimgconfiguration,t,. In our

implementation, the software and hardware taskaalwverlap and for our model, we ignore the small
amount of time taken to reconstruct the floatingapoesults from the FPGA fixed-point results. Henc

we remove the termg,,, from our analysis. The execution time on a sifigf& node,trc, is given by

Equation 7.13. Using our earlier definitions fomts in Equation 7.13, we write Equation 7.14.
+ it (7.12)

toverhead™ tconfigure

tRC = toverhead"' ts+ tHW +1*E (tserial + tcomm+ tHW) (7'13)
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trc = tconfigure"' tinit + trng e Htpw + I*E (tp +lcommt tHW) (7'14)

We will describe the contributions to the executiome in Equation 7.14 when using an FPGA to
accelerate the algorithm. The parameters are dkfimeTable 7.7. Equation 7.15 gives the time for
initializations of the interpolation coefficientsnahe FPGA. Equation 7.16 gives the time for the
hardware tasks (in our implementation, all hardwasks finish in the same clock cycle). The time fo

loading the co-ordinate positiong.omm, iS given by Equation 7.17.

= Ne*b (7.15)
nit BW
_L+(N(N-1)/2) (7.16)
weE s
_3*N*Db (7.17)
tcomm~w

Table 7.7: Description of FPGA parameters

m Number of hardware tasks
f Clock frequency for the design implemented on tR&RA
Nc 3*m*(fy + 1)

fi - Number of region | coefficients

f; - Number of region Il coefficients

L Latency of the pipeline (=58)

b Number of bits (=64)

BW Bandwidth of the CPU-FPGA interconnect in bits/sato
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Table 7.8 gives the time to transfer the co-ordinmsitions.,,, from the host memory to the on-chip

memory which are done using the Cray API functiaithin the software application. The first row give
the measured times to transfer the positions, whemlesign on the FPGA performing only data trassfe
operates at 199 MHz (which corresponds to a RapaAbandwidth of 1.6 GBytes/second). We provide
the results from the model for a clock frequencyl8® MHz and the transfer times for the actual
frequency of 100 MHz for the complete FPGA desigriiesponding to half the RapidArray bandwidth).
This time forms a small component of the total timethe QMC algorithm as we can see from Tables
7.9 and 7.10, where we report the execution tiniakeoQMC algorithm with PE calculations, followed
by PE and WF calculations, and the model errorriden 5%. The times for PE, and PE and WF
calculations are similar with a small additionaledwad incurred for reading the results and
reconstructing the floating-point results whenwwaere function calculations are also included. Fegn4
compares the measured and model results for thenBBNVF calculations fo = 512, 1024, 2048, and
4096, and as per our discussion, we can see tham#asured execution times agree with the times

predicted by the model.

Table 7.8: Communication overhead (in seconglg),,,, onPacific Cray XD1 2.2 GHz AMD Opteron

Execution time

(seconds) , Atoms- 64 128 256 512 1024 2048 4096
Measured Results | 0.954x10° | 2.289 x1C® | 4.648 x1&f | 8.583x1CP | 1.788x1C° | 3.576x1C | 6.864x1C°
(199 MHz)

Model Prediction 0.894 x1P | 1.788 x1¢® | 3.576 x1f | 7.680x1CF | 1.431x1C° | 2.861x1C° | 5.722x1C°
(199 MHz)

Measured Results | 1.192 x1¢° | 2.718 x1C¢® | 5.721 x1¢® | 9.297x1C¢F | 2.433x1C° | 6.867x10° | 11.445x1C¢
(100 MHz)
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Table 7.9: Execution times (in seconds) of the detepQMC algorithm (PE calculations) &acific
Cray XD1 2.2 GHz AMD Opteron with Virtex-4 FPGA E 10,1 = 400 iterations)

Execution time
(seconds}, 64 128 256 512 1024 2048 4096
Atoms-
Measured Results 3.9556 4.2639 5.2011 9.3111 26.46 88.8541 341.8406
Model Prediction 3.9077 4.1747 5.2003 9.218( 2311| 88.3884 340.7863
Model Error (%) 1.21 2.09 0.02 0.11 1.35 0.524 0.308

Table 7.10: Execution times (in seconds) of theete QMC algorithm (PE and WF calculations) on
Pacific Cray XD1 2.2 GHz AMD Opteron with Virtex-4 FPGA € 10,1 = 400 iterations)

Execution time
(seconds}) , Atoms- 64 128 256 512 1024 2048 4096
Measured Results | 4.1086 4.3337 5.4509 9.6142 25.5955 89.2015 349.062
Model Prediction 3.9078 4.1747 5.2003 9.218( 25119 88.3885 340.7863
Model Error (%) 4.89% 3.67% 4.60% 4.12% 1.86% 0.911% 0.373%

350

T T
I Veasured results (FPGA)
I \odel Prediction (FPGA)

300 -

N
a
S

N
S
S

o
=}

Execution time (seconds)

o
S

50

oL M.

512

1024

Number of atoms

4096

Figure 7.4: Comparison of execution times (in sesdfrom measurement and model (PE and WF) on
the Pacific Cray)XxD1 Virtex-4 VLX160 FPGA forN = 512, 1024, 2048 and 4096
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We use our model to characterize performance cgr #8RGA platforms. The memory bandwidth and the
I/O interface play an important role while usingelerators. The FPGA needs to be constantly feld wit
data to keep the pipeline busy, which is constihimg the host processor’'s memory bandwidth. In our
implementation, the data from the host memory isiamb to the on-chip memory prior to the pipeline
operation using the Cray XD1 API functions. Alonghwsystem architectures, APIs are also critical to
application performance [123]. In our initial ansily, we will predict the performance for the foliog
platforms: (a) an Amirix development FPGA platfomith a Xilinx Virtex-1l V2P30 FPGA [124] and
connected to the host process via a PCI interfa@e ¥bytes/sec), and (b) a DRC platform with a li
Virtex-4 VLX200 FPGA [47] connected to the procass@ Hypertransport providing 3.2 GBytes/sec
(duplex per connection). The Amirix platform prewsby targeted in our work for application
development on FPGAs uses a maximum frequency &85 for our design. We assume the frequency
estimated by the place-and-route process (exclutieglatform) of 140 MHz on the FPGA present on
the DRC platform. We consider the number of harévwasks or pipelinesn = 2, which includes PE and
WEF. We will extend our analysis later to considdditional processing elements or pipelines on gelar
FPGA and how this impacts performance. Figure idws the execution time predicted by the model for
the Amirix and DRC platforms. We also plot our dsurom the Cray XD1 implementation, which
operates at 100 MHz, and the projected executioe if the design were to operate at 199 MHz, the
maximum FPGA clock frequency. Our Cray FPGA implatagon is 1.% faster than the Amirix
implementation, which is alsaxzlower than the projected DRC implementation. Here,assume that
the Amirix and DRC platforms provide the same leseAPI interfaces as the Cray XD1. However, any

overhead incurred without efficient APIs would et impact performance.

We also target the design to the Virtex-5 SX240 BRG] present on the Nallatech FPGA systems. We
may recall from our earlier results that on thet&#r4 FPGA, roughly 50 percent of the resourceswer

used for the PE and WF calculations. On the ViBekPGA, roughly 10 percent of the DSPs and
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BRAMSs, and 28 percent of slices were used. PAR edtionates a frequency of 166 MHz for our design.
Optimizing the resource usage to achieve the tighance between the usage of DSPs and slices should
allow us to fit multiple pipelines or include kimeenergy calculations on the FPGA. The large nurobe
36-kbit BRAMs available on the Virtex-5 SX FPGA Widlso allow us to simulate clusters containing
more than 4096 atoms. If we can improve the cloefudency to 200 MHz, we should expect a speedup
of 2x over our present Cray XD1 implementation at 100 Midzshown in Figure 7.5 (corresponding to
the Cray XD1-199 MHz design) and a further improeamin speedup with the inclusion of multiple

identical engines or additional functions on thet&4-5 FPGA.
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Figure 7.5: Comparison of projected execution tifreseconds) on various FPGA platforms

130



We extend the use of the performance model aslaaguedict performance, while exploiting additan
functional parallelism, to map functions currenpgrformed on the CPU to a larger FPGA device
concurrently using our general interpolation frarogv On a larger FPGA, we can fit the potential
energy, trial wave function, and kinetic energycoddtions on a single FPGA. In Figure 7.6, we compa
the predicted results versus the CPU executionstifice a cluster of 4096 atoms. We refer to our CPU
execution times oPRacific reported in Chapter 6 for 10 ensembles and sieditimtr 400 iterations. In our
FPGA model, we account for the additional overheadirred to load the interpolation coefficients for
the kinetic energy evaluation. Hence, if we carttfé potential energy, trial wave function, andekia
energy on a single FPGA using the general intetijpolaframework, we can expect the performance
shown in Figure 7.6, which corresponds to a speedup0« over the CPU implementation. We can
further extend the proposed model to predict thkopmance of systems with multiple RC nodes ané tak

into account the contention for bandwidth by thdtiple nodes.
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I \ieasured results (CPU)
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Figure 7.6: Comparison of measured CPU and FPGAutiam times (orPacific Cray XD1 Opteron 2.2
GHz with Virtex-4 FPGA) (in seconds) versus FPGAd®mlaresults for a cluster of 4096 atoms

131



7.4. GPU Performance Model

We present a preliminary analytical performance ehod predict the execution times of our applicatio
on NVIDIA GPUs while using the Compute Unified DesiArchitecture (CUDA) paradigm. Developing
an accurate performance model is complicated dtleetfact that one does not have access to albtire
level GPU architectural details. The optimizatidnmemory accesses by the CUDA nvcc compiler makes
it difficult to estimate parameters that could Is=dito model the execution time. Using the avalabl
hardware constraints, constraints from the progranmgmodel, and by benchmarking the application, we
find the execution time of a block, with the number of threads set to the warp sfZ&2ahreads. Here,
we describe the model with the available hardwatits of the C870 Tesla GPU. Within a warp, the
threads are executed in parallel and the warp septe the smallest concurrent unit of execution in
CUDA. For problem sized\ = 64 to 512, the number of blocks with 32 threads 2, 4, 8, and 16
respectively. There are a total of 16 multiproces9dsy= 16) on the C870 Tesla. Multiple blocks (up to
8) can be scheduled on a streaming multiproce&3dy, (but only one warp is chosen for instructiotciie
and execution at any instant of time. For our n@dMC implementation on GPUs, we time slice the
matrix using the number of threads. For exampleer = 64, we have two time slices along the
dimension of the interaction matrix, with tlkelimension of the matrix divided into 2 blocks, katith

32 threads, which is equal to the warp size. Tdrbegth, we consider the expression for the hardwar

time, t,,,, , where we simply multiply the number of blocks which represents the number of time slices

in they-dimension, witht,as shown in Equation 7.18 (we assume the numbéreddsT = 32, which is
equal to the warp size).

_ (Ty(b)*t, (7.18)
(Warp size)

HW

WhenN = 1024, the number of blocks is 32, which excabdsnumber of multiprocessors. However, at

most eight blocks can be scheduled per SM. Multideks are scheduled per SM to have multiple activ
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warps thereby hiding the latencies of the pipelimetruction execution. Whe = 4096,b = N/T = 128.

In this case, eight blocks are scheduled in eachf@M total of 128 blocks. Table 7.11 compares the
measured results (averaged over 10 runs) and sudtgdrom the model for an iteration of potential
energy calculations on the C870 GPU using singbeipion. First, we focus on problem sizes uiNte
4096. We observe a model error under 15% for madilem sizesN = 128 to 4096). WheN = 8192,

the model predicts an execution time that is roydiallf of the actual execution time. The reasorntlfiis

is as follows. FolN = 8192 andl = 32, the number of thread blocks is 256. As desdrearlier, this
would result in the hardware scheduling 128 bloickshe SMs, and once the resources are freed, the
remaining 128 thread blocks are scheduled, whicjuires an additional time, for execution. The
model in Equation 7.18 does not take into accobwg hardware constraint and hence we rewrite
Equation 7.18 to include this additional constralbquation 7.19 now gives the hardware time, taking
into account the hardware constraint, resulting imodel time (shown in bold) in Table 7.12 thainis

good agreement (with less than 10% error) withntleasured result fod = 8192.

tsz(l"'[ b-1 D*t (7'19)
8* Ny P

wheret,,, =[] denotes the greatest integer functifbocf)

Table 7.12 compares the measured and model rgsisitsgy Equation 7.18) for one iteration of the
potential energy and trial wave function calculatiamn the C870 GPU using single-precision as wg var
the number of atoms. A model error of 12% and weakachieved foN < 2048. WherN = 4096 and
8192, the model predicts execution times, whichhealé of the actual execution times with 50% model
error as noted in Table 7.12. The reason this hepparticularly with largeN is most likely due to the
memory latencies al increases and more threads per block are needestiice the memory traffic.

Using the information from the execution times ypeaating our experiments with various sized blocks
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on C870 and C1060, the proposed model will be iwgaoto include parameters to account for the
memory access behavior for large problem sizeswiWeise the model parametdy, to predict the time

for the overall algorithm using Equation 7.13. Igugtion 7.13, the expression fgp . has the same

form as in Equation 7.16. In this case, we incltidetime to copy the ®f 32-bit potential energies and
wave function values from device memory to host mgnalong with the time to copy the I8*32-bit
positions from the host memory to the device memdmythe model, we set the PCI bandwidth to
2.5GBytes/sec (found by running the bandwidth téstsising page-locked memory in the CUDA SDK
code samples [60]). For the CPU components, wahes€PU model parameters derived in Section 7.1.
Table 7.13 compares the execution time of the cetagMC algorithm with PE and WF calculations for
10 ensembles and a total of 400 iterations. Indhge, the model error is less than 15%\fer2048. We
observe similar model errors (50%) fdr= 4096, and 8192. These results are obtained WAehreads
are used. When 64 threads or higher are usedtfieenumber of threads that yields the best pedona

for largeN is used), we observe a model error of less thé&f. 20

Table 7.11: Measured and model execution timesg@onds) for one iteration of QMC (with potential
energy) ored (with C870)

Execution time

(secondsy), 64 128 256 512 1024 2048 4096 8192
Atoms-

Measured Results| 0.000088 | 0.000143 0.000227 0.000446 0.000882 010180.004441| 0.017472
Model Prediction | 0.000062 | 0.000124 0.000247 0.000494 0.000988 07W190.003952| 0.007904

(t,=3.0875e-05) 0.015808
Model Error (%) 29.8% 13.5% 8.81% 10.8% 12.0% 9.05% 11.0% 54.8% /
9.52%
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Table 7.12: Measured and model execution timesg@onds) for one iteration of QMC (with potential
energy and wave function) dd (with C870)

Execution time
(seconds) , Atoms— 64 128 256 512 1024 2048 4096 8192
Measured Results | 0.000275| 0.000509 0.00099p 0.001861| 0.003742| 0.007831 0.030901 0.122641
Model Prediction
(t, = 1.2063e-04) | 0.000241 | 0.000483| 0.000965 | 0.001930| 0.003860 0.007720| 0.0154 | 0.061762
Model Error (%) 12.4% 5.11% 2.53% 3.76% 3.21% 1.40% 50.16%  49.64%

Table 7.13: Measured and model execution timesgaonds) of QMC (with potential energy and wave
function) onEd (with C870),E = 10,I = 200+200 iterations

Execution time
(secondsy , Atoms— 64 128 256 512 1024 2048 4096 8192
Measured Results 1.5349 2.5289 4.4616 9.8364 20.90 38.0294 137.118| 500.221
Model Prediction 1.3254 2.3129 4.2878 9.180[L 216029 36.8288 68.3815| 249.243
Model Error (%) 13.65% 8.54% 3.90% 6.67% 0.61% 3.16% 50.126  50.17%
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8. CONCLUSIONS AND FUTURE WORK

Over the last few years, new architectures havergadeto keep up with the enormous performance
demands in high performance computing and provge domputing power to tackle large complex
scientific problems faster. Emerging architectusagch as reconfigurable computing using field-
programmable gate arrays (FPGAS), and graphicepsitg units (GPUs) show tremendous potential for
scientific computing. These architectures promieeability to explore exciting new questions anthob
previously unobservable properties in scientificnpoiting. We investigate the use of FPGAs and GPUs
to explore the viability of these platforms for estiific computing by considering the Quantum Monte
Carlo (QMC) simulation method that is widely usaghysics and physical chemistry. In this chapter,

summarize the contributions of this dissertatiod highlight promising areas of future research.

8.1. Conclusions

Traditional reconfigurable computing (RC) platforoming field-programmable gate arrays (FPGAS) are
shifting from PCl-based platforms to a variety éfh performance reconfigurable computing (HPRC)
platforms, which, with high-performance interconndeetween the FPGA co-processor and the
microprocessor, provide a tightly coupled systeh faiendly programming interfaces, to integrate PPG
acceleration into present scientific applicatio@saphics Processing Units (GPUs) have evolved from
fixed-function 3D graphics pipelines to flexiblerggal-purpose computing engines, spawning a number
of research efforts that apply GPUs in scientifiecnputing. Numerical precision is an important cance

in scientific computing. The latest FPGAs with isased gate density now provide the resources to
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implement floating-point cores on the device, @ tlexibility to use a customized precision accogdio
application requirements. Present GPUs also dffenuch-needed double-precision support and easy-to

use programming platforms, making them attractieefgrms for scientific computing.

We develop a reconfigurable architecture for ace¢ileg the computationally intensive functions loé t
QMC application such as potential energy and wawetfon. We target our architecture to a computing
node on the Cray XD1 high performance reconfigwaldmputing platform, which consists of an AMD
Opteron 2.2 GHz processor with a Xilinx Virtex-4GR. Our implementation provides a speedup of 40
for the implementation of thelFDB-He potential energy and wave function, over the ojzit double-
precision CPU implementation (on a single core). abeieve a 100speedup for th&APT2-Hepotential
energy and wave function over the CPU implemematithis speedup is attributed to the use of a
pipelined architecture, and the use of fixed-péantall our calculations, which guarantees the sacy
required for our application. We also demonstratg scaling our application to multiple nodes oe th
Cray XD1 provides a speedup linear in the numbefRGA equipped nodes compared to the use of a
single FPGA node. We provide our implementationhviie CPU implementation, and the hardware-
accelerated version as an open-source framewotkcttrabe used both to study the energies of large
clusters, and to experiment with the analyticaktions of potential energies and wave functionsttaly

a variety of clusters.

Next, we explore graphics processing units to &a& the computationally intensive functions @ th
QMC application. We target two generations of NVADBEPUS, the Tesla C870 that provides only single-
precision capability, and the Tesla C1060, whictisadouble-precision support. We show that our singl
and double- precision implementations have a hageig performance and accuracy. However, we are
able to combine the advantages of single-precigieriormance with double-precision accuracy, by

exploiting a mixed-precision approach, in which wge single-precision for the function evaluaticars]
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double-precision for the accumulation of the paigevfunctions. Our optimized mixed-precision
implementation delivers a speedup of 236r the HFDB-He potential energy and wave function
calculations. For thélFDB-He potential energy function, we observe »a difference in performance

between the corresponding FPGA and GPU implememistiThe conditional branching operations
involved in evaluating th& APT-Hepotential would likely impact its performance dre tGPUs to some

extent and we might need to look at ways of optingizhe kernel. However, we show that our FPGA
framework is general-purpose and allows us to stadyumber of properties, using the interpolation

framework, irrespective of the exact form of thalgtical function.

We develop analytical performance models for th&J OPPGA, and GPU platforms to help understand
and optimize the code. With the existing analytiwadels for HPC and HPRC, we include clock cycle
accurate execution times of our design on the FPGAs is useful to understand the application
performance on our target platform and predictpbdormance on other HPRC platforms. For example,
on the Cray XD1 Virtex-4 FPGA, we predict a XGfpeedup if the kinetic energy calculations are also
mapped on the FPGA, compared to a present speddifix ¢while using theHFDB-He potential). On

the GPUs, the analytical models will help us bettetimize the use of memory accesses, and offer us

insights into the hardware architectural details.

8.2. Future Work

We have demonstrated the general-purpose natureuofopen-source FPGA hardware accelerated
framework, using which we calculate the energiabtaal wave functions of a cluster of inert gasras.
The present generation of FPGAs with larger gatesities will allow us to investigate both the alilio
evaluate additional properties and also experimeith numerical precision. The mixed-precision

approach on GPUs used in this dissertation camiesiigated on the FPGAs for higher performance.
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This will allow us to optimize the parameters far dunctions using a lower precision, and then thee

parameters to obtain exact energies using a hjgleersion.

Future directions in our research include optingzamd providing our GPU implementation as an open-
source framework. GPUs have an attractive pricéapmance ratio and this framework will provide cost
effective capabilities to the scientific communiynother interesting effort is to scale our appiima on

to a large number of computing nodes, so we cant reffsctively partition the task of sampling
thousands of configurations for tens of thousanfisterations, which is typical in Monte Carlo
simulations. Other useful extensions of this woilt lae in the area of performance modeling, to arto
for the memory bandwidth limitations for systemghainultiple RC elements, and extend them to study
application performance on heterogeneous architextuDeveloping performance metrics which include
power consumption and chip area will be importamtassess the suitability of a platform for an

application.

Based on our present results, we can identify & tvays of partitioning the application onto hybri

computing platforms, which could consist of multire processors, multiple FPGAs and GPUs. Next-
generation supercomputers are likely to be madenaf or more of these architectures. Given this
roadmap of supercomputing, our framework combinét analytical modeling and experimental results

will help us investigate related scientific apptioas onto individual and hybrid computing platfam
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