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Abstract

Solving Partial Differential Equations (PDEs) is an important problem in many fields
of science and engineering. For most real-world problems modeled by PDEs, we can
only approximate the solution using numerical methods. Many of these numerical
methods result in very large systems of linear equations. A common way of solving
these systems is to use an iterative solver such as the method of conjugate gradients.
Furthermore, due to the size of these systems we often need parallel computers to be
able to solve them in a reasonable amount of time.

Shared memory architectures represent a class of parallel computer systems com-
monly used both in commercial applications and in scientific computing. To be able
to provide cost-efficient computing solutions, shared memory architectures come in
a large variety of configurations and sizes. From a programming point of view, we
do not want to spend a lot of effort optimizing an application for a specific computer
architecture. We want to find methods and principles of optimizing our programs that
are generally applicable to a large class of architectures.

In this thesis, we investigate how to implement the method of conjugate gradients
efficiently on shared memory architectures. We seek algorithmic optimizations that re-
sult in efficient programs for a variety of architectures. To study this problem, we have
implemented the method of conjugate gradients using OpenMP and we have mea-
sured the runtime performance of this solver on a variety of both uniform and non-
uniform shared memory architectures. The input data used in the experiments come
from a Finite-Element discretization of the Maxwell equations in three dimensions of
a fighter-jet geometry.

Our results show that, for all architectures studied, optimizations targeting the mem-
ory hierarchy exhibited the largest performance increase. Improving the load bal-
ance, by balancing the arithmetical work and minimizing the number of global barriers
showed to be of lesser importance. Overall,bandwidth minimizationof the iteration
matrix showed to be the most efficient optimization.

On non-uniform architectures, proper data distribution showed to be very important.
In our experiments we used page migration to improve the data distribution during
runtime. Our results indicate that page migration can be very efficient if we can keep
the migration cost low. Furthermore, we believe that page migration can be introduced
in a portable way into OpenMP in the form of a directive with aaffinity-on-next-touch
semantic.
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1. Introduction

Partial differential equations (PDE) appear in many fields of science and engineering.
They are used to model elements of our world from matter, on the quantum level, to
the motion of planets. In most real-life applications, the PDEs cannot be solved using
analytical methods, instead, we have to construct a numerical approximation (solution)
to the PDE. There are many ways of forming these approximations, the most common
methods are theFinite Difference(FD) method and theFinite Element Method(FEM).
One fundamental property of many numerical methods is that they result in sparse
linear systems of equations. If we want use the methods for real applications the linear
system quickly becomes very large. Also, if the PDE involves time, the systems have
to be solved several thousand times to advance the approximation forward to a given
time. As a consequence, we are faced with the problem of solving a very large and
sparse system of equations several thousand times. To do this in a reasonable period
of time, we need very powerful computing resources.

Throughout the history of computing, parallelism has been a primary tool for accel-
erating computations. The classical image of a parallel computer system is a system
where several processors are connected together to collaborate on the same problem.
Ideally, if a program takesT seconds to complete, we can solve it inT

p seconds using
p processors (the holy grail of parallel computing). We can formulate this in another
way: if we just keep on adding processors the problem can be solved in almost no
time at all (by lettingp go to infinity). Such perfect scalability, can be achieved only
if the algorithm itself is scalable (can be completely parallelized), if the programmer
has managed to write an efficient program and if we can build (and afford) a computer
system with a large enough number of processors with the right scalability proper-
ties. Hence, high parallel performance is an intricate inter-play between, the computer
system, the parallel algorithm and the programming model used.

In this thesis we will discuss how to parallelize an iterative solver for large and
sparse systems of equations. We will do this for an important class of parallel archi-
tectures, so calledshared memory architectures. To evaluate the performance of our
implementations we have used data from a real industrial application, a Computational
Electro-Magnetics (CEM) solver. This solver uses the finite element method (FEM) to
approximate to the Maxwell equations on an unstructured mesh. The resulting linear
system is large, sparse and unstructured and the conjugate gradient (CG) method, is
used for solving it.

The primary focus of this thesis is to investigate how to implement the method of
conjugate gradients in way that enables us to execute the resulting parallel program
efficiently on a large variety of shared memory architectures. We want to investigate

1



1. Introduction

which algorithmic optimizations to use and how to introduce them in a portable man-
ner. We study load balance, data distribution and locality to find the most efficient
combination of optimizations.

The rest of this thesis is structured as follows. First, we give a short introduction to
the method of conjugate gradients and how to implement it efficiently on uni-processor
systems, followed by a description of the input data from the CEM solver. Then we
discuss how to parallelize the algorithm for shared memory architectures. To support
this discussion we give a brief overview of the available shared memory architectures
and programming languages and we discuss the impact of overheads introduced by the
parallelization for these architectures.

1.1. Contributions

This thesis makes the following contributions:

• We show how to implement the method of conjugate gradients in an efficient
manner using OpenMP.

• We show how to increase the performance of our implementation using various
algorithmic optimizations for both uniform and non-uniform shared memory ar-
chitectures.

• We show the importance of data distribution for non-uniform architectures for
this type of application.

• We show how to achieve this data distribution in an easy to use and portable
manner in OpenMP.

• To extend our results to software distributed shared memory systems (SW-DSMs),
we show that it is possible to implement a POSIX programming interface in a
transparent way for a fine-grained SW-DSM.

2



2. Solving a Large Sparse System of
Equations using Conjugate
Gradients

From a mathematical point of view, we are interested in solving a system of linear
equations. Such systems can be solved using a standarddirect method such as Gaus-
sian elimination or some other method based on factorization. However, for large and
sparse matrices, these methods tend to be very inefficient both in terms of the num-
ber of arithmetical operations required to compute the solution and on the amount of
memory required to store the coefficient matrix. Insteaditerativemethods have been
constructed that use successive approximations of the solution to form a solution from
an initial guess. The choice of method and the speed of convergence of iterative meth-
ods depend greatly on the eigenvalue spectrum of the coefficient matrix. For a good
introduction to the subject, see Barett et al. [3]

Many important applications such as circuit analysis, numerical boundary value
problems and solutions of partial differential equations, result in large and sparse sys-
tems of equations where iterative methods can successfully be employed. The reason
for this is that the sparsity of the matrices coming from the applications mentioned
earlier can be exploited to save memory which enables us to solve larger problems or
solving problem to a higher degree of accuracy. Direct methods usually result infill-in,
which basically means that we need to store temporaries to support the factorization
process. Also, the process of factorization is often poorly load balanced.

In this chapter we provide the basic definitions and notation to define a standard
iterative method, the method of Conjugate Gradients (CG). This method is applied in
a large class of real applications, such as systems coming from finite element (FEM)
discretizations, and it also resembles more general and complex methods such as GM-
RES. We also discuss how to implement the method of conjugate gradients on a uni-
processor system efficiently.

2.1. GEMS - An Industrial CEM Solver

GEMS is an abbreviation for General Electro-Magnetic Solver and was a three year
Swedish development project funded by an extensive research program. The main
objective of the GEMS project was to develop a state-of-the-art software suite for
solving the Maxwell equations. For time-dependent problems, GEMS uses a hybrid

3



2. Solving a Large Sparse System of Equations using Conjugate Gradients

Figure 2.1.:Surface plot of the computational mesh used for the FEM discretization in
GEMS

of Finite-Differences and Finite-Volumes or Finite-Elements methods for solving the
equations. In a typical problem an object, such as an antenna, is placed into a domain.
The program then solves the equations for an incoming wave to study the radiation or
scattering of the wave. In a hybrid method, the object is discretized using a Finite-
Element or Finite-Volume method and the surrounding space is discretisized using a
Finite-Difference method. This approach has been shown to be very efficient since we
can exploit the good characteristics of the different methods of discretization without
loosing accuracy, see [24] and references therein. We are concerned with the Finite-
Element part of GEMS. This solver consists of two parts. First, the Maxwell equations
are discretized using the Finite-Element Method (FEM), see [24]. Second, the result
of the FEM discretization, a linear system of equations is solved in each time step
using an iterative solver. Throughout this thesis we use data from a discretization of
a fighter-jet geometry, see Figure 2.1. This geometry results in a linear system with
1794058unknowns.

In GEMS, the linear system is solved in each time step, which means that we can
increase the performance of the overall GEMS solver by parallelizing the iterative
solver part. An efficient implementation will enable users of the GEMS solver to solve
more challenging and demanding problems in the area of CEM.

4



2. Solving a Large Sparse System of Equations using Conjugate Gradients

Algorithm 1 Method of Conjugate Gradients
Given an initial guessx0, computer0 = b−Ax0 and setp0 = r0.
For k = 0,1, . . .
(1) Compute and StoreApk

(2) Compute< pk,Apk >
(3)

αk =
< rk, rk >

< pk,Apk >

(4) xk+1 = xk +αkpk

(5) Computerk+1 = rk−αkApk

(6) Compute< rk+1, rk+1 >
(7)

βk =
< rk+1, rk+1 >

< rk, rk >

(8) Computepk+1 = rk+1 +βkpk

2.2. The Mathematical Problem

We want to solve the linear system of equationsAx= b, whereA is called thecoefficient
matrix, b is the right-hand side vectorandx the solution of the problem. Formally,
the solutionx is given byx = A−1b. The goal of any iterative method is to produce an
approximation to the solution within a given tolerance in as few iterations or operations
as possible. In most cases, lowering the amount of iterations is by far the most efficient
way of achieving high performance. The most common technique is to use apre-
conditionerto transform the system to a system with better convergence properties,
where the solution to the original problem can be calculated with little or no effort from
the preconditioned system. For the actual problems studied here, the convergence rate
is already high. Hence, the use of a pre-conditioner is not very well motivated in our
case as we will see later.

2.2.1. The Method of Conjugate Gradients

Algorithm 1, shows a standard formulation of the CG method. The mathematical
properties and the actual derivation of the algorithm can be found in many textbooks on
numerical linear algebra. It can be shown, see [3] that the CG method converges to the
best possible approximation if the coefficient matrix ispositive definiteand symmetric.

2.3. Implementing Conjugate Gradients

Implementing an algorithm such as the method of conjugate gradients involves the
process of stating the mathematical operations needed in some programming language.

5



2. Solving a Large Sparse System of Equations using Conjugate Gradients

We also need to identify the core data structures needed to represent the matrix and the
vectors. If the matrix is dense the choice of data structure becomes trivial as a matrix
of floating point numbers is very well represented in most programming languages. If
the matrix is sparse, it does not exist a natural representation and the choice of data
structure becomes more difficult.

To achieve maximal performance of the target computer platform, the implementa-
tions of the operations in the algorithm need to be very efficient. To ensure this, we
can in the dense case, use standardized, precompiled libraries built by the system ven-
dor to maximize performance[7]. However, if the matrix is sparse, there is no general
method of attaining high performance, compared to the dense case. Hence, we dis-
cuss some methods of improving the performance of the sparse matrix-vector product,
which is the only operation influenced by the data structure needed to represent the
sparse matrix.

In later chapters, we will discuss how to parallelize the algorithm on shared mem-
ory systems, which is the primary focus of this thesis. However, the work put into
optimizing a serial implementation can be reused to provide an efficient parallel im-
plementation as we still need to use the target microprocessor in an efficient way.

To be able to use the CG method in practise, we need to add ways of detecting
convergence and divergence. Divergence can be found by simply counting the number
of iterations and aborting when the iteration count has exceeded a certain divergence
threshold. Accurate predictions on the convergence behavior and error are difficult to
make and usually we want to iterate until the solutionx(k)is close to the real solution
x in some norm. This means that we want to stop iterating when the error‖ e(k) ‖=‖
x(k)− x ‖< ε, whereε is a user prescribed tolerance. Instead of approximatinge(k)

directly, which is very costly to compute, we can use theresidual r(k) = Ax(k)− b
instead. In terms of programming, the stopping criteria adds conditional statements in
the main loop if the CG iteration.

2.3.1. Exploiting Sparsity

Many applications, especially PDE solvers, result in sparse matrices. For PDE solvers,
it is not unusual that the dimension of the matrix is in the order of millions or even bil-
lion. In these cases it is not realistic to store the entire matrix since it would require
memories of petabyte capacities. It is not necessary either, since the numerical meth-
ods used for discretizing the PDE have a strong local behavior. Only a few neighboring
points in the mesh influence, which give rise to very sparse matrices. We can exploit
this sparsity and store only the non-zero elements. This makes it possible to solve very
large problems using iterative methods since we save both memory and unnecessary
operations on zeros.

There are many formats for storing sparse matrices, [57]. They differ in the sense
that some other structural property, such as banded or blocked matrices, of the ma-
trix can be exploited[30]. In this study we have used the Sparse Compressed Row
(CSR) format. This format is a well-known and established format for unstructured

6



2. Solving a Large Sparse System of Equations using Conjugate Gradients

sparse matrices. The CSR format consist of three arrays,VAL, COL_IND andROW_PTR,
whereCOL_INDstores the column indeces of each non-zero, andROW_PTRpoints to the
beginning of each row in theVAL andCOL_IND arrays.

An example: the matrix

A =




1 2 0 0 0 0
3 4 5 0 0 0
0 6 7 0 0 0
8 0 9 10 11 0
0 13 0 0 14 15
0 0 16 0 17 18




is stored in the following way using the CSR format:

VAL 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
COL_IND 0 3 5 0 1 1 2 5 0 3 4 5 1 4 5

and
ROW_PTR 0 3 5 8 12 14

Sparse matrices can also be interpreted as theadjacency matrixof an associated
graph. An adjacency matrix is a matrix where rows and columns are labeled by graph
vertices, with a 1 or 0 in position(vi ,v j) according to whethervi or v j are adjacent of
not. In our case we modify this definition slightly by saying that any number different
from zero states that two nodes are adjacent in the graph. This property enables us to
apply graph theoretical results for a number of useful things such as minimizing the
bandwidth of matrix or partitioning (load balancing) the matrix, see Section 2.4.1 and
Chapter 4.

2.3.2. Implementing Conjugate Gradients for Sparse Systems of
Equations

We first need to decide on a format for storing the sparse matrix. This decision depend
on many things, such as the structure of the matrix and the target computing platform.
As described earlier we choose the CSR format since it is general and has been proven
to give relatively good performance for a large set of matrix structures. Also, many
software libraries use this format.

In the sparse matrix case, the only difference from a data structure point of view
is how we represent the matrix. The vector operations are still dense and we can use
standard dense operations. For the matrix vector product we need to replace the dense
operation with its sparse counter-part.

The sparse BLAS standard is relatively new and there exist very few implementa-
tions by vendors compared to the dense case[22]. How to optimize sparse BLAS is
still an open research issue. Although many techniques developed for dense matrices
can be used in the sparse case, we investigate additional optimizations techniques to
improve the performance of a CG implementation.

7



2. Solving a Large Sparse System of Equations using Conjugate Gradients

Algorithm 2 OpenMP implementation in C of a sparse matrix vector product for the
compressed sparse row (CSR) format.
void spmxv(const double *val, const int *col,

const int *row, const double *x,
double *v, int nrows)

{
register int i,j;
register double d0;

#pragma omp for private(i,j,d0) nowait
for( i = 0; i < nrows; i++ )

{
d0 = 0.0;
for( j = row[i]; j < row[i+1]; j++ )

d0 += val[j] * x[ col[j] ];
v[i] = d0;

}
}

2.4. Optimizing Conjugate Gradients for Sparse
Systems of Equations

The performance of the CG algorithm in the sparse case is dominated mainly by two
things: the convergence rate, i.e how many iterations are performed and the efficiency
of implementation of the sparse matrix-vector product. Accelerating the convergence
is very problem dependent it is a subject out of scope of this thesis. More on this
subject can be found in [3].

2.4.1. Optimizing the Sparse Matrix-Vector Product

The SpMxV have several performance problems on modern microprocessors. First of
all, this operation is memory-bound, since each element in the result vectorv require
more memory operations than floating-point operations, see Algorithm 2. The inner
loop can be very short and varies in size between the rows. Also, the spatial locality in
the right-hand side (RHS) vectorx is very bad due to the indirect addressing through
the column index vectorcol . The spatial locality for the row and column vectors are
however good since they exhibit perfect stride-1 access patterns. The distributions of
elements of each row or column of the matrix determines the amount of reuse present
in the cache blocks of the RHSx . In the case of FEM, this pattern is determined
by the type and numbering of elements and also on the geometry of the problem.
Furthermore, the number of non-zero elements in each row or column is bound by
how many elements that geometrically couple in physical space. For 3-dimensional

8



2. Solving a Large Sparse System of Equations using Conjugate Gradients

problems, a common number of non-zeros per row or column is about 20. This small
number of elements and the irregularity in loop length makes it hard for an optimizing
compiler to use standard optimizations such as blocking, unrolling and tiling on the
inner-loop efficiently.

Using the fact that any sparse matrix can be interpreted as an adjacency matrix of a
corresponding graph, we can apply graph theoretical methods to improve the locality
of the SpMxV. Remember that the spatial locality of the RHS accesses in the SpMxV
will probably increase if the matrix contain large dense blocks since we can reuse more
elements of the cached block. Unfortunally, many applications does not exhibit a large
dense blocks, but the matrix can be re-ordered to maximize the number of such blocks.
It has been shown by Pinar et al [54] that this problem can be formulated as a traveling
salesman problem (TSP). Hence, heuristics developed for TSP can be employed to find
dense blocks in polynomial time.

Another way of increasing the amount of dense blocks is to minimize the bandwidth
of the matrix [19, 28]. This has been successfully employed in several previous studies
see, [52, 11, 69]. More lower level optimization methods resembling the methods used
to implement dense BLAS have also been studied by several authors: register blocking
to lower the amount of load instructions [54, 71, 69], address precomputation [69] and
cache blocking [71].
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3. An Introduction to Shared Memory
Architectures

Shared memory architectures are usually described as the logical continuation of a
single-processor architecture. In a shared memory architecture all processing elements
have direct access to a single shared memory. These architectures have been well
studied in the literature[32, 18, 30, 21].

3.1. The Cache Coherency Problem

Most modern computer systems, usecache memoriesto reduce the latency and in-
crease the bandwidth to the memory system. On a shared memory multi-processor
system, shared data will be replicated in cache memories of several processors. If a
processor modifies cached data, this will lead to in-consistencies as the cached copy is
different from the contents of the main memory and other cached copies of this data.
This problem is referred to as thecache coherency problem. Some shared memory
architectures, such as the Cray T3E [62], does not enforce coherency among its cache
memories. In these so called non-coherent shared memory systems, communication
between processors must go through the shared memory only. Locality for shared data
can in this case not be fully exploited. In cache-coherent shared memory architectures,
which is the most common type, this locality is exploited and the cache coherency
problem is solved in a transparent way in hardware or software, see [32, 18]. To con-
struct a well balanced and scalable cache-coherent architecture several difficult design
tradeoffs have to be made. This fact has led the industry to construct two basic types of
cache-coherent architectures targeted at different segments of the commercial market:

Uniform shared memory architectures (UMA) In these architectures, sometimes re-
ferred to as Symmetrical Multi-Processors (SMP), the access time to the shared
memory is uniform. This is the most common form of shared memory archi-
tectures on the market today. Due to its centralized design these architectures
are constrained by the memory demands of the processors. Hence, they usually
exhibit processor counts of a few dozen.

Non-uniform shared memory architectures (NUMA) In these architectures, the mem-
ory is physically distributed over a set ofnodes. As a consequence, the access
time the the logically shared memory is non-uniform. These architectures are
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3. An Introduction to Shared Memory Architectures

constructed to support the bandwidth demands of a larger amount of proces-
sors without incurring excessively long access times. Sometimes non-uniform
systems are referred to as distributed shared memory systems (DSM)

In a non-uniform architecture, the access time for memory within a node is smaller
than the time required for a remote access. The difference is often measured by the
NUMA-ratio, see [56].

NUMA-ratio =
Remote access time
Local access time

(3.1)

Also, in modern microprocessors the locality of many programs is exploited by intro-
ducing an hierarchy of cache memories. On non-uniform architectures an additional
form of locality has also to be taken into account. Thegeographical localityof data
governs the amount of remote accesses issued to the memory system. An application
where most accesses are served by local memory is said to exhibit good geographical
locality.

3.2. Software Distributed Shared Memory Systems

Most shared memory architectures solve the cache coherency problem by using spe-
cialized hardware. The complexity of this solution often result in very expensive sys-
tems. To reduce the cost of shared memory systems, there has been a significant
amount of research aimed at solving the coherency problem in software. The idea
is to use high volume commodity products and assemble acomputing cluster. A com-
puting cluster is a system of loosely connected computers called nodes, using standard
networking technology (cables and switches). The nodes of a cluster could be any
type of computer, parallel or sequential. Coherency is then managed by a software
layer between the application and the hardware. Implementing the coherency in soft-
ware allows for the use of commodity components while still providing a shared mem-
ory abstraction. In this way we can dramatically decrease the cost of cache-coherent
shared memory architectures. These systems are categorized as non-uniform archi-
tectures and they are often referred to assoftware distributed shared memory systems
(SW-DSM) orshared virtual memory systems(SVM). Whether this can be done with
any performance comparable to an all hardware solution is still an open research issue,
see [58, 23, 39, 65, 55].

3.3. Examples of Shared Memory Architectures

Here the shared memory architectures used in the thesis are described and compared.
The machines represent typical shared memory machines available from most vendors
although in our case all machines were delivered by Sun Microsystems. The architec-
tural parameters of these systems are summarized in Table 3.2 and Table 3.1.
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The Sun Enterprise 6000 (E6000), introduced in the mid nineties, represent a typical
UMA or bus-based shared memory architecture, see [18]. This system represents the
vast majority of shared memory architectures available today. Systems of this kind
normally exhibit processor counts from two to sixteen.

To investigate possible ways of increasing the scalability of E6000-like systems,
Sun constructed a system called the Sun WildFire [32, 31]. The main idea of this
system is similar to that of a SW-DSM although in this case coherency was maintained
in hardware. The WildFire system is constructed by connecting upto four E6000s
using a special network hardware. In this way, a cluster of SMP:s can be assembled
to increase the scalability of a single E6000 almost four times. To keep the same
cache-coherent view of memory as a single E6000 node, the interconnect hardware
supports a global and coherent shared memory. However, the interconnect hardware
exhibits lower bandwidth and higher latency compared to the shared memory bus of a
single node. As a consequence, the access time to memory in a remote node increased
making the WildFire a non-uniform architecture.

The Sun Enterprise 10000 (E10K) [14] is one of the most scalable UMA architec-
tures ever built. Using components from the Sun Enterprise models, this architecture
can have 64 UltraSPARC-II CPUs all with a uniform access time to memory. To
achieve this the E10K have four multiplexed address buses to support the CPUs with
enough bandwidth to cope with the traffic generated by the protocol used to enforce
cache coherency.

To follow up the very popular E10K, Sun introduced the Sun Fire 15000 (SF15K) in
2001 [15]. This system was one of the first commercial non-uniform systems Sun built
and it can contain 18 nodes. Every node, or CPU board, consists of four UltraSPARC-
III CPUs, DRAM memory and a local bus. Locally each node behaves like a small
SMP. The nodes are connected to a large crossbar switch supporting a global, coherent,
shared but physically distributed memory. Other architectures of this type include the
SGI Origin series [41, 63] and the AlphaServer GS series [27]

3.3.1. DSZOOM, a Fine-grain SW-DSM System

In a page-basedSW-DSM the virtual memory subsystem of the operative system is
used as a mechanism to detect when the coherence protocol needs to be invoked. This
design has the disadvantage that the granularity of sharing is of the size of a page
which is very large compared to the size of a cache block. Another mechanism is to
modify the binary code of an application and insert code fragments to detect coherence
violations. These SW-DSMs are called fine-grained SW-DSMs [59, 61, 60, 55]. This
mechanism has the advantage that we can keep the coherence unit at the size of a cache
block. In this thesis, we have used the DSZOOM fine-grained SW-DSM system [55]
running on the Sun WildFire.
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System Frequency L1 cache L2 cache
US-II E6000, WildFire 250Mhz 16KB 4MB
US-II E10K 400Mhz 16KB 8MB
US-III SF15K 900Mhz 64KB 8MB

Table 3.1.:Comparison of the micro-processors used in this thesis

System CPU Nodes CPUs/node Max CPUs Local Remote NUMA-ratio
E6000 US-II 1 14 30 330ns 330ns 1.0
E10000 US-II+ 1 32 64 600ns 600ns 1.0
WildFire US-II 2 14 112 330ns 1700ns 6.0
SF15K US-III 8 4 106 200ns 400ns 2.0
DSZOOM any any any any low high high

Table 3.2.:Comparison of architectural characteristics of the shared memory systems
used in this thesis

3.4. Future Shared Memory Architectures

Recent trends in microprocessor architecture indicate that future shared memory sys-
tems will be hosted in a single chip [2]. Chip Multiprocessors (CMP) [4, 32] are con-
structed by placing several microprocessors (cores) onto a single chip and connecting
them using an on-chip network. The cores can also be capable of executing code from
several programs simultaneously, a technique called Simultaneous Multi-Threading
(SMT) [25, 32]. Combining these techniques will produce shared memory architec-
tures with drastically different characteristics of the memory systems since the cores
can communicate on-chip. Whether these systems will be uniform or non-uniform is
not clear today. However, several CMP/SMT chips can be connected together using
interconnect hardware to form a large shared memory architecture. Coherence can
in this case be managed in software or hardware depending on the price/performance
ratio of the final system.

CMP/SMT architectures will probably increase the general availability of shared
memory systems. In just a few years, every desktop computer will probably be able to
execute at least two threads in parallel. Hence, we belive that there will be an increased
demand for parallel programs. In the light of these observations, the shared memory
programming model seems like an attractive abstraction for producing future parallel
programs.
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4. Parallelizing Conjugate Gradients
for Shared Memory Architectures

Parallelizing a sequential program and producing an efficient implementation is a non-
trivial task. The parallelization process can, following Culler et al. [18], be divided
into four different steps

1. Decompositionof the computation into tasks

2. Assignmentof tasks to threads

3. Orchestrationof the necessary synchronization among the threads

4. Mappingor binding of threads to processors

In this chapter we will discuss and describe how to perform these four steps in the
shared memory paradigm. The primary concern of this thesis is to investigate if it is
possible to implement the CG algorithm in way so that the program can be executed
efficiently on a wide range of shared memory architectures. To investigate this we con-
tinue the overview of the shared memory architectures with an introduction on how to
program them. Then we decompose the algorithm into parallel tasks (decomposition)
and discuss the various parallel overheads associated with load balance (assignment),
false and true sharing (orchestration), and synchronization (orchestration). This dis-
cussion will serve as a background to chapter 5 and to the work presented in papers A,
B and C.

We choose to use OpenMP, which is a standard for programming in the shared mem-
ory model, for our implementation. In papers A, B and C we found that we needed to
introduce algorithmic optimizations in order to attain high performance on both uni-
form and non-uniform shared memory architectures. In these papers, we also show the
importance of proper data distribution and how to achieve this in a way that is easy to
use and portable to many current and future non-uniform shared memory architectures,
see Chapter 5.

4.1. An Introduction to Shared Memory Programming

In the shared memory programming model, all processors can access a global shared
memory. The fundamental abstraction in this model is the concept of athread. When
a program is loaded, the OS sets up an address space of the application containing
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its program code and data. To run the program, the OS loads the start address of
the program into the program counter (PC) of a processor. Now, since the address
space is shared and we have several processors available, we can initiate anotherthread
of control by loading the program counter of another processor. These two threads
can now execute in parallel and communicate by reading and writing into the shared
memory.

From a programmers point of view, a new thread is created by calling a system
library function and giving the address of a function where the new threads shall begin
its execution as a parameter. A parallel computation is obtained if several threads
are created in this manner each operating on different data. Although the address
space is kept coherent we often need to synchronize the threads of an application to
ensure the integrity of the data. This is a characteristic feature of the shared memory
programming model, see [30, 21].

4.1.1. OpenMP

There are several standardized ways of programming in the shared memory model.
The POSIX [34] standard provides a standardized interface for programming in the
shared memory model. In most cases, the POSIX standard often become too difficult
or cumbersome to use. To make it easier for the programmer to handle synchronization
and creation of threads, a consortium of most vendors designed the OpenMP language
[53, 20, 47].

In this language a master thread executes until it encounters a parallel region. At
this point several threads are created and the work contained in the parallel region is
divided onto the threads. This style of programming is often referred to asfork/join
programming. The most simple form of work-sharing is a loop. If the iterations of the
loop are independent, the work can be divided by assigning disjunct sets of the loop
indeces to different threads.

In OpenMP, the parallel regions are identified by inserting a directive or compiler
pragma into the serial code. This method has the advantage that the code can be
incrementally parallelized by adding directives to the code. Also, the directives can be
ignored by the use of a compiler flag resulting in a serial program.

4.1.2. Programming SW-DSMs

In contrast to a HW-DSM system (cc-NUMA), where the whole address space of all
processes are kept coherent by hardware, most SW-DSMs only keep coherence for
specified segments in the user-level part of the virtual address space. This segment,
which we call G_MEM, is mapped shared across the DSM nodes using the intercon-
nect hardware. Furthermore, the text (program code), data and stack segments of the
UNIX process abstraction are private to the parent process and its children on each
node of the cluster. This creates a SW-DSM programming model where special con-
structs are needed to separate shared data, which must be allocated in G_MEM, from

15



4. Parallelizing Conjugate Gradients for Shared Memory Architectures

private data, which is allocated in the data and stack segments of the UNIX process at
program loading. This is often done by creating a separate heap space in G_MEM with
an associated primitive for doing allocation. In a standard multi-threaded world, there
exist only one process and one address space which is shared among all threads. There
is no distinction between shared and private data. Consider the following example: An
application allocates a shared global array for its threads to operate on. This is often
done by a single thread in an initialization phase. In a typical SW-DSM system such as
TreadMarks [39], a specialmalloc() -type call has to be implemented to allocate the
memory for the shared array inside the G_MEM. Also, the pointer variable holding the
address, which is allocated in the static data segment of the process, has to be prop-
agated to all remote nodes. This is often done by introducing a special propagation
primitive.

In paper D, we present THROOM which is a runtime system concept that creates the
illusion of a single process shared memory abstraction on a cluster. In essence, we want
to make the static data and heap segments globally accessible by threads executing in
remote nodes without introducing special DSM constructs in the application code. In
the light of the example above, the application should use a standardmalloc() call
and the pointer variable should be replicated automatically.

The results from paper D, show that it is possible to share the address space in a
transparent way using binary instrumentation. However, due to the high instrumenta-
tion overhead incurred by the DSZOOM SW-DSM the performance of this approach
was not very encouraging, even if we excluded the stack from the G_MEM.

4.2. Identifying Parallelism in the CG algorithm

We have already identified the fundamental operations needed to implement the CG al-
gorithm in chapter 2. To identify parallelism we can decompose each of the operations
into tasks as follows

Vector operations (Lines (4),(5) and (8) of Algorithm 1) Here, each element of the
resulting vector is an independent task.

Inner products (Lines (2) and (6) of Algorithm 1) This operation corresponds to a
shared memory reduction. In this case the computing the local contribution is an
independent task.

Sparse matrix-vector product (SpMxV) (Line (1) of Algorithm 1) Here, a taskTi cor-
responds to an element of the result vector which is computed by forming the
inner product of rowi and the right-hand side vector.

We can also identify phases of computation as the threads needs to be synchronized at
the two inner products to compute the scalarsα andβ needed to compute the vectors.
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To parallelize the CG algorithm in a POSIX like environment you need to distribute
the tasks over the threads. Each set of tasks is called a partition of the data and cor-
responds to a set of indices of the vectors or a collection of rows in the matrix. If the
matrix and vector are of dimensionn, a static partition would assign chunks of tasks
of size n

p to each thread. In terms of programming, each partition correspond to a set
of indices in the loops needed to implement the required operations. The partitions
need not to be the static during the iterations. We can use different partitions for the
operations as long as we keep the threads synchronized between the different stages of
the algorithm. This can be useful to achieve better load balance in the SpMxV.

4.2.1. An Analysis of the Parallel Overhead

The main sources of parallel overhead in any shared memory implementation are due
to synchronization, true/false sharing effects and arithmetical load balance. If the as-
signment of tasks is unbalanced most threads will wait for the slowest thread in the
barriers implied by the reductions.

In the case of the CG algorithm, false sharing can occur if two threads are working
on neighboring tasks, where it is possible to have multiple threads writing at the same
cache block. If the partitions collect tasks in an ordered fashion neighboring tasks will
only exist at the partition boundaries. Also, when performing the reduction the data
structure used to collect the local reductions must be padded to avoid false sharing.
Synchronization overheads will be present in the barriers needed to ensure that the
vectors are computed in the correct order given by the algorithm. The number of
barriers should be kept as low as possible while maintaining a correct program flow.

Finally, load balancing is good for the vector operations and the reductions if they
are statically partitioned. The load balance in the SpMxV is however dependent on the
structure of the sparse matrix, i.e how many non-zeros elements there are associated
with each task. This is determined by the non-zeros structure of the matrix. Hence, we
might want to use some kind of data dependent partitioning in the SpMxV to produce
partitions with an equal number of non-zeros entries (not just an equal number of
rows).

4.2.2. Implementing Conjugate Gradients using OpenMP

Implementing the CG algorithm is fairly straight-forward from a sequential imple-
mentation. We simply add work-sharing directives to the loops that implement the
operations of the algorithm. We decided to include the entire main iteration into a
single parallel region to reduce the overheads of entering and leaving parallel regions.
In OpenMP the task of producing partitions is built into the language in the form of
scheduling clauses. We can, by using different scheduling clauses of the work-sharing
directives produce different partitions. In our case this was not needed since we used
more sophisticated methods of reordering the matrix and partitioning the tasks, see
Paper C.
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4.3. Using Algorithmic Optimization to Improve
Performance

In Paper C we evaluate different algorithmic optimizations to increase the performance
of the solver. Most of the optimizations used are well known but they have, in most
cases, only been evaluated in a message passing environment. The algorithmic opti-
mizations studied where:graph partitioning, S-Step formulation of the algorithmand
bandwidth minimization. Apart from the algorithmic optimizations we also worked
extensively with the implementation in OpenMP and managed to reduce the number
of global barrier from seven to three per iteration. To evaluate the efficiency of our im-
plementation and the effect of the algorithmic optimizations, we executed the code on
both a uniform (an E10K) and a non-uniform shared memory architecture (a SF15K)
using upto 28 threads.

Results show that the matrix resulting from the FEM discretization was poorly load
balanced. Both graph partitioning and bandwidth minimization improved the load
balance. In fact, bandwidth minimization together with a static partitioner proved
to give the best load balance. This was also quantified by measuring the time spent
executing in barriers. The improved load balance also improved to overall runtime of
the solver for the uniform architecture. On the non-uniform architecture, the reordering
produced by the graph partitioner showed to increase the number of remote accesses
compared to the standard formulation. Hence, graph partitioning showed to give little
or no performance improvement on the non-uniform architecture.

Implementing the CG algorithm in an S-step formulation removes yet another bar-
rier to a total of two barriers per iteration. This formulation introduces an extra vector
which increased the amount of work compared to the standard formulation. Reducing
the number of barriers did not show to increase the performance of the solver substan-
tially.

Bandwidth minimization exhibited the best performance on both the uniform and
non-uniform architectures. Apart from exhibiting very good load balance the lower
bandwidth of the matrix gave rise to fewer cache misses in the second level cache.
Also, the number of remote accesses was reduced compared to the original algorithm.
Combining bandwidth minimization with graph partitioning and the S-step formula-
tion did not increase the performance compared to using bandwidth minimization only.

Previous studies has shown that bandwidth minimization is an efficient technique
for accelerating iterative solvers on shared memory systems, see Oliker et al. [52]. In
this paper the authors studied a shared memory implementation of the CG algorithm
on a SGI Origin system. Our work differs in the sense that we use data from a real ap-
plication and we concentrate on investigating what mechanisms limit the performance
on a larger set of shared memory architectures. In [52] the authors focus on the per-
formance aspects of using different programming paradigms and parallel architectures
for solving a large system of linear equation.

On the non-uniform architecture we used techniques to increase the geographical
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locality of the solver developed in papers A and B, see Chapter 5. Without these
techniques the performance was very poor on the non-uniform architecture. In fact, the
parallel performance on 28 threads was slower than the uniform architecture although
the code exhibited a factor of 5 performance improvement running on a single thread.
Using the techniques developed in papers A, B and C, the performance on the non-
uniform architecture increased and we managed to achieve a speedup of a factor of 3
when comparing the uniform and non-uniform system on 28 threads.
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5. Optimizing for Non-Uniform Shared
Memory Architectures

On non-uniform architectures we have to take the concept of geographical locality into
account. The amount of geographical locality present in an application, i.e how well
threads are co-located with data on the DSM nodes is dependent on many things. The
application need to interact with the mechanisms available in the DSM architecture
or OS to improve geographical locality. To achieve this we must know how data gets
distributed over the nodes and how threads are scheduled. Using this knowledge we
might rewrite code in the application or use system calls to increase the geographical
locality. However, such optimizations tend to be non-portable across a large set of
DSM architectures.

Another possibility of increasing geographical locality is to let the system adapt to
the application and migrate or replicate data to increase the amount of local accesses.
In this case, the application code could be left unmodified which will increase the
level of portability. The performance will on the other hand depend on how efficient
the system can adapt to the access pattern of the application.

5.1. Architectural Optimizations on DSM Systems

There has been many attempts to introduce various features in the systems to improve
the geographical locality of applications. These features are presented and discussed
below.

5.1.1. Thread Scheduling on DSM Systems

When a new thread is created it gets scheduled onto some of the nodes of the DSM
architecture. On a time-sharing OS threads might also be moved to some other node
to balance the workload since each node has a finite capacity in terms of memory
and processors. On a DSM system it is normally beneficial to include the notion of
affinity in the scheduling algorithm. Affinity scheduling means that the thread should
be scheduled to the same processor or node as it has been executing on previously.
This increases the possibility of reuse of old data stored in caches and node memory,
see [70, 12] and references therein.
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5.1.2. Page Placement Policies on DSM Systems

As with thread scheduling, the OS also needs to decide on how to distribute memory
over the nodes. This introduces the notion ofpage placement policy. The most com-
mon page placement policy is thefirst-touchpolicy, where pages are placed on the
node where a thread first references the page (generates a page fault). Other policies
includerandom placementwhere pages are distributed randomly in a uniform fashion
andround-robin, where pages are placed in a modulo-n fashion. Previous studies have
shown that the first-touch strategy is an efficient strategy for typical HPC workloads
[49]. Also, first-touch placement has the potential to work very well when single-
threaded programs are executed compared to the random placement policy.

If the first-touch strategy is used, affinity scheduling becomes important since not
only cached data could be reused. If threads are moved from one node to another, the
amount of remote accesses will increase since data is physically allocated to memory
in the node where the thread first touches it. The optimal schedule would be to keep
the thread in the node where it was first scheduled. Some systems also include ways
of controlling the placement of pages. In these systems, a programmer can explic-
itly distribute pages to better match the access pattern of the application. For these
placements to be efficient, the scheduler also needs to match the placement of pages.

5.1.3. Page Migration on DSM Systems

In many cases, an application exhibits phases where the memory access pattern changes
dramatically. As an example consider the case of initialization. In many applications,
a single thread initializes the data before more threads are created. On a system with
first-touch page placement strategy this will result in all memory being allocated to
the node where the initialization thread executes. In the parallel phase, threads not
scheduled to this node will generate a large amount of remote accesses. This prob-
lem can sometimes be solved by initializing the data in parallel phase and ensure that
threads are not moved. However, for more complex codes, it can be very hard or even
impossible to initialize data in parallel.

A way of adapting to changes in the access pattern is to try to automatically migrate
pages to minimize the amount of remote accesses, i.e move the data to the threads.
Such mechanisms can be constructed in user-level, using explicit page placement calls
[49] or by augmenting the operative system with dynamic data distribution features
[12, 41, 31]. Page migration has shown to be very efficient for some scientific appli-
cations [33, 49, 10]. One problem with automatic page migration is that the system
could easily introduce overheads when deciding which pages to migrate and when.
Interrupting the application to often might lower the efficiency, also migrating pages
consumes bandwidth of the interconnect network [6].

Page migration can also be initiated from the application. This mechanism has the
advantage that the programmer can control when to migrate to adapt to changes in the
application. A recent method of implementing this behavior is to include a call with a
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migrate-on-next-touchsemantic, see [51, 6]. Using this system call a programmer can
redo a placement using the first-touch policy again.

Many of the features described above have been implemented in commercial sys-
tems. The SGI Origin systems [41] was one of the first systems of this type on the
market. It supported a first-touch placement policy as well as a dynamic page migra-
tion mechanism. This system also featured system calls for performing explicit page
placement. The efficiency of the migration feature was not very high due to the sched-
ulers inability to achieve high affinity to the data, see [17]. The HP AlphaServer GS
Series [27, 6] support mechanisms for explicit page placement as well as a migrate-
on-next-touch call. The Sun WildFire [31, 32] prototype supports a dynamic page mi-
gration and page replication engine which has been proven to work very well for many
applications, [31, 51, 33, 10]. The Sun Fire series of servers [15] support a choice of
random or first-touch placement policy and a migrate-on-next-touch call [66].

5.2. Improving the Geographical Locality of the CG
Implementation

In paper A we investigate the importance of geographical locality for a small set of
scientific applications. We evaluated the use of parallel initialization, migrate-on-next-
touch and dynamic page migration to overcome the problem of serial initialization on
system using a first-touch page placement policy. In the case of the CG algorithm,
which was my contribution to this study, parallel initialization is not possible due to
the indirect addressing of the CSR data structures. In this case, migrate-on-next-touch
and a the dynamic page migration engine of the Sun WildFire managed to increase
the amount of geographical locality significantly. In this study we also found that the
effect of page migration differ somewhat when comparing codes from benchmarks and
real applications.

In paper B we investigated the scalability of the migrate-on-next-touch primitive.
We found that the Solaris implementation was not very scalable due to overheads asso-
ciated with keeping TLBs coherent. By using large pages and a migrate-on-next-touch
directive, we managed to improve the performance of the CG solver with up to 160%
compared to the original solver where all data was allocated onto a single node due to
the first-touch page placement policy.

In paper C we compare the scalability of the CG solver on a uniform architecture
to the scalability achieved on a non-uniform architecture using the optimizations de-
veloped in paper B. On the uniform architecture we achieved a speedup of 30 using
28 threads and bandwidth minimization. On the non-uniform architecture we got a
speedup of about 15 using 28 threads. Possible reasons for the difference in scalability
could be that in the non-uniform case, communication is more expensive since some
of these accesses are served by remote nodes. Also since a first-touch strategy is used,
sequential execution will exploit the low latencies of node local accesses. Another
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possible reason for this difference could be attributed to NUMA-effects in the imple-
mentations of the synchronization primitives in the OpenMP runtime system, see [26].

5.3. Data Distribution in OpenMP

In the OpenMP community there has been a lot of discussion if it is necessary to
expose the non-uniformity of the architecture in the language [47]. The primary con-
cern from the OpenMP steering group has been portability. In paper B we propose
to add a directive with anaffinity-on-next-touchsemantics. The functionality is that
of a migrate-on-next-touch directive but to give it a more general name we choose to
include the concept of affinity. We believe that such a directive is portable and usable
on many current and future shared memory systems.
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6. Conclusions

We have implemented and parallelized the method of conjugate gradients in the shared
memory programming paradigm in OpenMP. Using data from an industrial CEM
solver we found that, in order to obtain high performance and efficiency for both
uniform and non-uniform architectures, we need to apply various algorithmic opti-
mizations. Of the optimizations studied, bandwidth minimization of the sparse matrix
showed to give the highest performance. The primary reason for this is that the reorder-
ing produced by the bandwidth minimization algorithm increased the spatial and tem-
poral locality in implementation of the sparse-matrix vector product. This increased
locality also lowered the amount of remote accesses on the non-uniform architectures
studied. Furthermore, using a simple linear partitioner in combination with bandwidth
minimization produced a better arithmetical load balance than a more sophisticated
method such as graph partitioning.

We also found that on non-uniform architectures proper data distribution is needed
in addition to the algorithmic optimizations studied. Data distributions can either be
produced in a transparent way by the computer system using page migration or by
explicit page placement directives in the programming language. In our studies both
methods showed to work well for this application. We also showed that the overhead
introduced by page migration in the operative system studied was dominated by mech-
anisms used for keeping translation look-aside buffers (TLBs) coherent and not from
the copying of data. As a consequence, we could lower this overhead using larger
pages.

Finally, we found that a primitive with an affinity-on-next-touch semantic, was as
efficient as more complex methods of creating data distributions such as dynamic page
migration. We also believe that such a primitive could be added to a language like
OpenMP without affecting portability and ease of use. In our experiments we show
that, adding a single affinity-on-next-touch primitive could increase the performance
of our implementation with upto 160% on a non-uniform architecture where the ratio
of remote to local latency was as low as a factor of two.
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7. Future Work

We believe that SW-DSM systems will become more important in the future. Hence,
we would like to study the effect of the algorithmic optimizations studied on such sys-
tems. However, to be able to do this we need either to port our implementation to a
programming model supported by the SW-DSM system, or we can try to add features
to the SW-DSM system to enable it to use a more standard model such as POSIX
or OpenMP. The results from Paper D showed that supporting the POSIX program-
ming model was very expensive due to the overheads associated with adding software
coherence to the entire address space. However, in a language like OpenMP, shared
data is explicitly stated in the language. Hence, we could lower these overheads by
just adding coherence to the shared part of the address space. Recently, there has
been some activity to produce an open compiler infrastructure for OpenMP. These ini-
tiatives could lower the amount of work needed to experiment with SW-DSMs and
OpenMP. It would be interesting to study if we can use these initiatives to produce an
OpenMP interface to the DSZOOM SW-DSM system. Having produced such an inter-
face, we could study the performance of our implementation as well as other important
OpenMP applications on SW-DSM systems.

We would also like to study the applicability of the affinity-on-next-touch primitive
for a larger set of applications, such as the SpecOMP benchmark suite. It would also
be interesting to study the effect of this primitive for applications where the access
pattern changes during the execution such as adaptive mesh refinement and molecular
dynamics simulations.
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Abstract

On cc-NUMA multi-processors, the non-uniformity of main memory latencies moti-
vates the need for co-location of threads and data. We call this special form of data
locality, geographical locality, as one aspect of the non-uniformity is the physical dis-
tance between the cc-NUMA nodes. We compare the well established first-touch strat-
egy to an application-initiated page migration strategy as means of increasing the
geographical locality for a set of important scientific applications.

The main conclusions of the study are: (1) that geographical locality is important
for the performance of the applications, (2) that application-initiated migration out-
performs the first-touch scheme in almost all cases, and in some cases even results in
performance which is close to what is obtained if all threads and data are allocated
on a single node.

A.1. Introduction

In modern computer systems,temporaland spatial locality of data accesses is ex-
ploited by introducing a memory hierarchy with several levels of cache memories. For
large multiprocessor servers, an additional form of locality also has to be taken into
account. Such systems are often built as cache-coherent, non-uniform memory access
(cc-NUMA) architectures, where the main memory is physically, orgeographically
distributed over several multi-processor nodes. The access time for local memory is
smaller than the time required to access remote memory, and thegeographical locality
of the data influences the performance of applications.
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The NUMA-ratio is defined as the ratio of the latencies for remote to local memory.
Currently, the NUMA-ratio for the commonly used large cc-NUMA servers ranges
from 2 to 6. If the NUMA-ratio is large, improving the geographical locality may lead
to large performance improvements. This has been recognized by many researchers,
and the study of geographical placement of data in cc-NUMA systems is an active
research area, see e.g. [51, 6, 49, 10].

In this paper we examine how different data placement schemes affect the perfor-
mance of two important classes of parallel codes from large-scale scientific computing.
The main issues considered are:

• What impact does geographical locality have on the performance for the type of
algorithms studied?

• How does the performance of an application-initiated data migration strategy
based on a migrate-on-next-touch feature compare to that of standard data place-
ment schemes?

Most experiments presented in this paper are performed using a Sun Fire 15000
(SF15k) system, which is a commercial cc-NUMA computer. Some experiments are
also performed using a Sun WildFire prototype system [31].

Algorithms with static data access patterns can achieve good geographical local-
ity by carefully allocating the data at the nodes where it is accessed. The standard
technique for creating geographical locality is based on static first-touch page alloca-
tion implemented in the operating system. In a first-touch scheme, a memory page
is placed at the node where its first page fault is generated. However, the first-touch
scheme also has some well known problems. In most cases, the introduction of pre-
iteration loops in the application code is necessary to avoid serial initialization of the
data structures, which would lead to data allocation on a single node. For complex
application codes, the programming effort required to introduce these loops may be
significant. For other important algorithm classes, the access pattern for the main data
structures is computed in the program. In such situations it may be difficult, or even
impossible, to introduce pre-iteration loops in an efficient way. Instead, some kind
of dynamic page placement strategy is required, where misplacement of pages is cor-
rected during the execution by migrating and/or replicating pages to the nodes that
perform remote accesses. Dynamic strategies might be explicitly initiated by the ap-
plication [6], implicitly invoked by software [50], or they may be implicitly invoked
by the computer system [70, 13, 17].

A.2. Applications

To evaluate different methods for improving geographical locality we study the perfor-
mance of four solvers for large-scale partial differential equation (PDE) problems. In
the discretization of a PDE, a grid of computational cells is introduced. The grid may
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be structured or unstructured, resulting in different implementations of the algorithms
and different types of data access patterns. Most algorithms for solving PDEs could be
viewed as an iterative process, where the loop body consists of a (generalized) multi-
plication of a very large and sparse matrix by a vector containing one or a few entries
per cell in the grid. When a structured grid is used, the sparsity pattern of the matrix is
pre-determined and highly structured. The memory access pattern of the codes exhibit
large spatial and temporal locality, and the codes are normally very efficient. For an
unstructured grid, the sparsity pattern of the matrix is unstructured and determined at
runtime. Here, the spatial locality is normally reduced compared to a structured grid
discretization because of the more irregular access pattern.

We have noted that benchmark codes often solve simplified PDE problems using
standardized algorithms, which may lead to different performance results than for ker-
nels from advanced application codes. We therefore perform experiments using ker-
nels from industrial applications as well as standard benchmark codes from the NAS
NPB3.0-OMP suite [37]. More details on the applications are given in [43]. All codes
are written in Fortran 90, and parallelized using OpenMP. The following PDE solvers
are studied:

NAS-MG The NAS MG benchmark, size B. Solves the Poisson equation on a256×
256×256grid using a multi-grid method.

I-MG An industrial CFD solver kernel. Solves the time-independent Euler equations
describing compressible flow using an advanced discretization on a grid with
128×128×128cells. Also here a multi-grid method is used.

NAS-CG The NAS CG benchmark, size B. Solves a sparse system of equations with
an unstructured coefficient matrix using the conjugate gradient method. The
system of equations has75000unknowns, and the sparse matrix has13708072
non-zero elements, resulting in a non-zero density of0.24%.

I-CG An industrial CEM solver. Solves a system of equations with an unstructured
coefficient matrix arising in the solution of the Maxwell equations around an
aircraft. Again, the conjugate gradient method is used. This system of equations
has1794058unknowns, and the non-zero density is only0.0009%.

A.3. Results

On the a SF15k system, a dedicated domain consisting of four nodes was used, and
the scheduling of threads to the nodes was controlled by binding the threads to Solaris
processor sets. Each node contains four 900 MHz UltraSPARC-IIICu CPUs and 4
GByte of local memory. The data sets used are all approximately 500 MByte, and are
easily stored in a single node. Within a node, the access time to local main memory is
uniform. The nodes are connected via a crossbar interconnect, forming a cc-NUMA
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system. The NUMA-ratio is only approximately 2, which is small compared to other
commercial cc-NUMA systems available today.

All application codes were compiled with the Sun ONE Studio 8 compilers using the
flags-fast -openmp -xtarget=ultra3cu -xarch=v9b , and the experiments were
performed using the 12/03-beta release of Solaris 9. Here, a static first-touch page
placement strategy is used and support for dynamic, application-initiated migration
of data is available in the form of a migrate-on-next-touch feature [66]. Migration
is activated using a call to themadvise(3C) routine, where the operating system is
advised to reset the mapping of virtual to physical addresses for a given range of mem-
ory pages, and to redo the first-touch data placement. The effect is that a page will be
migrated if a thread in another node performs the next access to it.

We have also used a Sun WildFire system with two nodes for some of our experi-
ments. Here, each node has 16 UltraSPARC-II processors running at 250 MHz. This
experimental cc-NUMA computer has CPUs which are of an earlier generation, but in-
cludes an interesting dynamic and transparent page placement optimization capability.
The system runs a special version of Solaris 2.6, where pages are initially allocated us-
ing the first-touch strategy. During program execution a software daemon detects pages
which have been placed in the wrong node and migrates them without any involvement
from the application code. Furthermore, the system also detects pages which are used
by threads in both nodes and replicates them in both nodes. A per-cache-line coherence
protocol keeps coherence between the replicated cache lines.

We begin by studying the impact of geographical locality for our codes using the
SF15k system. We focus on isolating the effects of the placement of data, and do not
attempt to assess the more complex issue of the scalability of the codes. First, we
measure the execution time for our codes using four threads on a single node. In this
case, the first touch policy results in that all application data is allocated locally, and
the memory access time is uniform. These timings are denoted UMA in the tables
and figures. We then compare the UMA timings to the corresponding execution times
when executing the codes in cc-NUMA mode, running a single thread on each of the
four nodes. Here, three different data placement schemes are used:

Serial initialization (SI) The main data arrays are initialized in a serial section of the
code, resulting in that the pages containing the arrays are allocated on a single
node. This is a common situation when application codes are naively paral-
lelized using OpenMP.

Parallel initialization (PI) The main data arrays are initialized in pre-iteration loops
within the main parallel region. The first-touch allocation results in that the
pages containing the arrays are distributed over the four nodes.

Serial initialization + Migration (SI+MIG) The main arrays are initialized using serial
initialization. A migrate-on-next-touch directive is inserted at the first iteration
in the algorithm. This results in that the pages containing the arrays will be
migrated according to the scheduling of threads used for the main iteration loop.
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Application Time Remote accesses
UMA SI PI SI+MIG UMA SI PI SI+MIG

NAS-CG 1.00 (233.9s) 1.12 1.08 1.04 0.0% 75.1% 35.9% 6.2%
NAS-MG 1.00 (20.8s) 1.58 1.43 1.15 0.0% 72.4% 48.5% 11.0%
I-CG 1.00 (39.9s) 1.58 N/A 1.15 0.0% 67.9% N/A 31.4%
I-MG 1.00 (219.1s) 1.18 1.00 1.01 0.1% 77.1% 4.3% 3.6%

Table A.1.:Timings and fraction of remote memory accesses for the different codes
and data placement settings. The timings for the cc-NUMA settings are
normalized to the UMA case

In the original NAS-CG and NAS-MG benchmarks, parallel pre-iteration loops have
been included [37]. The results for PI are thus obtained using the standard codes, while
the results for SI are obtained by modifying the codes so that the initialization loops
are performed by only one thread. In the I-CG code, the sparse matrix data is read from
a file, and it is not possible to include a pre-iteration loop to successfully distribute the
data over the nodes using first touch allocation. Hence, no PI results are presented for
this code.

In Table A.1, the timings for the different codes and data placement settings are
shown. The timings are normalized to the UMA case, where the times are given also
in seconds. From the results, it is clear that the geographical locality of data does
affect the performance for all four codes. For the I-MG code, both the PI and the
SI+MIG strategy are very successful and the performance is effectively the same as
for the UMA case. This code has a very good cache hit rate, and the remote accesses
produced for the SI strategy do not reduce the performance very much either. For the
NAS-MG code the smaller cache hit ratio results in that this code is more sensitive
to geographical misplacement of data. Also, NAS-MG contains more synchronization
primitives than I-MG, which possibly affects the performance when executing in cc-
NUMA mode. Note that even for the NAS-MG code, the SI+MIG scheme is more
efficient than PI. This shows that sometimes it is difficult to introduce efficient pre-
iteration loops also for structured problems.

For the NAS-CG code, the relatively dense matrix results in reasonable cache hit
ratio and the effect of geographical misplacement is not very large. Again SI+MIG is
more efficient than than PI, even though it is possible to introduce a pre-iteration loop
for this unstructured problem. For I-CG, the matrix is much sparser, and the caches
are not so well utilized as for NAS-CG. As remarked earlier, it is not possible to in-
clude pre-iteration loops in this code. There is a significant difference in performance
between the unmodified code (SI) and the version where a migrate-on-next-touch di-
rective is added (SI+MIG).

In the experiments, we have also used the UltraSPARC-III hardware counters to
measure the number of L2 cache misses which are served by local and remote memory
respectively. In Table A.1, the fractions of remote accesses for the different codes and
data placement settings are shown. Comparing the different columns of Table A.1, it
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Figure A.1.:Execution time per iteration for NAS-CG and NAS-MG on the SF15K
using 4 threads

is verified that that the differences in overhead between the cc-NUMA cases compared
to the UMA timings is related to the fraction of remote memory accesses performed.

We now study the overhead for the dynamic migration in the SI+MIG scheme. In
Figures A.1(a), A.1(b), A.2(a), and A.2(b), the execution time per iteration for the
different codes and data placement settings is shown. As expected, the figures show
that the overhead introduced by migration is completely attributed to the first iteration.
The time required for migration varies from 0.80 s for the NAS-CG code to 3.09 s for
the I-MG code. Unfortunately, we can not measure the number of pages actually mi-
grated, and we do not attempt to explain the differences between the migration times.
For the NAS-MG and I-CG codes, the migration overhead is significant compared to
the time required for one iteration. If the SI+MIG scheme is used for these codes, ap-
proximately five iterations must be performed before there is any gain from migrating
the data. For the NAS-CG code the relative overhead is smaller, and migration is ben-
eficial if two iterations are performed. For the I-MG code, the relative overhead from
migration is small, and using the SI+MIG scheme even the first iteration is faster than
if the data is kept on a single node. A study of the scalability of the SI+MIG scheme
is performed in [43].

Finally, we do a qualitative comparison of the SI+MIG strategy to the transparent,
dynamic migration implemented in the Sun WildFire system. In Figures A.3(a) and
A.3(b), we show the results for the I-CG and I-MG codes obtained using 4 threads
on each of the two nodes in the WildFire system. Here, the SI+TMIG-curves repre-
sent timings obtained when migration and replication is enabled, while the SI-curves
are obtained by disabling these optimizations and allocating the data at one of the
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Figure A.2.:Execution time per iteration for I-CG and I-MG on the SF15K using 4
threads

nodes. Comparing the UMA- and SI-curves in Figures A.3(a) and A.3(b) to the cor-
responding curves for SF15k in Figures A.2(a) and A.2(b), we see that the effect of
geographical locality is much larger on WildFire than on SF15k. This is reasonable,
since the NUMA-ratio for WildFire is approximately three times larger than for SF15k.
From the figures, it is also clear that the transparent migration is active during several
iterations. The reason is that, first the software daemon must detect which pages are
candidates for migration, and secondly the number of pages migrated per time unit is
limited by a parameter in the operating system. One important effect of this is that on
the WildFire system, it is beneficial to activate migration even if very few iterations
are performed.

A.4. Conclusions

Our results show that geographical locality is important for the performance of our ap-
plications on a modern cc-NUMA system. We also conclude that application-initiated
migration leads to better performance than parallel initialization in almost all cases
examined, and in some cases the performance is close to that obtained if all threads
and their data reside on the same node. The main possible limitations of the validity
of these results are that the applications involve only sparse, static numerical operators
and that the number of nodes and threads used in our experiments are rather small.

Finally, we have also performed a qualitative comparison of the results for the com-
mercial cc-NUMA to results obtained on a prototype cc-NUMA system, a Sun Wild-
Fire server. This system supports fully transparent adaptive memory placement opti-
mization in the hardware, and our results show that this is also a viable alternative on
cc-NUMA systems. In fact, for applications where the access pattern changes dynami-
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8 threads

cally but slowly during execution, a self-optimizing system is probably the only viable
solution for improving geographical locality.
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Abstract

To achieve close to optimal performance on cc-NUMA systems for shared memory
parallel applications with complex data access patterns, a mechanism for co-locating
threads and the data during the execution of the program is needed. Theaffinity-on-
next-touchprocedure studied in this paper is based on re-doing the standard first-
touch allocation at explicitly given locations in the code. We study the performance of
a parallelized scientific computing application for which thread-data affinity can not
be created by standard methods. We observe a performance improvement of 64% if
the affinity-on-next-touch procedure is invoked once at a critical location in the code.
We also perform experiments that show that the overhead connected to creating the
affinity can be almost fully attributed the handling of page entries in the TLBs. The
cost for actually migrating data is negligible. Using larger but fewer pages we measure
a performance improvement of 127% compared to the original code.

B.1. Introduction

The memory access patterns of scientific computing codes are becoming more and
more complex. Unstructured grids and adaptive schemes are introduced in the compu-
tational models to increase the accuracy and resolution, resulting in that the data access
patterns are more irregular and possibly also changes during execution. When paral-
lelizing such codes, a shared memory programming model is preferred. One reason is
that the programmer does not have to explicitly manage the communication between
processors. Another important reason is that programming tools like OpenMP use a
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uniform shared memory model, implying that the programmer does not have to spec-
ify how the data should be partitioned and where it should be stored in the memory.
However, modern scalable shared memory computers are normally of cc-NUMA type.
In such systems, memory and CPUs are distributed over several nodes, where each
node normally consists of a physical CPU-memory board. The access time for mem-
ory within a node is smaller than the time required for a remote memory access, and
the difference is measured by the NUMA-ratio,

NUMA-ratio =
Remote access time
Local access time

.

On a NUMA system, the distribution of data in the shared memory has an effect on
the performance of programs. Misplacement of data may cause that the performance
and/or scalability is reduced even if the code is highly optimized in other aspects.

Possible ways of reducing negative performance effects arising from the mismatch
between the programming model and the underlying computer architecture has been
discussed by many authors, see e.g. [8, 49, 17, 33, 47]. The proposals fall into two
main categories:

Extend the programming model: Here, the programmer may explicitly specify the
data distribution using directives that are added to the programming model, see
e.g [6]

Extend the computer system: Here, the OpenMP runtime system, the operating sys-
tem and/or special hardware provide mechanisms for detecting and correcting
misplacement of data in a transparent way while the programming model is left
unmodified [70, 51, 49, 10].

Both of these approaches have advantages and disadvantages. If the programmer
knows how data is accessed, it may be easy to explicitly specify a good data distri-
bution. Then, a programming model where this distribution can be described directly
will probably result in good performance. On the other hand, if the data access pat-
tern is complex, a substantial effort may be needed by the programmer to determine
a good data distribution, or it may not even be possible. In such situations, a solution
where the computer system adaptively determines the data distribution in a transparent
way may be more beneficial. However, there is a risk that the overhead introduced by
the modifications of the system will result in a loss of performance and/or scalability,
counteracting positive effects of improving the data distribution.

In this paper, we study a method for dealing with the data distribution problem based
on a run-time mechanism for co-locating data and the threads that use it on the same
node of the computer system. The mechanism can be made available to the program-
mer by a portable and simple addition to the programming model. We evaluate the
performance effect of applying this method to an industrial scientific application, par-
allelized using OpenMP and executed on a cc-NUMA computer. The results show that
it is possible to decrease the execution time significantly compared to if the original
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code is used. The results also show that, on the computer system studied, the overhead
introduced by the directive is dominated by handling TLB coherence and not by the
actual movement of data. This implies that the overhead can be reduced by using large
page sizes.

B.2. Thread-data affinity on cc-NUMA systems

When executing a parallel program on a cc-NUMA system, it must be determined how
the data should be partitioned over the nodes and at which nodes the threads should
be run. To get high performance, the number of accesses to remote memory should be
small. This can be achieved if thethread-data affinityis large, i.e. if each data item
resides in the memory of the node where the thread that uses it the most is running.

The standard method for creating thread-data affinity is to use a first-touch strategy.
When a memory page is accessed for the first time during execution, the operating
system has to reserve a physical page for it in one of the nodes. Using first-touch data
placement, the page is allocated in the node where the thread responsible for the first
access is running. The hope is that this thread will also be the one that accesses the
page the most later, and that the thread will continue to run in the node where it was
started.

If the data access pattern changes after the initialization or if the threads move be-
tween nodes during execution, the thread-data affinity is normally reduced. The first
situation occurs for example if the data is initialized by a single thread before the paral-
lel region in the program begins. In such cases the first-touch strategy normally results
in that all data is allocated on a single node. This problem might sometimes be tack-
led by rewriting the code so that it performs a parallel initialization of the data, see
e.g. [37, 33]. However, in other cases a substantial programming effort is needed to
achieve this. Furthermore, some form of indirect addressing is used in many codes, for
example for handling unstructured computational grids. Then, the data access pattern
is determined by the data itself, and it is not possible to exploit the standard first-touch
strategy in an optimal way. In such cases, a viable approach for creating thread-data
affinity is to introduce a mechanism for re-doing the first-touch placement of data at
some locations in the code during the execution. This would allow a re-creation of
thread-data affinity by effectively migrating data to the correct nodes. We use the term
affinity-on-next-touchfor such an operation.

If the access pattern of the main part of the program is static, it might be sufficient
to invoke the affinity-on-next-touch procedure once after the initialization. For exam-
ple, for an application using an unstructured grid, the procedure could be invoked for
migrating data to the correct nodes once the access pattern is determined. In general
scientific computing codes, a few distinct phases with different access patterns can of-
ten be identified. It is normally easy for the programmer to determine where affinity
should be created, which implies that it is reasonable to add an affinity-on-next-touch
directive to the programming model. A directive of this type is also mentioned in [51],
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and a first implementation is found in the Compaq OpenMP compilers [6]. An affinity-
on-next-touch directive does not specify how and where to migrate data, which makes
is portable and easy to use. Moreover, the time-consuming phases in computational
codes normally consist of iterations where the data structures are repeatedly accessed
using the same access pattern. In such cases, the overhead introduced by invoking the
directive before the loop is amortized over the iterations.

If the data access pattern changes more often during the execution, the affinity-on-
next-touch mechanism could be invoked repeatedly, or a fully transparent scheme for
adaptive data distribution could be used. In a transparent scheme, ways of detecting
candidate pages for migration and/or replication must be built into the system, and
algorithms for deciding where and when to move data must be frequently executed.
When implementing schemes of this type, great care must be taken not to introduce
significant amounts of overhead.

B.3. The application

To evaluate the applicability of an affinity-on-next-touch directive, we study the per-
formance of an industrial solver for the Maxwell equations in 3 dimensions, describing
the scattering of electromagnetic waves from e.g. an airplane [24]. The solver uses an
unstructured grid and a finite element discretization, and solves the resulting sparse
system of equations using a conjugate gradient (CG) solver. In the iterative solver, a
bandwidth minimization algorithm [28] has been introduced [46]. The code is written
in Fortran 90 and C, and parallelized using OpenMP.

The data access pattern in the computations is static and unstructured, and it is pos-
sible identified two main phases in the code:

Assembly of iteration matrix This part of the code is not very time-consuming. Also,
it is rather complex and hence not parallelized

Iterative solver This computationally heavy part of the code is parallelized using an
algorithm with a small number of synchronization points [46]. For normal ap-
plication problems, about 50 iterations are required to compute the solution

In the experiments presented below we study a problem where the iteration matrix has
1794058rows, and each row has on average 15 non-zeros entries. This leads to that
the size of the data set is approximately 500 MByte.

Since the assembly of the iteration matrix is performed by a single thread, all of
the data will be allocated to a single node after the assembly phase. By invoking the
affinity-on-next-touch procedure just before the first iteration in the iterative solver, the
data will be migrated to several nodes matching the location of the multiple threads
used in the parallel region. In our experiments, we run the iterative solver to con-
vergence once, and investigate the performance gain from creating affinity for this
computation. In a real-life computation, the system of equations is solved over and
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over again for hundreds of time steps, implying that the overhead associated with the
creation of thread-data affinity will be amortized over many more iterations.

05 0 01 0 0 01 5 0 02 0 0 02 5 0 0
1 2 3 4 5 6 7 8 9 1 0 1 1 1 2 1 3 1 4 1 5 1 6 1 7I t e r a t i o n N u m b e rExecutionTime(ms)

N O _A F F A F F

Figure B.1.:The effect of the affinity-on-next-touch procedure when 16 threads are
used. The directive was executed just before the first iteration. Only the
first 17 out of 47 iterations are shown.

B.4. The cc-NUMA system

The experiments are performed on a dedicated 32 CPU domain on a Sun Fire 15000
system (SF15K) [15]. Here, each node consists of four 900MHz UltraSPARC-IIICu
CPUs, each having 8 MByte of L2 cache and 4 GByte of main memory. The system
runs Solaris 9, where the affinity-on-next-touch mechanism can be implemented by a
call to themadvise(3C) library routine.

In the experiments, the setting of a kernel parameter for the Solaris scheduler is
modified to increase the probability that the threads stay on the same nodes during the
execution of the program [66]. We did not use any binding to CPUs or processor sets.

It should be noted that NUMA-ratio of the SF15K system is only approximately
two. This means that we can not expect that the effects of modifying the distribution
of data to be dramatic.

B.5. Results

In Figure B.1, the effect of invoking the affinity-on-next-touch mechanism is illus-
trated. In this experiment, 16 threads are used. The graph shows the execution time
for each iteration if the original code is used (NO_AFF) and if the affinity-on-next-touch
mechanism is introduced before the first iteration in the solver (AFF).
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In the NO_AFFcase, the data remains allocated on a single node. The number of
remote accesses is large, resulting in a rather large execution time per iteration and a
total execution time of9.35 s. The slightly larger execution time for the first iteration
can be attributed to cold-start effects, where some of the data is cached on multiple
processors when the parallel region is entered.

For theAFF case, it is clear that an affinity-on-next-touch directive affects the perfor-
mance in two ways. In the first iteration, there is a cost for creating the affinity and the
execution time for this iteration is increased. After this, the execution time per iteration
is significantly reduced. Using the UltraSparc-III hardware counters, a measurement
of the number of L2 cache misses that are served from remote memory verifies that the
data is actually migrated to the nodes involved in the parallel computations. Therefore,
we conclude that the thread-data affinity actually has a positive effect on performance.
The average execution time for iteration2−47 is reduced from185to 71 ms, and the
total execution time is reduced to5.91s.

In a more general situation, it is clear that the initial cost of creating affinity must
be amortized over a number of iterations (or similar) if the total performance should
be increased. A simple calculation shows that for our experiment, 17 iterations are
needed before the break-even point is reached.

It is interesting to study of the overhead for the affinity-on-next-touch procedure in
more detail. In the experiment presented in Figure B.1, we know that data is actually
migrated from one node to several others at the first iteration. The overhead for this
can be divided into two parts: The cost of copying data and the cost of keeping the
page tables coherent. The copy operations are parallelizable, and the performance is
only limited by the memory system characteristics. However, the modifications of the
page tables are potentially more more problematic.

If a page translation is cached in several translation look-aside buffers (TLBs), we
need to enforce coherency among these buffers. This procedure is serial, and involves
an expensiveTLB shoot-downprocess where dirty translations in the TLBs of proces-
sors sharing the page are replaced. This process often involves global kernel locks,
polling and/or interrupts [18]. To investigate the relative effect of the two types of
overhead, another experiment was performed where the affinity-on-next-touch proce-
dure is invoked twice, once at iteration 15 and once at iteration 40. Since the access
pattern is static during the iterations, no data is actually moved on the second invoca-
tion. The result show that there was no measurable time-difference iterations 15 and
40, and it is clear that the overhead is dominated by handling the TLBs. This assump-
tion is further supported by results from measuring the number of minor page faults
and cross-processor interrupts using kernel statistics.

As described above, we have found that the overhead connected to creating thread-
data affinity is dominated by handling entries in the TLBs. It is reasonable to assume
that using fewer but larger pages could reduce this overhead. In Figure B.2, the ef-
fect of using 64kB pages instead of the standard 8kB pages is show, again for an
experiment using 16 threads. In the figure, the two curves in Figure B.1 are repeated
(NO_AFF8kBandAFF8kB), but now together with the corresponding curves for 64kB
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pages (NO_AFF64kB andAFF64kB). It is clear that the overhead in the first iteration
is reduced by a factor of 3 when using 64kB pages compared to the 8kB case. Also,
the performance for the subsequent iterations is almost unaffected by changing the
page size. The total execution time is now reduced to3.9 s, and the break-even point
where the overhead has been amortized is reached already after four iterations. The
primary reason for the reduction of the overhead when using a larger page size is that
fewer TLB entries must be handled. In the TLB shoot-down process, the initiating
thread sends one interrupt per page to invalidate possible shared TLB entries for other
threads. The UltraSparc-III processor does not have hardware support for 64kB pages,
implying that when 64 kB pages are used, in practice one interrupt invalidates eight
8kB pages. The results for the original code in Figure B.2 indicate that there is an-
other, smaller positive effect provided by a general reduction of the cold-start effects
for entering the parallel region when the number of TLB entries needed to cache the
working set is reduced.
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Figure B.2.:A comparison of the effect of the affinity-on-next-touch procedure when
8kB and 64kB page are used.

In Figure B.3, the effect of invoking the affinity-on-next-touch procedure for differ-
ent numbers of threads is shown. The bars show the improvement of the total execution
time when using 8kB and 64kB pages compared to the cases where the original code
is executed using 8kB pages using the same number of threads. From the figure, it is
clear that enforcing a proper distribution of data by invoking an affinity-on-next-touch
procedure in general improves the performance for the application studied here. Also,
it is clear that in all cases the performance improvement is larger when 64kB pages are
used instead of 8kB pages. The performance decrease for 2 threads and 8kB pages is
explained by that in this case the two threads are scheduled to the same node, and there
will be no possible benefit of migrating data. Then, the overhead in the first iteration
is not followed by any performance improvement in subsequent iterations.

A more detailed study of the experiments described by Figure B.3 reveals that, using
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Figure B.3.:Performance improvement of using the affinity-on-next-touch procedure

compared to if the original code is used. Results for both 8kB and 64kB
pages are shown.

the implementation studied in this paper, the affinity-on-next-touch mechanism is not
scalable. The initial iteration overhead is almost constant as the number of threads is
increased. As the iterations become faster when more threads are used, more and more
iterations must be performed before the break-even point is reached and the initial
overhead is amortized. However, this effect is reduced by using 64kB pages.

Finally, we present a traditional speedup graph where the code is executed using
different numbers of threads and the affinity-on-next-touch procedure is invoked as
described earlier. Results for both 8kB and 64kB pages are shown. B.4. From the
figure, it is obvious that reducing the initial iteration overhead has a positive effect on
the scalability of the parallel implementation.

B.6. Conclusions

To achieve close to optimal performance on cc-NUMA systems for shared memory
applications with complex and possibly changing data access patterns, a mechanism
for creating or re-creating thread-data affinity during the execution of the program is
needed. In this paper, we have evaluated such a procedure, denotedaffinity-on-next-
touch, based on re-doing the standard first-touch allocation at given locations in the
code. This normally results in that data is migrated between the nodes in the system.
The experiments are performed using a parallelized scientific computing application
where thread-data affinity can not be created by standard methods. We find that the
execution time can be significantly reduced by invoking the affinity-on-next-touch pro-
cedure. We also perform experiments that show that the overhead connected to creat-
ing the affinity can be almost fully attributed the handling of page entries in the TLBs.
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Figure B.4.:The speedup of the solver using the original code (NO_AFF8kB), affinity-
on-next-touch and 8k pages (AFF8kB), and affinity-on-next-touch and 64k
pages (AFF64kB).

The cost for actually migrating data is negligible. Led by this observation, we manage
to reduce the overhead by increasing the page size, which results in that fewer TLB
entries must be handled.

Since the affinity-on-next-touch procedure is invoked at distinct locations in the al-
gorithm, it is natural to suggest that it should be accessible by a directive in program-
ming tools like OpenMP. The programmer usually knows where thread-data affinity
is critical for performance. In OpenMP, other options are to add an affinity-creation
attribute to the parallel region directive, or to automatically invoke the procedure for
creating affinity at the beginning of each parallel region. The latter solution has the
advantage that the programming model is left unmodified.

44



Paper C

45



C. Algorithmic Optimizations of a
Conjugate Gradient Solver on
Shared Memory Architectures

Henrik Löf and Jarmo Rantakokko
Uppsala University, Department of Information Technology
P.O. Box 337, SE-751 05 Uppsala, Sweden
henrik.lof,jarmo.rantakokko@it.uu.se

Abstract

OpenMP is an architecture-independent language for programming in the shared mem-
ory model. OpenMP is designed to be simple and powerful in terms of program-
ming abstractions. Unfortunately, the architecture-independent abstractions some-
times come with the price of low parallel performance. This is especially true for ap-
plications with unstructured data access pattern running on distributed shared mem-
ory systems (DSM). Here proper data distribution and algorithmic optimizations play
a vital role for performance. In this article we have investigated ways of improving
the performance of an industrial class conjugate gradient (CG) solver, implemented in
OpenMP running on two types of shared memory systems.

We have evaluated bandwidth minimization, graph partitioning and reformulations
of the original algorithm reducing global barriers. By a detailed analysis of barrier
time and memory system performance we found that bandwidth minimization is the
most important optimization reducing both L2 misses and remote memory accesses.
On an uniform memory system we get perfect scaling. On a NUMA system the perfor-
mance is significantly improved with the algorithmic optimizations leaving the system
dependent global reduction operations as a bottleneck.

C.1. Introduction

Many parallel applications exhibit unstructured and/or highly irregular patterns of
communication. Implementing such applications often require substantial software
engineering efforts regardless of the parallel programming model used. These efforts
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can however be lowered using a shared memory model, like OpenMP, since in this
model the orchestration of the communication is handled in an implicit manner hid-
den from the programmer. Unfortunately, this very attractive feature of OpenMP often
comes with the price of lower parallel performance compared to other, more explicit
programming models such as message passing. OpenMP is designed to be a sim-
ple and architecture independent tool, i.e., OpenMP uses auniform shared memory
model. However, most large-scale shared memory systems are of cc-NUMA type.
The OpenMP model still works well for applications with structured and local data de-
pendencies [44] but for applications with unstructured data dependencies special care
have to be taken to the algorithm.

An example of an important scientific application exhibiting an unstructured pattern
of communication is an iterative solver for large sparse systems of equations. Many
algorithmic optimizations have been proposed to increase the performance of itera-
tive solvers. Most of them have been evaluated in a message passing programming
model. In this study, we want to evaluate these algorithmic optimizations on a con-
jugate gradient (CG) solver implemented in OpenMP. We want to investigate whether
these optimizations can be used to increase the performance on both uniform (SMP)
and non-uniform (cc-NUMA) shared memory architectures. Can we get high perfor-
mance using algorithmic optimizations and still keep the software engineering efforts
low using the shared memory model?

We use a real industrial data set from a finite element discretization of the Maxwell
equations in three dimensions on a fighter jet geometry. The code was run on a Sun
Fire 15000 (SF15K) cc-NUMA server [15] and on a Sun Enterprise 10000 (E10K)
SMP, a uniform memory access system. The algorithmic optimizations we have stud-
ied are, reformulation of the algorithm for reducing global barriers [16], bandwidth
minimization of the iteration matrix [28] and graph partitioning using the MeTiS tool
[38]. We have also used a page migration feature of Solaris 9 [66] to improve the data
distribution of the application.

The effects of the different optimizations were quantified. The parallel overhead is
dominated by the poor locality properties this application exhibits. Hence, bandwidth
minimization showed to give the highest performance improvements for both uniform
and non-uniform architectures. Load balance showed to be of less importance and a
simple linear partitioner in combination with bandwidth minimization gave the best
results. We saw no need for more advanced partitioning like graph partitioning. Re-
ducing global barriers had no significant effect on these small size systems (28 threads)
but gave some improvements in combination with bandwidth minimization (when the
load imbalance was minimized).

C.2. Parallelizing the CG-algorithm using OpenMP

When parallelizing iterative solvers like the CG-algorithm [3] there are three basic
types of operations to consider:
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Algorithm 3 Method of Conjugate Gradients
Given an initial guessx0, computer0 = b−Ax0

and setp0 = r0.
For k = 0,1, . . .
(1) Compute and StoreApk

(2) Compute< pk,Apk >
(3)

αk =
< rk, rk >

< pk,Apk >

(4) xk+1 = xk +αkpk

(5) Computerk+1 = rk−αkApk

(6) Compute< rk+1, rk+1 >
(7)

βk =
< rk+1, rk+1 >

< rk, rk >

(8) Computepk+1 = rk+1 +βkpk

Vector operations (Lines (4),(5) and (8) of Algorithm 3) These operations are triv-
ially parallelized and they require very large vectors to amortize the parallel
overhead. In OpenMP this operation translates into a simple parallelized loop.

Inner products (Lines (2) and (6) of Algorithm 3) These operations map well onto
OpenMP reductions and they are inherently serial in the sense that they introduce
global barriers.

Sparse matrix-vector product (SpMxV) (Line (1) of Algorithm 3) This operation stands
for the significant part of the execution time. A straight forward parallelization
consists of assigning rows or columns of the matrix to different threads using a
loop directive on the outer-most loop.

The main sources of parallel overhead in any shared memory implementation are:
global barriers, true/false sharing effects and load balance. On a NUMA system ad-
ditional overheads come from non-optimal data placement which will trigger remote
memory accesses. In the case of the CG algorithm and OpenMP, there are no major
false sharing effects1 as most stores are primarily stride-1 accesses which map very
well to the static partitions generated by OpenMP loop directives.

When it comes to global barriers, we can see from Algorithm 6 (Appendix A),
that we have several flow dependencies that must be protected by global barriers. In
OpenMP we have implicit barriers at the end of the workshare directives. In some

1There might still be false-sharing effects in the OpenMP runtime system. As an example the final
stage of a reduction, which must be performed serially, should use padded arrays to minimize false
sharing.
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Algorithm 4 OpenMP implementation in C of a sparse matrix vector product for the
compressed sparse row (CSR) format.
void spmxv(const double *val, const int *col,

const int *row, const double *x,
double *v, int nrows)

{
register int i,j;
register double d0;

#pragma omp for private(i,j,d0) nowait
for( i = 0; i < nrows; i++ )

{
d0 = 0.0;
for( j = row[i]; j < row[i+1]; j++ )

d0 += val[j] * x[ col[j] ];
v[i] = d0;

}
}

cases these can be removed using theNOWAITclause. Also, in OpenMP an inner prod-
uct requires two barriers, one to clear the reduction variable and one at the end of
the reduction. In total, we found that a correct OpenMP implementation of the basic
CG-algorithm needs 7 barriers per iteration, see Algorithm 6.

Finally, load balancing is good for the vector operations and the reductions if they
are statically partitioned. The load balance in the SpMxV is however dependent on
the structure of the sparse matrix, and the partitioning of the data, ie how the OpenMP
threads are scheduled in the outer-loop of the SpMxV, see Algorithm 4. Even though
we assign an equal amount of rows to each thread, load balance may still be poor since
the number of non-zero elements per row varies.

C.3. Algorithmic optimizations

We can improve the performance of a standard implementation using some well known
optimizations. To address the parallel overheads we have studied bandwidth minimiza-
tion (true sharing), reformulation of algorithm (global barriers), and graph partitioning
(load balance).

C.3.1. Cache-aware optimizations to the SpMxV

The SpMxV have several performance problems on modern microprocessors. First of
all, this operation is memory-bound, since each element in the result vectorv require
more memory operations than floating-point operations, see Algorithm 4. The inner
loop can be very short and varies in size between the rows. Also, the spatial locality in
the right-hand side (RHS) vectorx is very bad due to the indirect addressing through
the column index vectorcol . The spatial locality for the row and column vectors are
however good since they exhibit perfect stride-1 access patterns. The distributions of
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elements of each row or column of the matrix determines the amount of reuse present
in the cache blocks of the RHSx . In the case of FEM, this pattern is determined
by the type and numbering of elements and also on the geometry of the problem.
Furthermore, the number of non-zero elements in each row or column is bound by
how many elements that geometrically couple in physical space. For 3-dimensional
problems, a common number of non-zeros per row or column is about 20. This small
number of elements and the irregularity in loop length makes it hard for an optimizing
compiler to use standard optimizations such as blocking, unrolling and tiling on the
inner-loop.

Using the fact that any sparse matrix can be interpreted as an adjacency matrix of a
corresponding graph, we can apply graph theoretical methods to improve the locality
of the SpMxV. Remember that the spatial locality of the RHS accesses in the SpMxV
will probably increase if the matrix contain large dense blocks since we can reuse
more elements of the cached block. Unfortunately, many applications does not exhibit
a large dense blocks, but the matrix can be re-ordered to maximize the number of such
blocks.

One way of finding dense blocks is to minimize the bandwidth of the matrix using
graph theoretical methods. This has been successfully employed in several previous
studies for uniform memory systems. In a DSM or NUMA setting, the prize of a cache
miss can be much higher due to the possibility of the miss to be served by remote mem-
ory. Hence, we would expect bandwidth minimization to be efficient on non-uniform
architectures as well. In this study we use an optimization of the standard method Re-
verse Cuthill-McKee (RCM) [19] developed by Gibbs, Pool and Stockmeyer (GPS).
The GPS method give equal quality minimizations in less time as shown in [28].

C.3.2. Reducing the number of global barriers

The original algorithm requires 7 barriers in total to be correct. Two barriers can
immediately be removed by making private copies of the global variablesα andβ.
Moreover, we can remove two barriers by interleaving the zeroing of one reduction
variable with the reduction of the other variable and vice versa, exploiting the reduction
barriers. This gives an optimized algorithm with only three barriers per iteration, see
Algorithm 7 (Appendix A). In this algorithm we assume that the runtime system will
produce identical partitions for allSTATIC schedules.

Furthermore, we can use the s-step formulation of the CG-algorithm to remove one
more barrier. Originally developed in a message passing environment, this optimiza-
tion tries to reduce the number of inner products by computing several CG iterations
in parallel. Using the identity

< Apk, pk >=< Ark, rk >−βk−1/αk−1 < rk, rk >

Chronopoulos et al. formed thes-step(s = 1) version of the CG algorithm, see Al-
gorithm 5. Here, an extra vector operation is introduced to remove one inner product,
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Algorithm 5 S-step formulation of CG
Given an initial guessx0, computer0 = b−Ax0

and setp0 = r0.
ComputeAr0, setb−1 = 0 and compute

α0 =
< r0, r0 >

< r0,Ar0 >

For k = 1,2, . . .
(1) pk = rk +βk−1pk−1
(2) Apk = Ark +βk−1Apk−1
(3) xk+1 = xk +αkpk

(4) rk+1 = rk−αkApk

(5) Compute and StoreArk+1
(6) Compute

< Ark+1, rk+1 > and< rk+1, rk+1 >

(7)

βk =
< rk+1, rk+1 >

< rk, rk >

(8)

αk+1 =
< rk+1, rk+1 >

< Ark+1, rk+1 >−(βk/αk) < rk, rk >

hence, removing also one barrier and giving a total of two barriers per iteration (see
Algorithm 8 Appendix A). However, the s-step formulation contain more arithmetical
work than the standard formulation.

C.3.3. Improving load-balance

Graph partitioningis a standard way of minimizing interprocessor communication and
producing load balanced computations for mesh based applications2, see [21]. They
are typically used in implementations on systems with a distributed memory where
the computation needs to be explicitly partitioned in some way. In a shared memory
setting we can permute the matrix using a partition vector from a graph partitioner to
create load balance partitions. An outer loop is added to the SpMxV indexed by the
OpenMP threadID which fetches the partition boundaries each thread will use. A graph
partitioner can potentially also effect the locality of the implementation, something
we want to study further here. As the partitioner minimizes theedge-cut, which is
an approximation of communication volume, the partitions could also decrease the
number of remote accesses although some communications will be local. We used
the k-way multilevel recursive bisection routineMETIS_PartGraphKway of the MeTiS

2To only achieve load balance one can use a sequence partitioning method for the rows.
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graph partitioner using Heavy-Edge matching and Random matching with maximized
connectivity throughout this study.

C.3.4. Related Work

The CG algorithm has been extensively used and studied in the numerical community
[29, 3]. Several attempts have been made to increase the performance of the SpMxV
[54, 11]. Apart from reordering, which we also use, other optimizations are: register
blocking to lower the amount of load instructions [54, 71, 69], address precomputation
[69] and cache blocking [71].

Most of the work, when it comes to optimizing the parallel performance of the
algorithm has been conducted in the distributed memory setting. Early work in the
shared memory setting include Brehm et al [9], where they studied the performance
of the CG algorithm on earlier type of shared memory machines from vendors like
Alliant, Sequent and Encore. In the DSM setting, Oliker et al. [52] comes closest
to our work. Here, the authors showed that for a similar implementation of the CG
algorithm, running on an SGI Origin 2000 [41] and using SGI’s native shared memory
pragmas, the performance was very much increased when proper data distribution and
bandwidth minimization was used. In fact, the performance of the shared memory
implementation was as good as a pure message passing implementation. In this article
we use data from a real industrial application and we also perform a more detailed
analysis of the different overheads associated with the parallelization and the computer
system. Our goal is to understand how to produce the most efficient implementation
of a particular solver rather than comparing different programming models for a given
problem which was the case in Oliker et. al.

In the OpenMP/DSM setting there has been a lot of activity on deciding how to
achieve data distribution on non-uniform architectures [49, 6, 10, 44]. These articles
all discuss the CG benchmark of the NAS NPB3.0 OpenMP suite. Unfortunately, the
data in this benchmark is not very realistic as it is randomly generated and hence differs
from real world data which often has some kind of structure.

C.4. Methodology

In this section we describe additional details about the input data and the actual source
code. We also explain the experimental setups and our experimental methodology to
quantify the effects of the different optimizations.

C.4.1. Execution environment

The results where measured on a dedicated 32 CPU domain of a SF15K [15] and on
a 32 processor SUN E10K server [14]. The SF15K is a cc-NUMA system consisting
of 4 CPU nodes (cpu boards) connected together using a crossbar switch. On the
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system used, each UltraSPARC-IIICu [67] is clocked at 900MHz and had a 64Kb L1
data cache, a 8Mb L2 cache and a single CPU is capable of addressing up to 16Gb of
memory at 2.4 Gb/s. The domain had a total DRAM size of 32 Gb, where each 4 CPU
node had 4 Gb of local memory on the board. The SUN E10K server is a uniform
memory access machine of SMP type consisting of 32 UltraSPARC-II CPUs clocked
at 400MHz. The UltraSPARC-II has a 8Mb L2 cache and a 16Kb L1 cache. The total
DRAM size is 32Gb. All source codes where compiled using the Sun ONE Studio 8
compiler.

C.4.2. The FEM solver

The studied solver solves the Maxwell equations in electro-magnetics around a fighter
jet configuration [24] in 3D using the finite element method (FEM). The system of
equations has1794058unknowns, the non-zero density is only0.0009%(see Figure
C.1) and the solver converge in 48 iterations without any preconditioning. Figure
C.1(a) shows a histogram of the number of non-zeros per row. The maximum number
of non-zeros for all rows was 36 and on average each row has about 15 non-zero
elements. After initialization the resident working set of the applications was about
500Mb.

The main part of the code was implemented in Fortran90. The SpMxV however was
implemented in C, to support more aggressive optimizations by the compiler. We do
not run the entire FEM solver framework. Instead we have saved the iteration matrix to
file and isolated the iterative solver. Hence, the matrix is read from file by the master
thread which, by the first-touch principle, allocates all memory in the node that the
master thread is running in. A similar situation might occur if we had used the entire
FEM framework as it is hard to do the FEM assembly process in a way that distributes
data according to the first touch principle. A more elegant way is to use what ever
code you have for the assembly process and let the iterative solver worry about data
distribution. As the sparse matrix is stored in the compressed sparse row (CSR) format,
we cannot use some kind of pre-iteration to do data distribution. This is because the
access pattern is determined indirectly from the CSR arrays that need to be loaded
into memory. Hence, page migration seems like a solution given that the overhead
of migration can be amortized. This is discussed further in Löf et al. [44, 42]. In
the following experiments, the page migration directives (calls tomadvise(3C) ) was
inserted at the beginning of the first iteration just before the SpMxV when running on
the SF15K machine. By using migration data is migrated, by redoing the first touch,
according to the access pattern of the solver.

To control thread affinity, the Solaris scheduler was told to try and keep threads in
their “home” node. This is especially important when we do data placement (migrate-
on-next-touch mode). In practice, the Solaris 9 scheduler assign the home node to
spawned threads in a way so that the node is not overloaded. As an example, if the
node has 4 CPUs, the first three threads created will be assigned to this node (this will
be their home node) and the fourth thread will be assigned to another un-loaded node
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Figure C.1.:Structure of the iteration matrix used for the four different cases of re-
orderings. The system has 1794058 unknowns
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if there is one available. In our experiments we did not use any explicit CPU bindings.
Hence, the scheduler can move threads away from their home node to create a better
load balance from a system perspective.

C.4.3. Experimental setups

We constructed five different combinations of reorderings and algorithms

Base This is the standard OpenMP implementation using the original input matrix,
see Figure C.1(b) and Algorithm 6.

S-Step This is an implementation of the S-Step algorithm, see Section C.3.2 and Al-
gorithm 8 using the original data, see Figure C.1(b)

GPS Here, we use the standard CG algorithm but we have reordered the orginal ma-
trix using the Gibbs-Pool-Stockmeyer (GPS) algorithm, see Section C.3.1. The
structure of the resulting reordered matrix can be found in Figure C.1(c)

OPT Here, we use the optimized CG algorithm, see Algorithm 7

MeTiS Here, we use the optimized algorithm, see Algorithm 7 and the matrix is
reordered according to the partitions produced by MeTiS as described in Sec-
tion C.3.3

GPS+OPT Here, we use the optimized CG algorithm, see Algorithm 7 on the matrix
reordered by the GPS method

GPS+MeTiS Here, the matrix reordered using the GPS method is reordered again
according to the partitions produced by MeTiS as described in Section C.3.3

GPS+S-Step In this setting we use the S-Step algorithm on the matrix reordered by
the GPS algorithm

C.4.4. Evaluating the effect of the algorithmic optimizations

We have performed the experiments using hardware counters to quantify the effects
of the optimizations. To quantify the load balance we measured the total CPU time
spent in the__mt_EndOfTask_Barrier_ and__mt_Explicit_ Barrier_ functions
of the Sun OpenMP runtime system called from within the main parallel region. This
corresponds to the CPU time spent in global barriers in the implemented algorithm.
The __mt_Explicit_Barrier_ function is not due to anyBARRIERdirectives. This
function is called by the Sun runtime system at the end of theSINGLE directive. We also
measured the executed cycles and instructions to calculate the number of Instructions
Per Cycle (IPC) and we measured the impact on the memory subsystem by counting
L2-cache references, misses and remote misses using the UltraSPARC-IIICu hardware
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counters [67]. This allows us to calculate L2 miss ratios as well as the distribution of
the L2 misses into the remote or local categories. We also counted the number of
completed floating-point instructions from the CPU. Using these counters we could
calculate FLOP/s rates.

All detailed measurements were made using the Sun collect/analyzer profiling tool
set using 16 threads. In the case of the SF15K we also used page migration (migrate-
on-next-touch mode) and 64Kb pages, see [42]. For the performance graphs, the exe-
cution times were measured using the Solaris high resolution timergethrtime(3C) .
Each binary was run ten times and we choose the minimum to represent the execution
time of the binary. The minimum time is used to reduce the variations caused by thread
scheduling and intrusion of system deamons. We measure the arithmetical load imbal-
anceγ defined as the maximum number of non-zeros per partition divided by the mean
number of non-zeros per partition. As the number of operations needed to produce
an entry in the solution is dependent on the number of non-zeros in the partition, the
arithmetical load balancecan be described using the total number of non-zeros per
partition. True load balance is a combination of the arithmetical load balance and high
throughput in the computing hardware. Even though the partitions have balanced num-
ber of non-zeros the actual time to compute is very dependent on how much the CPU
stalls on cache misses. This is especially true for non-uniform architectures. Also,
in the case of OpenMP, non-uniform memory systems might affect the time spent in
global barriers.

C.5. Experimental Results

From Figures C.2 and C.3, we can see the effect of the different algorithmic optimiza-
tions. The bars are normalized to the correspondingBase case (the left-most bar in
each group) which corresponds to the original code with no optimizations used. We
can clearly see that bandwidth minimization gives the highest performance improve-
ment both on NUMA and the uniform SMP machine. Reordering with MeTiS has
some effect on the SMP machine but this declines with increasing number of threads.
Reducing the number of barriers has no significant effect alone but in combination
with bandwidth minimization the peformance is further improved on both machines.

Looking at Figures C.4 and C.5, we see that we can achieve perfect scalability on
the SMP machine using the different algorithmic optimization techniques while on the
NUMA machine we only reach about 50% parallel efficency on 28 threads. To un-
derstand the effects of the different optimization techniques we have made a detailed
analysis of a 16 thread run (Figure C.6, Table C.1, Table C.2). Figure C.6 visualizes
the arithmetical load balance. Here the “Reference” ring corresponds to a static equal
size partitioning of the non-zeros, ie perfect arithmetical load balance. This can how-
ever not be achieved since it does not correspond to any valid reordering. Comparing
the sectors at the innermost ring, the Base ring, at 12 and 6 o‘clock of Figure C.6 we
can see that the static partitioning does not produce very balanced partitions for this re-
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alistic data set. This is also quantified by theγ parameter. A simple linear partitioning
of rows in the bandwidth minimized matrix gives a very good load balance, better than
using graph partitioning. A primary goal of MeTiS is to minimize the edge-cut. Ex-
perimenting with different algorithms for refinement and edge-matching in MeTiS did
not have any significant effect on runtime performance. Looking at the results from the

BASE S-Step GPS MeTiS OPT
Load balance (γ) 1.24 1.24 1.01 1.15 1.24
User CPU time 336.66s 328.44s 234.57s 299.71 323.71s

System time 0.4s 0.45s 0.5s 0.07s 0.33s
SpMxV 213.79s 211.19s 190.29s 224.74s 212.43s
Barrier 85.02 79.72s 10.84s 46.66s 83.7s

Table C.1.:Detailed analysis using the Sun analyzer profiling tool. All results are for
16 threads on the E10K. On this system, the analyzer could not use hard-
ware counters.

more detailed measurements in Table C.1 and Table C.2 we can confirm that the algo-
rithm is memory-bound with a low instruction per cycle rate (IPC). Hence, bandwidth
minimization that reduces both the L2 misses and the remote memory accesses most
is expected to give best performance improvements. MeTiS reduces the total edge-cut
and the load imbalance but gives a high number of remote memory accesses increasing
the time spent in SpMxV. MeTiS does not consider that the processors are clustered
four by four in the nodes. The different optimizations to reduce the number of barriers
do not give any significant improvements. For this small number of threads the time
spent in barriers is mostly due to load imbalance in the SpMxV operation and not in the
algorithm to synchronize the threads. Thus, reducing the load imbalance gives the best
effect also on barrier time. For larger number of threads we would expect to gain more
in reducing the number of barriers. On the NUMA system the time spent in barriers
(20-40%) is still very high for all optimizations. This is also causing the poor scaling.
We would expect that the GPS+OPT or GPS+S-step with good load balance and few
barriers would give low barrier times but this is not the case on the NUMA system.
This suggest that the reductions may not be optimal here. For the same optimizations
we get a barrier time below5%of total time on the SMP system.

C.6. Conclusions

We have investigated ways of improving the performance of an industrial class con-
jugate gradient (CG) solver, implemented in OpenMP running on two types of shared
memory systems, a uniform SMP and a cc-NUMA machine. We have evaluated band-
width minimization, graph partitioning and reformulations of the original algorithm
reducing global barriers. Bandwidth minimization has the greatest impact on perfor-
mance, reducing both the L2 misses and remote memory accesses. Graph partitioning
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BASE S-Step GPS MeTiS OPT
Load balance (γ) 1.24 1.24 1.01 1.15 1.24
User CPU time 131.29s 127.7s 74.85s 130.11s 123.01s

System time 4.77s 6.51s 6.78s 6.23s 4.3s
SpMxV 59.45s 57.4s 36.23s 70.02s 55.67s
Barrier 45.15s 48.29s 21.67s 33.25s 47.5s

IPC 0.63 0.57 0.65 0.47 0.55
L2 misses106 427 421 376 438 418

Remote misses106 125 115 70 144 104
MFLOPS/s 450.2 463.4 710.7 451.9 450.8

Table C.2.:Detailed analysis using the Sun analyzer profiling tool and hardware coun-
ters. All results are for 16 threads on the SF15K.

improves the load balance and edge-cut of the original matrix but does not give the
same load balance and data locality as bandwidth minimization. Reducing the number
of barriers alone has no significant effect on these small systems but gives some per-
formance improvements in combination with the other optimizations when the load
imbalance is reduced. On the uniform SMP system we can achieve perfect scaling
using the different optimization techniques but on the cc-NUMA system we have less
good scalability due to high barrier times coming from the reduction operations.

Our conclusion is that it is possible to achive high performance and still keep the
software engineering efforts low by using an architecture independent shared memory
model like OpenMP. But, special care have to be taken to algorithmic optimizations,
data distributions and implementation of global operations. The bottleneck in our ap-
plication on the NUMA system is the global reduction operations.

C.7. Implementations in OpenMP

Here we present our implementations of th CG algorithm in OpenMP. The standard
implementation, Algorithm 6 represents a direct implementation from the CG algo-
rithm. In Algorithm 7 we have used features of OpenMP to reorder some calculations
to save global barriers. Finally, Algorithm 8 is an implementation of the S-Step ver-
sion of CG. Here only 2 global barriers are needed. To achieve this an extra vector is
introduced, resulting in more arithmetical work.
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Algorithm 6 Standard OpenMP implementation of CG
!$OMP PARALLEL DEFAULT(SHARED) PRIVATE(cg_iter_count)

cg_iter_count = 1

do

call SpMxV(A,p,temp) ! No barrier here

!$OMP SINGLE
pAp_norm = 0.0_rfp

!$OMP END SINGLE
====================================
!$OMP DO REDUCTION(+:pAp_norm)

do i = 1, matrix_size
pAp_norm = pAp_norm + p(i)*temp(i)

end do
!$OMP END DO
====================================

!$OMP SINGLE
alpha = r_old_norm/pAp_norm

!$OMP END SINGLE
====================================
!$OMP WORKSHARE

x = x + alpha * p
r_new = r_old - alpha * temp

!$OMP END WORKSHARE NOWAIT

!$OMP SINGLE
r_new_norm = 0.0_rfp

!$OMP END SINGLE
====================================
!$OMP DO REDUCTION(+:r_new_norm)

do i = 1, matrix_size
r_new_norm = r_new_norm + r_new(i)*r_new(i)

end do
!$OMP END DO
===================================

!$OMP SINGLE
beta = r_new_norm/r_old_norm

!$OMP END SINGLE
===================================
!$OMP WORKSHARE

p = r_new + beta*p
!$OMP END WORKSHARE
===================================

Check convergence

!$OMP SINGLE
call Swap_pointers(r_old, r_new)
r_old_norm = r_new_norm

!$OMP END SINGLE NOWAIT

cg_iter_count = cg_iter_count + 1

end do
!$OMP END PARALLEL
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Algorithm 7 Optimized OpenMP implementation of CG

pAp_norm = 0.0_rfp

!$OMP PARALLEL DEFAULT(SHARED) PRIVATE(cg_iter_count,alpha,beta)

cg_iter_count = 1

do

call SpMxV(A,p,temp) ! No barrier here

!$OMP SINGLE
r_old_norm = r_new_norm
r_new_norm = 0.0_rfp

!$OMP END SINGLE NOWAIT

!$OMP DO REDUCTION(+:pAp_norm)
do i = 1, matrix_size

pAp_norm = pAp_norm + p(i)*temp(i)
end do

!$OMP END DO
====================================

alpha = r_old_norm/pAp_norm

!$OMP WORKSHARE
x = x + alpha * p
r_new = r_old - alpha * temp

!$OMP END WORKSHARE NOWAIT

!$OMP SINGLE
pAp_norm = 0.0_rfp

!$OMP END SINGLE NOWAIT

!$OMP DO REDUCTION(+:r_new_norm)
do i = 1, matrix_size

r_new_norm = r_new_norm + r_new(i)*r_new(i)
end do

!$OMP END DO
=====================================

beta = r_new_norm/r_old_norm

!$OMP WORKSHARE
p = r_new + beta*p

!$OMP END WORKSHARE
====================================

Check convergence

!$OMP SINGLE
call Swap_pointers(r_old, r_new)

!$OMP END SINGLE NOWAIT

cg_iter_count = cg_iter_count + 1

end do
!$OMP END PARALLEL
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Algorithm 8 OpenMP implementation of S-step CG
!$OMP PARALLEL DEFAULT(SHARED) PRIVATE(idx, cg_iter_count, alpha, beta)

cg_iter_count = 1
alpha = r_old_norm / my
beta = 0.0_rfp

do

!$OMP WORKSHARE
p = r + beta * p
q = temp + beta * q

!$OMP END WORKSHARE NOWAIT

!$OMP SINGLE
r_old_norm = r_new_norm
r_new_norm = 0.0_rfp
my = 0.0_rfp

!$OMP END SINGLE NOWAIT

!$OMP WORKSHARE
x = x + alpha * p
r = r - alpha * q

!$OMP END WORKSHARE
===================================

call SpMxV(A,r,temp) ! No barrier here

!$OMP DO REDUCTION(+:r_new_norm,my)
do idx = 1, matrix_size

r_new_norm = r_new_norm + r(idx) * r(idx)
my = my + r(idx) * temp(idx)

end do
!$OMP END DO
====================================

Check convergence

beta = r_new_norm/r_old_norm
alpha = r_new_norm/(my - ((beta*r_new_norm)/alpha))
cg_iter_count = cg_iter_count + 1

end do

!$OMP END PARALLEL
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(b) Speedup of combinations of optimizations on the E10K

Figure C.2.:Speedup of algorithmic optimizations on the E10K. The execution times
are normalized to theBase case for each set of threads.
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(a) Speedup of basic optimizations on the SF15K
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(b) Speedup of combinations of optimizations on the SF15K

Figure C.3.:Speedup of algorithmic optimizations on the SF15K. The execution times
are normalized to theBase case for each set of threads.
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(b) Speedup of combinations of optimizations on the E10K

Figure C.4.:Speedup of algorithmic optimizations on the E10K. The execution times
are normalized to a serial code using bandwidth minimizaton.
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(a) Speedup of basic optimizations on the SF15K
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(b) Speedup of combinations of optimizations on the SF15K

Figure C.5.:Speedup of algorithmic optimizations on the SF15K. The execution times
are normalized to a serial code using bandwidth minimizaton.
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Figure C.6.:Visualization of the arithmetical load balance for the case of 16 partitions

(threads). The reference ring corresponds to perfect balance which is im-
possible to generate using reorderings. The number in parenthesis in the
legend is theγ parameter defined in Section C.4.4
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Figure C.7.:Distribution of CPU time
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Abstract

Today, most software distributed shared memory systems (SW-DSMs) lack industry
standard programming interfaces which limit their applicability to a small set of shared-
memory applications. In order to gain general acceptance, SW-DSMs should support
the same look-and-feel of shared memory as hardware DSMs. This paper presents
a runtime system concept that enables unmodified POSIX (Pthreads) binaries to run
transparently on clustered hardware. The key idea is to extend the single process model
of multi-threading to a multi-process model where threads are distributed to processes
executing in remote nodes. The distributed threads execute in a global shared address
space made coherent by a fine-grain SW-DSM layer. We also present THROOM, a
proof-of-concept implementation that runs unmodified Pthread binaries on a virtual
cluster modeled as standard UNIX processes. THROOM runs on top of the DSZOOM
fine-grain SW-DSM system with limited OS support.

D.1. Introduction

Clusters built from high-volume compute nodes, such as workstations, PCs, and small
symmetric multiprocessors (SMPs), provide powerful platforms for executing large-
scale parallel applications. Software distributed shared memory (SW-DSM) systems
can create the illusion of a single shared memory across the entire cluster using a soft-
ware run-time layer, attached between the application and the hardware. In spite of
several successful implementation efforts [58], [23], [39], [65], [55], SW-DSM sys-
tems are still not widely used today. In most cases, this is due to the relatively poor
and unpredictable performance demonstrated by the SW-DSM implementations. How-
ever, some recent SW-DSM systems have shown that this performance gap can be nar-
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rowed by removing the asynchronous protocol overhead [55], [5], and demonstrate a
performance overhead of only 30-40 percent in comparison to hardware DSMs (HW-
DSM) [55]. One obstacle for SW-DSMs is the fact that they often require special
constructs and/or impose special programming restrictions in order to operate prop-
erly. Some SW-DSM systems further alienate themselves from HW-DSMs by relying
heavily on very weak memory models in order to hide some of the false sharing created
by their page-based coherence strategies. This often leads to large performance vari-
ations when comparing the performance of the same applications run on HW-DSMs.
We believe that, SW-DSMs should support the same look-and-feel of shared memory
as the HW-DSMs. This includes support forPOSIX [34] threads running on some
standard memory model and a performance footprint similar to that of HW-DSMs,
i.e., the performance gap should remain approximately the same for most applications.
Our goal is that binaries that run on HW-DSMs could be run on SW-DSMs, without
modifications.

In contrast to a HW-DSM system, where the whole address space of all processes
are kept coherent by hardware, most SW-DSMs only keep coherence for specified seg-
ments in the user-level part of the virtual address space. This segment, which we call
G_MEM, is mapped shared across the DSM nodes using the interconnect hardware.
Furthermore, the text (program code), data and stack segments of the UNIX process
abstraction are private to the parent process and its children on each node of the cluster.
This creates a SW-DSM programming model where special constructs are needed to
separate shared data, which must be allocated in G_MEM, from private data, which
is allocated in the data and stack segments of the UNIX process at program loading.
This is often done by creating a separate heap space in G_MEM with an associated
primitive for doing allocation. In a standard multi-threaded world, there exist only one
process and one address space which is shared among all threads. There is no distinc-
tion between shared and private data. Consider the following example: An application
allocates a shared global array for its threads to operate on. This is often done by a sin-
gle thread in an initialization phase. In a typical SW-DSM system such as TreadMarks
[39], a specialmalloc() -type call has to be implemented to allocate the memory for
the shared array inside the G_MEM. Also, the pointer variable holding the address,
which is allocated in the static data segment of the process, has to be propagated to all
remote nodes. This is often done by introducing a special propagation primitive.

In this paper, we present THROOM which is a runtime system concept that creates
the illusion of a single process shared memory abstraction on a cluster. In essence,
we want to make the static data and heap segments globally accessible by threads
executing in remote nodes without introducing special DSM constructs in the appli-
cation code. In the light of the example above, the application should use a standard
malloc() call and the pointer variable should be replicated automatically. The rest of
this paper is organized as follows: First, the THROOM concept is presented. Second,
we give a brief presentation of the SW-DSM used. We also specify the requirements
of THROOM on the SW-DSM. Third, we present a proof-of-concept implementation
of THROOM on a single system image cluster and finally we discuss the performance
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of this implementation as well as the steps needed to take THROOM to a real cluster.

D.2. The THROOM concept

In many implementations of SW-DSMs, the different nodes of the cluster all run some
daemon process to maintain the G_MEM mappings and to deal with requests for co-
herency actions. In this paper we use the termuser nodeto refer to the cluster node
in which the user executes the binary (theuser process). All other nodes are calledre-
mote nodesand their daemon processes will be calledshadow processes. In execution,
THROOM consists of one process per node of the cluster.

The fundamental idea of THROOM is to distribute threads from the user process to
shadow processes executing on remote nodes running different instances of a standard
UNIX OS kernel. As discussed earlier, such systems exists, but they require non-
standard programming models. To support a standard model such as POSIX, it is
required that the whole address space of the user process can be accessed by all of the
distributed threads. To accomplish this, we can simply place the text, data and stack
segments inside a G_MEM-type segment made coherent by a SW-DSM. This will
create the illusion of a large scale shared memory multiprocessor built out of standard
software and hardware components.

D.3. DSZOOM - a Fine-Grained SW-DSM

Our prototype implementation is based on the sequentially consistent DSZOOM SW-
DSM [55]. Each DSZOOM node can either be a uniprocessor, a SMP, or a CC-NUMA
cluster. The node’s hardware keeps coherence among its caches and its memory. The
different cluster nodes run different kernel instances and do not share memory with
each other in a hardware-coherent way. DSZOOM assumes a cluster interconnect
with an inexpensive user-level mechanism to access memory in other nodes, similar to
the remoteput/get semantics found in the cluster version of the Scalable Coherent
Interface (SCI), or the emerging InfiniBand standard that supportsRDMA READ/WRITE
as well as the atomic operationsCmpSwapandFetchAdd [35].1Another example is the
Sun Fire (TM) Link interconnect hardware [64].

While traditional page-based SW-DSMs rely on TLB traps to detect coherence “vio-
lations”, fine-grained SW-DSMs like Shasta [59], Blizzard-S [61], Sirocco-S [60] and
DSZOOM [55] insert the coherence checks in-line. In DSZOOM, this is done by re-
placing each load and store that may reference shared data of the binary with a code
snippet(short sequence of machine code). In terms of THROOM, the only require-
ment on the SW-DSM system is that it uses binary instrumentation. THROOM will
also inherit the memory consistency model of the SW-DSM system.

1Atomic operations are needed to support ablocking directoryprotocol [55].
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D.4. Implementing THROOM

This section discuss how we can implement the THROOM concept using standard
software components and the DSZOOM SW-DSM.

D.4.1. Achieving transparency

The most important aspect of THROOM is that it is totally transparent to the appli-
cation code, no recompilation is allowed. To achieve this, we use a technique called
library interposition or library pre-loading [68], which allow us to change the de-
fault behavior of a shared library call without recompiling the binary. Many operating
systems implement the core system libraries such aslibc , libpthread and libm as
shared libraries. Using inter-positioning, we can catch a call, to any shared library and
redirect it to our own implementations. In practice, this is done by redefining a symbol
in a separate shared library to be pre-loaded at runtime. When an application calls the
function represented by the symbol, the runtime linker searches its path for a match.
Pre-loading simply means that we can insert an alternate implementation before the
standard implementation in the search path of the linker. Pre-loading also allow us to
reuse the native implementation. Original arguments can be modified in the interposer
before the call to the native implementation is made.2

D.4.2. Distributing Threads

To distribute threads, thepthread_create() call is redefined in a pre-loaded library.
The interposed implementation, first schedules the thread for execution in a remote
shadow process. Second, the chosen shadow process is told to create a new thread, by
calling the nativepthread_create() from within the interposing library. The new
distributed thread will start to execute in the shadow process, with arguments pointing
to the software context of its original user process.

D.4.3. Creating a Global Shared Address Space

A minimal requirement for a distributed thread to execute correctly in a shadow pro-
cess is that it must share the whole address space of the user process. To accomplish
this, themalloc() call is redefined in a pre-loaded library to allocate memory from
G_MEM instead of the original data segment of the user process. This will make all
dynamically allocated data accessible from the shadow processes. Code and static data
are made globally accessible by copying the segments containing code and static data
from the user process to the G_MEM. The application code is then modified, using
binary instrumentation, to access the G_MEM copy instead of the original segments.
This will make the application execute entirely in the global shared memory segment.

2To our knowledge, Linux, Solaris, HP-UX, IRIX and Tru64 all support library pre-loading.
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Hence, no special programming constructs are needed to propagate writes to static
data. The whole process is also transparent in the sense that a user does not need
access to the application source code, as binary instrumentation modifies the binary
itself.

All references to the G_MEM must also be made coherent as the hardware only
support remote reads and writes. This is taken care of by a fine-grain SW-DSM. If
the SW-DSM use binary instrumentation to insert snippets for access control, we can
simply add instructions needed for the static data access diversion to these snippets.
In all cases, a maximum of four instructions were added to the existing snippets of
DSZOOM. To lower the overheads associated with binary instrumentation, the present
implementation does not instrument accesses to the stack. Hence stacks are considered
thread private. Although this is not in full compliance with the POSIX model of multi-
threading, it is sufficient to support a large set of pthread applications.

D.4.4. Cluster-Enabled Library Calls

Most applications use system calls and/or calls to standard shared libraries such as
libc . If the arguments refer to static data, the accesses must be modified to use the
G_MEM in order for memory operations to be coherent across the cluster. This can
be done in at least two ways. We either instrument all library code or we overload the
library calls to copy any changes from the user process original data segments to the
G_MEM copies at each library call. Remember that un-instrumented code referencing
static data of the application will operate in the original data segments of the user
process. Hence, copying is needed to make any modifications visible to other nodes.

Instrumenting all library code is in principle, the best way to cluster-enable library
calls. However, our instrumentation tool, EEL [40], was not able to instrument all of
the libraries. Instead, we had to use the library interposition method for our prototype
implementation. An obvious disadvantage of this method is that we have to redefine a
large amount of library calls, especially if we want complete POSIX support. Another
disadvantage is the runtime overhead associated with data copying, especially for I/O
operations. A better solution would be to generate the coherence actions on the original
arguments before the call is made in the application binary, see Scales et. al. [58]. This
requires a very sophisticated instrumentation tool, which is outside the scope of this
work.

D.5. Implementation Details

We have implemented the THROOM system on a 2-node Sun WildFire prototype SMP
cluster [32], [31]. The cluster is running a single-system image version of Solaris 2.6
and the hardware is configured as a standard CC-NUMA architecture. Although, this
system already supports a global shared address space, we can still use it to emulate a
future THROOM architecture.
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The runtime system is implemented as a shared library. A user simply sets the
LD_PRELOADenvironment variable to the path of the THROOM runtime library, and
then executes the instrumented binary. As the system is a single system image we
can use standard Inter Process Communication (IPC) primitives to emulate a real dis-
tributed cluster. The DSZOOM address space is set up during initialization using the
.init section. This makes the whole initialization transparent. Control is then given
to the application. The user process issues afork(2) call to create a shadow process,
which will inherit its parents mappings by the copy-on-write semantics of Solaris. The
two processes are bound to the two nodes using the WildFire first-touch memory ini-
tialization and thepset_bind() call. The home process then reads its own/proc
file system to locate the.text , .data, and .bss segments and copies them to the
G_MEM.

The shadow process waits on a process shared POSIX conditional variable to create
remote threads for execution in the G_MEM. Parameters are passed through a shared
memory mapping separated from the G_MEM. Since the remote thread is created in
another process, thread IDs are no longer unique. To fix this, the remote node ID is
copied into the most significant eight bits of the thread type, which in the Solaris 2.6
implementation is an unsigned integer. Similar techniques are used for other pthread
calls. Also, the synchronization primitives of the application were overloaded using
pre-loading to pre-preparedPROCESS_SHAREDPOSIX primitives to allow for multi-
process synchronization. More details on the implementation are available in Löf et
al. [45].

D.6. Performance Study

First a set a test pthread programs were run to verify the correctness of the imple-
mentation. To produce a set of pthread programs to be used as a comparison to
DSZOOM, ten SPLASH-2 applications [72] were compiled using the GCC v2.95.2
compiler without optimization (-O0)3 and a standard Pthread PARMACS macro im-
plementation (c.m4.pthreads.condvar_barrier) was employed. No modifications was
made to the PARMACS run-time system or the applications. To exclude the initial-
ization time for the THROOM runtime system, timings are started at the beginning of
the parallel phase. All timings have been performed on the 2-node Sun WildFire [32]
configured as a traditional CC-NUMA architecture. Each node has 16 UltraSPARCII
processors running at 250 MHz. The access time to node-local memory is about 330ns.
Remote memory is accessed in about 1800ns. In Table D.1, we see that more instruc-
tions are replaced in the case of THROOM sinceall references to static data have to
be instrumented. This large difference in replacement ratio compared to DSZOOM is
explained by the fact that DSZOOM can exploit the PARMACS programming model
and useprogram slicingto remove accesses to static data that are not shared. Figure

3The code is compiled without optimization to eliminate any delay slots, which EEL cannot handle
correctly.
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Program Problem size, Iterations Replaced Loads (%) Replaced Stores (%)
FFT 1 048 576 points (48.1 MByte) 44.6(19.0) 32.8(16.5)
LU-C 1024x1024, block 16 (8.0 MByte) 48.3(15.5) 23.0(9.4)
LU-NC 1024x1024, block 16 (8.0 MByte) 49.2(16.7) 27.7(11.1)
RADIX 4 194 304 items (36.5 MByte) 54.4(15.6) 31.4(11.6)
Barnes 16 384 bodies (8.1 MByte) 56.6(23.8) 55.4(31.1)
Ocean-C 514x514 (57.5 MByte) 50.6(27.0) 31.2(23.9)
Ocean-NC 258x258 (22.9 MByte) 51.0(11.6) 39.0(28.0)
Radiosity room (29.4 MByte) 41.1(26.3) 35.1(27.1)
Water-NSQ 2197 mol, 2 steps (2.0 Mbyte) 50.4(13.4) 38.0(16.2)
Water-SQ 2197 mol, 2 steps (1.5 Mbyte) 48.5(15.7) 32.5(13.9)

Table D.1.: Problem sizes and replacement ratios for the 10 SPLASH-2 applications
studied. Instrumented loads and stores are showed as a percentage of the
total amount of load or store instructions. The number in parenthesis shows
the replacement ratio for the DSZOOM SW-DSM without THROOM.

D.1 and D.2 shows execution times in seconds for 8- and 16-processor runs for the
following THROOM configurations:

THROOM_RR THROOM runtime system using library pre-loading. Round-robin
scheduling of threads between the two nodes. All references to static data are
instrumented.

DSZOOM Used as reference. Aggressive slicing and snippet optimizations. Opti-
mized for a two-node fork-exec native PARMACS environment, see [55].

CC-NUMA Uses the same runtime system as DSZOOM but without any instrumenta-
tions. Coherence is kept by the WildFire hardware [55]

A study of Figures D.1 and D.2 reveals that the present implementation is slower than a
state-of-the-art SW-DSM such as DSZOOM. The average runtime overhead compared
to DSZOOM for THROOM_RR is 65% on 8 CPUs and 78% on 16 CPUs. In order to
put these numbers into the context of total SW overhead compared to a HW-DSM, the
average slowdown comparing the CC-NUMA and the DSZOOM cases is only 26%.
The most significant contribution to the high overhead when comparing DSZOOM to
THROOM is the increased number of instrumentations needed to support the POSIX
thread model. Another source of overhead is the inefficient implementation of locks
and barriers. This can be observed by comparing the performance of Barnes, Ocean-C,
Ocean-NC and Radiosity from Figures D.1 and D.2. The performance of these four
applications drops when increasing the number of threads as they spend a significant
amount of time executing in synchronization primitives. The DSZOOM runtime sys-
tem uses its own implementations of spin-locks and barriers which are more scalable.
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Figure D.1.:Runtime performance of the THROOM runtime system. Two nodes with
4 CPUs each.

D.7. Related work

To our knowledge, no SW-DSM system has yet been built that enables transparent ex-
ecution of an unmodified POSIX binary. The Shasta system [58], [23] come closest
to our work and this system has showed that it is possible to run an Oracle database
system on a cluster using a fine-grain SW-DSM. Shasta has solved the OS function-
ality issues in a similar way as is done in THROOM although they support a larger
set of system calls and process distribution. THROOM differs from Shasta in that it
supports sharing of static data. THROOM also supports thread distribution. Shasta
motivates the lack of multi-threading support by claiming that the overhead associated
with access checks lead to lower performance [58].

Another system announced recently is the CableS system [36] built on the GeNIMA
page-based DSM [5]. This system support a large set of system calls, but they have
not been able to achieve binary transparency. Some source code modifications must be
made and the code must be recompiled for the system to operate. Another work related
to THROOM is the OpenMP interface to the TreadMarks page-based DSM [1] [39],
where a compiler front-end translates the OpenMP pragmas into TreadMark fork-join
style primitives. The DSM-Threads system [48] provide a page-based DSM interface
similar to the Pthreads standard without binary transparency.
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Figure D.2.:Runtime performance of the THROOM runtime system. Two nodes with
8 CPUs each.

D.8. Conclusions

We have showed that it ispossibleto extend a single process address space to a multi-
process model. Even though the current THROOM implementation relies on some of
the WildFire’s single system image properties, we are convinced that the THROOM
concept can be implemented on a real cluster. In a pure distributed setting, additional
issues need to be addressed. One way of initializing the system could be to use a
standard MPI runtime system for process creation and handshaking. The address space
mappings must also be set up using the RDMA features of the interconnect hardware.
Also, synchronization needs to be handled more efficiently (see Radović et. al. [56]),
and we need to create more complete and more efficient support for I/O and other
library calls. For complete POSIX compliance, we also need to address the problem
of threads sharing data on the stack.
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