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We present a benchmark of iterative solvers for sparse ma-
trices. The benchmark contains several common methods
and data structures, chosen to be representative of the perfor-
mance of a large class of methods in current use. We give
results on some high performance processors that show that
performanceis largely determined by memory bandwidth.

1. Introduction

In scientific computing, several benchmarks exist
that give a user some idea of the to-be-expected per-
formance given a code and a specific computer. One
widely accepted performance measurement is the Lin-
pack benchmark [4], which evaluates the efficiency
with which a machine can solve a dense system of
equations. Sincethisoperation allowsfor considerable
reuse of data, it is possible to show performance fig-
uresthat areasi zeabl e percentage of peak performance,
even for machines with a severe imbalance between
memory and processor speed.

However, sparse linear systems are at least asimpor-
tant in scientific computing, and for these the question
of datareuseis more complicated. Sparse systems can
be solved by direct or iterative methods, and especially
for iterative methods one can say that there s little or
no reuse of data. Thus, such operations will have a
performance bound by the slower of the processor and
the memory, in practice: the memory.

We aim to measure the performance of a represen-
tative sample of iterative techniques on any given ma-
chine; we are not interested in comparing, say, one pre-
conditioner on one machine against another precondi-
tioner on another machine. In fact, the range of possi-
ble preconditionersis so large, and their performance
so much dependent on the specific problem, that we do
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not even compare one preconditioner to another on the
same machine. Instead, we identify kernels that will
have a representative performance, and test those; the
performance of awhole codeisthen acomposite of the
performances of the various sparse kernels.

An earlier report on the performance of supercom-
puters on sparse equation solvers can be found in [5].

2. Motivation

Iterative methods are hard to benchmark. The ulti-
mate measure oneis interested in is ‘time expended to
reach acertain accuracy’. This number isafunction of
at least the following variables:

1. Theiterative method: for each type of linear sys-
tem (symmetric / hermitian / general, definite /
amost definite / indefinite, et cetera) there are
severa candidate methods with differing math-
ematical and computational characteristics. For
instance, GMRES [9] has an advantage over
BiCGstab [10] in that it minimizesresiduals, and
isableto use Level 3 BLAS; it has as disadvan-
tagethat work per iteration is higher and memory
demands larger.

2. The preconditioner: some systems are well-
conditioned enough that a simple Jacobi precon-
ditioner (or equivalently, diagonal scaling before
theiteration process) will be good enough, others
require complicated preconditioners to tame the
spectrum.

3. Data structures used: the same matrix can be
storedin anumber of formats, some of which may
have computational advantages. For instance,
problemswith several physical variablesper node
can be expressed in such away that dense matrix
operations can be used.

4. The implementation of computational kernels:
different implementations of the same operation
can have different performance characteristics.

5. Architectural details of the machine used, in par-
ticular the processor speed and the memory band-
width. Depending on the operation, the one or
the other may be of more or less importance.
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6. Computer Arithmetic: some problems may be
solvableto adesired accuracy in single precision,
others may require double precision. Even at a
given precision, two different implementations of
arithmetic may give different results, so that the
same program on two different machineswill not
behave the same.

7. The problem to be solved. The behaviour of al
of the above points is a function of the problem
to be solved. The number of iterations (that is,
behaviour of the iterative method and precondi-
tioner) isafunction of the spectrum of the matrix.
The flop rate per iteration (determined by imple-
mentation of kernels, and processor characteris-
tics) is a function of the sparsity structure of the
matrix.

8. Problem size. Even ignoring such obvious fac-
tors as performance degradation because of page
swapping, the size of a problem’s data set can
influence performance strongly. On vector ma-
chines, increasing the problem size will most
likely increasethe vector length and hence perfor-
mance. Cache-based machines will reach opti-
mum performancefor aproblemthat fitsin cache.
Some architectures (notably the Alphachip) have
alarge enough cache that realistic problems can
actually be solved in-cache. In general, however,
increasing the problem size will always overflow
the cache, and iterative methods have in gen-
eral little opportunity for cache reuse. Hence we
expect decreasing performance to some ‘ asymp-
totic’ limit determined more by bandwidth than
by processor speed.

Given this plethora of variables, it should be clear that
thedesired metricisunfortunately not abenchmarkable
one.

In order to provide a comprehensiveiterative bench-
mark, a package would have to cover the range of
choicesof items 1-3. Takinginto account possiblecrit-
icism of thequality of implementation used (item 4), we
see that a comprehensive benchmark is almost equiv-
alent to a library of al high-quality implementations
of all existing methods. Clearly, thisis not a practical
proposition.

Limiting ourselves to a small collection of repre-
sentative methods would not enable us to benchmark
the ‘time to solution’ metric either. The problem here
is that — in total contrast to the dense solvers of the
Linpack benchmark — given a machine, algorithm, and
data structure, the time to solution is dependent on the
numerical values of entries of the system.

In the case of dense solvers, in essence the only
problem parameter determining performanceisthesize
of the system. If certain properties of the system are
known, such as definiteness or symmetry, optimised
implementations can take advantage of this. However,
between two systemsthat have the same values of these
properties, the size is the only discriminating factor.
In the iterative case, two systems could have the same
size and sparsity structure, and be solvable with the
same iterative method and preconditioner, but show
completely different numbers of iterations.

We could then decide to provide a set of standard
problems, but this may very well overlook a particular
kind of problem the user isinterested in, and which has
its own set of performance characteristics.

Instead of even attempting the above-sketched per-
fect benchmark, we have opted for providing a small
set of iterative methods, preconditioners and storage
schemes, on the criterion that they have a performance
representative of larger classes. We then envision the
following scenario for the use of our benchmark: users
solve afew representative test problem with their pre-
ferred solver, thus gaining a notion of convergence
speed in terms of numbers of iterations. They can then
consult our benchmark to gauge the per-iteration per-
formance of their solver, which combined with their
prototype run on the test problem gives an accurate
impression of the expected running time.

We want to stress from the outset that we did not
aim to present the most sophisticated methods. Rather,
by considering combinations of the representative el-
ements used in the benchmark a user should be able
to get a good notion of the expected performance of
methods not included. In effect, our benchmark only
indicates performance per occurrence of a computa-
tional kernel. Users can then estimate their codes’ per-
formance by combining these numbers, applied to their
specificimplementation, with the numbersof iterations
needed for their problem.

Consistent with this philosophy of measuring only
performance per occurrence, we terminate each bench-
mark run after a fixed number of iterations. The num-
ber of iterations to the desired accuracy is mostly a
function of the problem, and only to a minor extent
of the computer architecture. It is aimost indepen-
dent of the implementation of the computational ker-
nels that are the subject of this benchmark, since these
can only influence the convergence through different
round-off behaviour. For the most part we will assume
that different implementations of the same kernel have
roughly the same round-off characteristics, so that our
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per-iteration measurement is a sufficient predictor of
the overall efficiency.

To account for the effects of caching in our bench-
mark, we run a series of problems of increasing size
for each choice of method, preconditioner, and stor-
age scheme. In this sequence we measure both the
maximum attained performance, often a clear function
of cache size, and we estimate an ‘asymptotic’ perfor-
mance as the problem scales up beyond the cache size
limit; see Sections 3.2and 7.

We concludethissection by giving abrief description
of the sparse kernels. More detailed discussion will
follow in Section 4.

As storage schemes we offer diagonal storage, and
compressed row storage. Both of these formats repre-
sent typical matrices for three-dimensional finite ele-
ment or finite difference methods. The diagonal stor-
age, using seven diagonal s, isthenatural modefor prob-
lemsonaregular (‘brick’) domain; the compressed row
storage is the natural storage scheme for irregular do-
mains. Thus these choices are representative for most
single-variable physical problems.

The iterative methods provided are CG and GM-
RES. The plain Conjugate Gradients method is rep-
resentative of al fixed-storage methods, including so-
phisticated methods for nonsymmetric problems such
as BiCGstab; the GMRES method represents the class
of methodsthat have a storage demand that growswith
the number of iterations.

Each iterative method can be run unpreconditioned
—whichiscomputationally equival ent to using a Jacobi
preconditioner — or with an ILU preconditioner. For
the diagonal storage scheme a block Jacobi method is
also provided; this gives a good indication of domain
decomposition methods. If such methodsare used with
inexact subdomain solves, thel LU preconditioner gives
the expected performancefor these.

3. Structure of the benchmark

We have implemented a benchmark that constructsa
test matrix and preconditioner, and solves alinear sys-
tem with them. Separate flop counters and timers are
kept for the work expended in vector operations, ma-
trix vector products, preconditioner solves, and other
operations involved in the iterative method. The flop
counts and flops rates in each of these categories, as
well asthe overall flopsrates, are reported at the end of
each run.

The benchmark comprises severa storage formats,
iterative methods, and preconditioners. Together these
form a representative sample of the techniquesin typ-
ical sparse matrix applications. We describe these ele-
ments in more detail in Section 4.

We offer areference code, which is meant to repre-
sent a portableimplementation of the various methods,
without any machine-specific optimisations. Therefer-
ence code is written in Fortran, using double precision
arithmetic throughout; implementers are not allowed
to increase speed by switching to single precision. In
addition to the reference code we supply a number of
variantsthat should perform better on certain machines,
and most likely worse on some others; see Section 6.

3.1. Conformance of the benchmark

Sinceweleave openthe possibility that alocal imple-
menter make fargoing changes to the benchmark code
(see Section 3.2), we need to ascertain that the opti-
mised code till conforms to the original, that is, that
theimplementer has only optimised theimplementation
of the algorithms for a specific machine, and has not
replaced one algorithm by another. Unfortunately, by
the nature of iterative methods, thisis a hard problem.

Iterative methods such as Conjugate Gradients are
forwardly unstable; they do not have a self-correction
mechanism the way stationary iterative methods have.
This means that comparing the computed quantities of
onemethod against another, or, if it were possible, com-
paring it against an exact arithmetic method, would be
essentially meaningless. Likewise, any bounds from
using interval arithmetic would be so large asto be use-
less. The reason that conjugacy-based iterative meth-
ods are usefull despite this unstable behaviour, isthat a
more careful analysis shows that accumulated roundoff
does not cause divergence, but will only delay conver-
gence by amodest number of iterations (see [6,7]).

Thuswe arein the predicament of having to enforce
the numerical conformance of a method that is intrin-
sically unstable in the naive sense of the term. Our
practical test, therefore, checkshow much an optimised
code differs from the original after computing one it-
eration, that is, before any large divergence from exact
arithmetic starts to show up.

There are several ways thistest can be implemented
specifically, and none of them are completely satisfy-
ing. Absent an implementation in exact arithmetic, we
basically have the choice of comparing optimised code
against areference code on the same machine, and code
on some reference machine. For the first option, we
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would in essence trust that arithmetic is implemented
in areasonable manner on machines available today, so
that the reference code, without any optimisations that
alter the straightforward execution of instructions, is
indeed areasonablereferencepoint. The second option
raises the question what machine would be trustworthy
enough to function as a supplier of reference results.
We can evadethat question by observing that, under the
above assumption that all machines on the market to-
day have a ‘reasonable’ implementation of arithmetic,
the difference between two concrete implementations
of the benchmark is bounded by the sum of the dif-
ferences between either and an exact arithmetic imple-
mentation. Our measurement of difference against a
result on file — generated by us, the producers of the
benchmark — would then give a small overestimate of
thetrue error.

This latter strategy, comparison against results on
file, is the one we have chosen. (We are in good
company with this decision: the NAS paralel bench-
marks[1] use the same verification scheme, and in fact
with afar stricter test than ours.) In practice, we test
whether the deviation remains under 100 times the ma-
chine precision. The number ‘100’ itself is somewhat
arbitrary; it reflects the limited number of nonzerosin
each matrix row, but it does not reflect the worst-case
error bound of O(N) that comes in through the inner
product calculationsintheiterativemethod. A test after
one iteration could conceivably be performed against
an interval arithmetic implementation, but we have not
done so.

We emphasize that this is a static test, designed to
allow only changes to the reference code that are not
numerically significant. In particular, it precludes an
implementer from replacing the preconditioner by a
different one. We justify this from our standpoint that
the benchmark is not atest of the best possible precon-
ditioner or iterative method, but rather of methods rep-
resentative for a wider class with respect to computer
performance.

Since the benchmark includes ILU preconditioners,
this static conformance test would a priori seem to be
biased against parallel implementations of the bench-
mark. This point is further elaborated in Section 5.

3.2. Benchmark reporting

Animplementer of the benchmark can report perfor-
mance results on variouslevels, each next level encom-
passing all of the earlier options.

1. Using only compiler flags in the compilation of
the reference code.

2. Using compiler directives in the source of the
reference code.

3. Rewriting the reference code in such a way that
any differences are solely in a different order of
scheduling the operations.

4. Rewriting the reference code by replacing some
agorithm by amathematically equivalent formu-
lation of thealgorithm (that is: inexact arithmetic
the (intermediate) results should be the same).

The last two levels may or will in general influence
the numerical results, so resultsfrom codesthusrewrit-
ten should be accompanied by proof that the specific
realisation of the benchmark reproduces the reference
results within a certain tolerance.

Each run of the benchmark code ends with a report
on how many floating point operationswere performed
in the various operations. Implementers should use
these numbers to do reporting (rather than using hard-
ware flop counters, for instance), but they are free to
substitute their own timers.

The benchmark comes with shell scripts that run
a number of tests, and report both best performance
and asymptotic performance for the whole code and
elements of it. Asymptotic performanceis determined
by making aleast-squaresfit y = a + bz ! throughthe
data points, where y is the observed megafl op rate and
x is the dataset size. The asymptotic performanceis
then the value of a.

This assumption on the performance behaviour ac-
comodates both cache-processors, for which we expect
b > 0 asthedataset size overflowsthe cache, and vector
processors, for which we expect b < 0 as performance
goesup with increasing vector length. For cache-based
processors we may expect a plateau behaviour if the
cacheislarge; wediscard thefront of this plateau when
calculating the asymptotic performance.

Asymptotic performance may be determined with
some manual intervention from the benchmark user:
our test scripts run problems up till a certain size, but
future machines may have a cache size exceeding that.
In that case the benchmarker will have to run larger
problemsuntil the * bottoming-out’ effect becomesvis-
ible as the problem data overflows the cache.

4. Elements of the benchmark code

The user of the benchmark has the following choices
in determining the problem to run.
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4.1. Sorage formats

The matrix can bein the following formats:

— Diagonal storage for a seven-diagona matrix cor-
responding to finite differences in three dimen-
sions;

— Compressed row storage of a matrix where the
sparsity structureisrandomly generated; each row
has between 2 and 20 nonzeros, each themselves
randomly generated, and the bandwidthis < n?/3
which again corresponds to a problem in three
space dimensions.

For both formatsasymmetric variant is given, where
only half the matrix is stored.

Thediagonal storageisvery regular, giving codethat
has a structure of loop nests of depth three. Vector
computers should perform very efficiently on this stor-
age scheme. In general, al index calculation of offsets
can be done statically.

Matrix-vector operationson compressed row storage
may have adifferent performancein the transpose case
from the regular case. Such an operation in the regular
case is based on inner products; in the transpose case
it uses vector updates (axpy operations). Since these
two operationshave different |oad/store characteristics,
they may yield different flops rates. In the symmetric
case, where we store only half the matrix, such op-
erations use in fact the regular algorithm for half the
meatrix, and the transpose algorithm for the other half.
Thus, the performance of, for instance, the matrix-
vector product, will bedifferentin GMRES frominthe
Conjugate Gradient method.

The CRS format gives algorithms that consist of an
outer loop over the matrix rows, with an inner loop
that involves indirect addressing. Thus, we expect a
lower performance, especially on machines where the
indirect addressing involves an access to memory.

4.2. lterative methods

The following iterative methods have been imple-
mented (for more details on the methods mentioned,
see the Templates book [2]):

— Conjugate Gradients method; thisis the archetyp-
ical Krylov space method for symmetric systems.
We have included this, rather than MINRES or
SYMLQ, for its ease of coding, and for the fact
that its performance behaviour is representative of
themore complicated methods. Theresultsfor CG
are also more-or-less representative for transpose-

Let A, M, x, b be given;
compute r; = Az — b;
fori=1...10
solve preconditioner: z = M~ 'r
inner product p; = rtz
if i > 1, update p < z + p(pi/pi—1)
matrix vector product: ¢ = Ap
inner product = = pq
update ¢ < x — prw
rr—qn

Fig. 1. Conjugate gradient algorithm.

Let A, M, x, b be given;
fori=1...10
matrix and preconditioner apply: z = AM ~'r
orthogonalize z against all earlier v;, j <
normalize v; < z/||z||.
update QR factorisation of size i + 1 x ¢ Hessenberg matrix
Update z < — 3, vic;

Fig. 2. One restart cycle of the generalized minimum residual
method.

free methods for nonsymmetric systems, such as
BiCGstab, which also have a storage demand con-
stant in the number of iterations.

— BiConjugate Gradients. In many waysthismethod
has the same performance characteristics as CG,
but it differsin that it additionally uses a product
with thetranspose matrix A*. In many casesform-
ing this product isimpractical, and for this reason
BiCG and such methods as QMR are less used
than transpose-free methods such as BiCGstab.
We haveincluded it nevertheless, sincethe perfor-
mance of this kernel can not be derived from oth-
ers. For diagonal matrix storage there is actually
no difference between the regular and transpose
matrix-vector product; for compressed storageitis
the difference between a dot product and a vector
update, both indirectly addressed.

— Generalized Minimum Residua method, GM-
RES. This popular method has been included be-
cause its performance behaviour is very different
from CG: storage and computational complexity
are an increasing function of the iteration count.
For that reason GMRES is most often used in cy-
cles of m steps. For low values of m, the com-
putational performance for GMRES will not be
much different than for CG. For larger values, say
m > 5, the j inner products in the j-th iteration
may influencethe performance. We haveincluded
GMRES(20) in our benchmark.

The Conjugate and BiConjugate gradient methods
(see Fig. 1) involve, outside the matrix-vector prod-
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uct and preconditioner application, only simple vector
operations. Thus, their performance can be charac-
terised assimilar to that of Level LBLAS. TheGMRES
method (see Fig. 2), on the other hand, uses orthogo-
nalisation of each new generated Krylov vector against
all previous, so a certain amount of cache reuse should
be possible. See also Section 6 for arewritten version
that uses Level 3 BLAS kernels.

4.3. Preconditioners

The following preconditioners are available: !

— No preconditioner;

— Point ILU; for the diagonal storage a true ILU-D
is implemented, in the CRS case we use SSOR,
which has the same algorithmic structure as ILU;

— Line ILU for the diagonal storage scheme only;
this makes a factorisation of the line blocks.

— Block Jacobi for thediagonal storage schemeonly;
thisisparallel onthelevel of the planeblocks. The
block Jacobi preconditioner gives a performance
representative of domain decomposition methods,
including Schwarz methods.

The point ILU method is typical of commonly used
preconditioners. It has largely the structure of the
matrix-vector product, but on parallel machinesits se-
guential nature inhibits efficient execution.

The line ILU method uses a Level 2 BLAS kernel,
namely the solution of a banded system. It is also
a candidate for algorithm replacement, substituting a
Neumann expansion for the system solution with the
line blocks.

5. Parallel realisation

Large parts of the benchmark code are conceptually
paralel. Thuswe encourage the submission of results
on parallel machines. However, the actual implemen-
tation of the methods in the reference code is sequen-
tial. In particular, the benchmark includesILU precon-
ditioners using the natural ordering of the variables.

It has long been realised that ILU factorisations can
only be implemented efficiently on a parallel architec-
ture if the variables are renumbered from the natural

1We have not included the commonly used Jacobi preconditioner,
since this is mathematically equivalent to scaling the matrix to unit
diagonal, a strategy that has the exact same performance as using no
preconditioner.

ordering to, for instance, a multi-colour or nested dis-
section ordering.

Because of our strict conformance test (see Sec-
tion 3.1), theimplementer is not immediately at liberty
to replace the preconditioner by an ILU based on a dif-
ferent ordering. Instead, we facilitate the parallel exe-
cution of thebenchmark by providing several orderings
of the test matrices, namely:

— Reverse Cuthill-McKee ordering.

— Multi-colour ordering; here we do not supply the
numbering with the minima number of colours,
but rather a colouring based on [8].

— Nested dissection ordering; this is an ordering
based on edge-cutting, rather than finding a sepa-
rator set of nodes.

The implementer then has the freedom to improve
parallel efficiency by optimising the implementation
for a particular ordering.

Again, the implementer should heed the distinction
of Section 3.2 between execution by using only com-
piler flagsor directivesinthe code, and explicit rewrites
of the code to force the parallel distribution.

6. Codevariants

We supply a few variants of the reference code that
incorporatetransformationsthat are unlikely or impos-
sible to be done by a compiler. These transforma
tions target specific architecture types, possibly giving
a higher performance than the reference code, while
till conforming to it; see Section 3.1.

Naive coding of regular ILU Puttingthetestsfor bound-
ary conditionsin theinner loop isbad coding prac-
tice, except for dataflow machines, where it ex-
poses the structure of the loop.

Wavefront ordering of regular ILU Wesupply avari-
ant of the code wherethe triple loop nest has been
rearranged explicitly to asequential outer loopand
two fully paralel inner loops. This may benefit
dataflow and vector machines.

Long vectors At the cost of a few superfluous opera-
tions on zeros, the vector length in the diagonal-
storage matrix-vector product can be increased
from O(n) to O(n?3). This should benefit vector
computers.

Different GMRES orthogonalisation algorithms There

are at least two reformulations of the orthogonal-
isation part of the GMRES method. They can en-
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Table 1

List of machines used

Processor Manufacturer / type  Clock rate (MHz)  peak Mflopsrate  Compiler / options
AlphaEV67  Compag 500 1000 f77-05
Athlon AMD 1200 2400 g77-03 -malign-double -funroll-loops
P4 Dell 1500 1500 g77-03 -malign-double -funroll-loops
Power3 IBM 200 800 xIf-O4
Table 2 Table 3
Highest attained performance Asymptotic performance of diagonal storage matrix-vector product
Machine Mflop/s Machine Mflop/s
apha evé? 967 P4 198
P4 754 power3 152
Athlon 461 alpha ev67 150
power3 358 Athlon 84
able use of Level 3 BLAS operations and, in par- — Ta?"éés o vetor brodut
allel context, combine inner product operations. Ymprotic performance of L> maffix-vectar produc
However, these code transformations no longer Machine Mflop/s
preserve the semantics under computer — rather E;Ne@ igg
than exact — arithmetic. apha evé? 107
Athlon 75
7. Results Table 5

The following tables contain preliminary results for
the machineslisted in Table 1. We report two types of
results:

— In Table 2 we report the top speed reported re-
gardless the iterative method, preconditioner, and
problemsize. Thisspeedistypically reported ona
fairly small problem, where presumably thewhole
data set fitsin cache.

— All further tables report the ‘asymptotic speed’
of the processor, derived by a least-squares fit as
described in Section 3.2.

Note that the the former number, the top speed, is of
limited value. On superscalar machines like the ones
tested here — and unlike on vector machines to which
we had no ready access — it is of necessity reached for
a small, hence unrealistic problem. In particular on
machines with arelatively small cache the number re-
ported is further unreliable since small problems easily
drop under the timer resolution. On some processors
thisisaleviated by the fact that we offer PAPI [3] sup-
port and adaptively raising the maximum number of
iterations? to match the timer resol ution.

2Note however, that this will only increase the reliability of the
performance of the whole problem: the times for the individual

components will be almost vanishingly small.

Asymptotic performance of symmetrically stored CRS matrix-vector
product

Machine Mflop/s
P4 173
power3 165
alpha ev67 105
Athlon 59

The more useful and more realistic number is the
asymptotic speed, reportedin all tablesbut thefirst. For
the determination of this, weran aseries of problemsof
such size that the cache is guaranteed to be insufficient
to store them. The current test scripts are set up to
handle the currently tested chips (the maximum cache
being 4 M on the Alpha chip), but for future develop-
mentsthe user may haveto supply larger test sizesthan
the current defaults.

We report asymptotic speed results for the following
components:

— The matrix vector product. We report this in reg-
ular storage, and in compressed row storage sepa-
rately for the symmetric case (cg) and the nonsym-
metric case since these may have different perfor-
mance characteristics; see Section 4.1.

— The ILU solve. We also report this likewise in
three variants.

— Vector operations. These are the parts of the a-
gorithm that are independent of storage formats.
We report the efficiency of vector operations for
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Table 6 Table9
Asymptotic performance of transpose CRS matrix-vector product Asymptotic performance of symmetrically stored CRS ILU solve

Machine Mflop/s Machine Mflop/s

P4 210 P4 176

power3 150 power3 154

aphaev67 111 alpha ev67 98

Athlon 68 Athlon 49

. Teble 7 Table 10
Asymptotic performance of diagonal storage ILU solve Asymptotic performance of transpose CRS ILU solve

Machine Mflop/s Machine Ml Op/S

P4 119 pa 174

aphaev67? 108 power3 125

power3 105 alpha ev67 82

Athlon 70 Athlon 64

Table 8
Asymptotic performance of CRS ILU solve . Teble 11 o
Asymptotic performance of vector operations in CG

Machine Mflop/s o oy

power3 142 Machine Mflop/s

alpha evé7 92 alpha ev67 300

P4 81 P4 241

Athlon 67 power3 206
Athlon 143

the CG method; in case of GMRES a higher effi-
ciency can beattained by using Level 2 BLAS and
Level 3 BLAS routines. We have not tested this.

The results published here are only preliminary; a
fuller database — both with more machines and of more
aspects of the methodstested, aswell as code variants—
will be maintained on netlib.

All results are double precision, that is, 64-bit arith-
metic.

However, performance is hard to analyse in detail,
a fact that is aready familiar from dense benchmark
suites, since it is determined by many interacting fac-
tors such as the compiler, the chip architecture, and
the memory system. For instance, on most machines,
theregular CRS matrix-vector product predictably per-
forms dlighly better than the transpose product, which
involves more memory references. However, the prod-
uct with asymmetrically stored matrix, whichinimple-
mentation is a regular product with the upper triangle
and a transpose product with the lower triangle, has a
lower performancethan either. The CRSILU solve, in
turn, which has a very similar structure to the matrix-
vector product, has these rankings exactly reversefor a
few machines. A full analysis of such resultswould go
far beyond the scope of this paper.

Asanillustration of the way the benchmark is used,
we consider a conjugate gradient method with ILU
preconditioning on diagonal data storage on an IBM
Power3 processor. The asymptotic rates of the matrix-

vector, ilu, and vector kernels are 150, 105, and 206
Mflopsrespectively. Weighing thisby therelativenum-
bersof operations (13N, 14N, 10N) gives an expected
performance of 147 Mflops, which is in good accor-
dancewith the observed asymptotic performance of 149
Mflops.

8. Obtaining and running the benchmark

The benchmark code can be obtained from http://
www.netlib.org/benchmark/sparsebench. The package
contains Fortran code, and shell scripts for installation
and post-processing. Results can be reported automat-
icaly to sparsebench@cs.utk.edu, which address can
also be used for questions and comments.
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