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EXTENDED ABSTRACT

Many problems in high performance aplicaions
invalve the solution o large sparse linea systems. A barrier
encourtered in this class of applicaions is the computational
time required. Optimization techniques that focus on reduc-
ing internode communicdion and improving data partition
ing/layout can significantly lower this computational barrier
[9], [201, [3], [4], [2]. While parall€elizaion can aso be used
to improve performance, the sparsity of the data reduces the
effedivenessof dired parallel computation.

ILU-type precondtioning techniques are widely recognized
as being an extremely effedive goproach to providing effi-
cient solverg7]. These techniques have been used to increase
the performance ad reliability of Krylov subspace methods.
However, a drawbadk of these gpproachesis that it is difficult
to chocse gpropriate values for the precondtioner tuning
parameterg1]. Usualy, parameter seledion is dore through
trial-and-error for a few sample matrices from a given appli-
cdion. For instance, Figure 1 shows the percentage of dupe
(adugeis a set of parameter values) providing convergence
in lessthan 500iterations using the precondtioner ILUD* and
the Krylov method GMRES?. Several matrices from diff erent
scientific gpplications were tested[5] and fourteen possble
values for ead parameter were evaluated, giving us 378
possble combinations to try for ead matrix.
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Fig. 1. Percentage of dupes providing convergence in lessthan 500iterations

In oo work we have found that the performance of an
applicaion depends uponthe relationship between the precon-

lincomplete LU fadorization precondtioner with diagorel compensating
2Generalized Minimal Residual Method
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ditioner tuning parameters and the memory hierarchy of the
machine used to compute the solution. The parameter values
used to ohtain the fastest exeautiontime and an acceptablefinal
error may be different for different memory hierarchies. This
occurs because: 1) the nontzero structure of the new coefficient
matrix depends on the tuning parameter values and 2) our
ability to exploit the locdity present in the new matrix given
a particular memory hierarchy.

The difference in performance on dfferent memory hier-
archies beacomes dgnificant when the problem’s condtions
make it more difficult to solve. These conditions are related to
the droppng strategy adopted in the precondtioner algorithm.
For example, the relation amongthe numericd symmetry and
the bandwidth (NS/B) of the aoefficient matrix alows us to
estimate how difficult it can be to solve the problem using the
precondtioner ILUT3. Thisis because the dropping strategy of
the precondtioner ILUT is based on doppng elementsin the
Gausdan Elimination process acmrding to their magnitude.
The results shown in Figure 2 suppat the previous anaysis.
These graphs show the final error norm obtained by the first
thirteen dugde, ordered in increasing arder by the exeaution
time of ILUT/GMRES. The convergence aiterion is based on
the residual norm; GMRES stopped iterating when the relative
residual norm was below some tolerance

The experiments were run on a macine based on Sun
Ultra Sparc-Ill 750MHz microprocesor (L1D 64KB 4way,
L2 8MB 2way, 1 GB RAM ), and on a madine based on
Intel XEON 3.06GHz microprocesor (L1D 8KB 4way, L2
512 KB 8way, L3 1 MB 8way, 2 GB RAM). Also, the PIN
tool was used to cgpture cate eventg6]. LRU and randam
replacement policies were modeled.

We can see from Table | and Figure 2 that the difference
between these madines in terms of performance and parame-
ter values turns out to be significant when the relation between
the numericd symmetry and the bandwidth deaeases.

We ae developing an efficient algorithmic goproach to
seled the best values of the precondtioner parameters for
a given memory hierarchy. The dgorithm will allow us to
balance the total number of iterations until convergence and
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Xeon Ultra
- Intel XEON Ultra Sparc-lll fill-in drop tolerance fill-in drop tolerance
1.00E+00 500E-01  1.00E+00 5.00E-01
107 Raefsky3 1.00E+00 250E-01  1.00E+00 2.50E-01
= 1.00E+00 1.00E-01  1.00E+00 1.00E-01
Siss 1.00E+00 50002 1.00E+00 5.00E-02
= 1.00E+00 250E-02  1.00E+00 2.50E-02
= w 1.00E+00 1.00E-02  1.00E+00 1.00E-02
IS 1.00E+00 1.00E-03  1.00E+00 1.00E-03
Oiss 1.00E+00 1.00E-04  1.00E+00 1.00E-04
. n 1.00E+00 1.00E-05  1.00E+00 1.00E-05
S s 1.00E+00 1.00E10  1.00E+00 1.00E-06
= 1.00E+00 1.00E-20  1.00E+00 1.00E-07
@ s L RINNCEN TRIN ARCEREN TS 1.00E+00 1.00E-30  1.00E+00 1.00E-20
duple(l-fill tol) 1.00E+00 1.00E-06  1.00E+00 1.00E-30

Xeon Ultra
LdOOr fill-in drop tolerance fill-in drop tolerance
o 5.00E401 1.00E-02  5.00E+01 1.00E-02
Iy 5.00E401 1.00E-08  5.00E+01 1.00E-07
Sy 5.00E+01 1.00E-04  5.00E+01 1.00E-06
S 5.00E+01 1.00E-07  5.00E+01 1.00E-03
0 5.00E+01 1.00E-06  5.00E+01 1.00E-05
S 5.00E+01 1.00E-10  5.00E+01 1.00E-10
Son 5.00E+01 1.00E-05  5.00E+01 1.00E-04
Soars 5.00E+01 1.00E-01  5.00E+01 1.00E-01
= 4.00E+01 1.00E-01  5.00E+01 5.00E-02
Sous ﬂ l L SoE 500E02  5.00E+01 2.50E-02
o BB HIAIHIEIm 1l 0 [l sooE+o01 250E-02  4.00E+01 1.00E-01
. 5.00E+01 250E-01  4.00E+01 5.00E-02
duple(\filltol) 4.00E+01 500E-02  4.00E+01 2.50E-02

Xeon Ultra
Cagel4 filin  drop tolerance filin drop tolerance
0 1.00E+00 500E-01  150E+01 2.50E-01
_ 4.00E+01 500E01  130E+01 2.50E-01
Tz 2.00E+00 500E-01  4.00E+01 1.00E-01
= 2.00E+01 500E01  3.00E+01 1.00E-01
1.70E+01 500E-01  5.00E+01 1.00E-01
Eps 3.00E+00 50001  2.00E+01 1.00E-01
S 1.50E+01 500E-01  7.00E+00 5.00E-01
S oot 5.00E400 500E-01  9.00E+00 5.00E-01
Sous 3.00E+01 500E-01  130E+01 5.00E-01
= 9.00E+00 500E01  1.10E+01 5.00E-01
>, 5.00E401 500E-01  2.00E+00 5.00E-01
fi 1.10E+01 500E-01  150E+01 5.00E-01
duple(-filtol) 1.30E+01 500E-01  5.00E+00 5.00E-01

Xeon Ultra
fill-in drop tolerance fill-in drop tolerance
o006 Torso3 1.70E401 500E-02  4.00E+01 2.50E-02
s 1.50E+01 50002  5.00E+01 2.50E-02
= 1.10E+01 500E-02  2.00E+01 2.50E-02
oo 2.00E4+01 500E-02  3.00E+01 2.50E-02
IS 3.00E+01 500E-02  150E+01 2.50E-02
=008 1.30E+01 5.00E-02 1.70E+01 2.50E-02
S 4.00E+01 500E-02  1.70E+01 5.00E-02
. 5.00E+01 500E-02  4.00E+01 5.00E-02
Soant 1.70E+01 250E-02  5.00E+01 5.00E-02
5 3.00E+01 250E-02  150E+01 5.00E-02
o , 1.50E+01 250E-02  3.00E+01 5.00E-02
duple(l-flltol) 5.00E+01 250E02  1.30E+01 5.00E-02
2.00E+01 250E-02  1.10E+01 5.00E-02

Fig. 2. Error norm vs. duges ordered by minimum exeaution time

Name Non-zero elements Rows NS NS/B
Raefsky3 1,488768 21,200 48% 4.3
Ldoa 42493817 952203 | 100% | 1.06
Cagel4d 27,130349 1505785 | 21% 0.48
Torso3 4,429042 259156 0% 0
TABLE |

DESCRIPTION OF MATRICES EVALUATED

the st of the precondtioner for a given memory hierarchy.
We show that on ore memory hierarchy, a greder level of
fill-in can be used than on aher hierarchies. The general steps
of our algorithm are;

o Segmentation o the seledion space The dimension o
the subspaces depends on the difficulty of the problem,
which can be expressed in terms of the charaderistics of
the matrix. Some tens of charaderistics can be defined[8].
However, only these charaderistics that are related to the
precondtioner droppng strategy must be considered.
Find the best subspace based on some previous ex-
periences extrapalating existing results, i.e. use known
performance to develop a performance model based on
the problem’s charaderistics considered.

Predict the exeaution time dominance given a memory
hierarchy, amongthe phase of fadorization and the phase
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when the matrices L and U are gplied. The model
to predict has been focused on dita locdity. We ae
developinga model of locdity for theses phases based on
functions of distance anong elements of the coefficient
matrix. As a result of the prediction, we can dedde if it
is fitting to use agreder level of fill-in.

The first two steps may help to reduce the time required
to re-compute the precondti oner whenever convergenceis not
satisfadory; meanwhil e step threehelpsto tune the seledion o
the precondtioner parameters for a given memory hierarchy.
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