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Abstract — SparSolis a software package intended for the preconditioned iterative solution of large
sparse linear systems. It includes sets of iterative methods, preconditioners, scaling and reordering
algorithms that allows to choose the optimal combination ofalgorithms for a particular problem. The
paper briefly describes the algorithms implemented and numerically compares the performance of
SparSolwith that of several popular, freely available software packages using test systems arising
from hydrocarbon reservoir simulations.
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1. INTRODUCTION

SparSol is a powerful and efficient iterative solver intended for solving linear sys-
tems of algebraic equations

A ·x = b

whereA is a large sparse non-singular matrix,b is a right-hand side vector andx
is a vector of unknowns. The matrixA can be either symmetric or unsymmetric. The
system may have a block structure when each matrix block corresponds to a differ-
ent physical model of a solved problem. Moreover a matrix block may consist of
small size blocks corresponding to grid blocks (finite elements) with a few number
of unknowns (components). Matrices with such a structure can arise, for example,
in hydrocarbon reservoir simulations.

Preconditioned iterative methods with preprocessing are widely used for the
solution of such systems. The solution procedure includes the following general
steps:

• Transformation of a multi-block structure to a single-block structure (if needed);

• Preprocessing the inital system (applying scaling, reordering algorithms, etc...);
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• Construction of a preconditioner for the preprocessed matrix;

• Solution of the preprocessed system by a preconditioned iterative method;

• Backward transformation of the obtained solution to the original scale and
order.

TheSparSol code has been developed under the contract with theExxonMobil
Upstream Research Companyand in close cooperation with research teams from
the Institute for Numerical Mathematics of the Russian Academyof Sciences (INM
RAS)and theComputing Center of the Russian Academy of Sciences (CC RAS).
The code is implemented in serial, SMP and MPI variants and can be run under
MS Windows and many Unix-type operating systems. A set of program interfaces
provides an easy-to-use access to the package.

The effectiveness of algorithms is illustrated by numerical results performed
for a set of 7 test matrices from theExxonMobilmatrix collection available on the
site http://www.aconts.com/XOMMatrices/. General information on these matrices
is presented in the table 1.

Table 1.
General information on matrices from the ExxonMobil matrixcollec-
tion

Problem N Z Z/N ZD ND POD

CIT-1 17436 344245 19,74 0 4207 98092
CIT-2 249428 5613978 22,51 30 1323 1024619

SBO-1 21700 145122 6,69 1 0 7
SBO-2 111756 888190 7,95 0 0 12
SBO-3 216051 1849317 8,56 0 0 0
SBO-4 93264 667882 7,16 0 0 0

SEO-1 22421 204784 9,13 0 180 849

whereN is a number of rows,Z is a number of nonzeros,S= Z/N is an aver-
age sparsity,ZD is a number of zero diagonal entries,ND is a number of negative
diagonal entries,POD is a number of positive off-diagonal entries.

Numerical experiments, presented in the paper, were performed on an AMD
Opteron computer with two 2GHz CPUs and 4GB RAM under Linux SuSe 8.0
operational system. All programs were compiled with GCC 3.4.1.

Due to all test matrices are unsymmetric, we mostly focus on iterative methods
with ILU-type preconditioning. By default, theBiCGStabiterative method [1] with
the rightFILU(0.001,1)preconditioner (3.2), [2] is used for the solution. Exception
is the matrixCIT-2 for which Row-Column Scaling(2.1.3) is applied as the pre-
processing. Initial guess is assumed zero, maximal number of iterations is 300 and
stopping criterion is

|rν |2 < 10−5 · |b|2.
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whererν means the iterative residual on theν-th iteration and| · |2 means the
second vector norm.

The performance of any combination of algorithms is compared by its total solu-
tion time related to the total solution time of the describedabove default set of algo-
rithms. Other two important characteristics of applied algorithms are theprecondi-
tioner extension(i.e. if M is a preconditioner matrix thenext(M) = nnz(M)/nnz(A),
wherennz(·) means a number of nonzeros) and thenumber of iterationsfor con-
vergence. In the tables below we use the following notations: Prec.ext.or Ext is a
preconditioner extension,Iters is a number of iterations,Tot.timeis a relative to-
tal solution time. If an iterative method with some combination of algorithms does
not achieve the required accuracy for the maximal number of iterations than such
variant is considered as diverged and indicated in the tables as ’-’.

Note also, that the package implements as well-known algorithms as some new
algorithms (or the algorithms whose description the authors did not see in the lit-
erature before). The first class of algorithms is referencedto corresponding arti-
cles/books while some of new algorithms have no references because have not been
published before.

The paper is organized as follows. In sections 2,3,4 we describe the main algo-
rithms implemented. In section 5 we briefly consider some ways how SparSol can
be used inside of an external application. In section 6 we compare the performance
of our solver to that of several popular, freely available software packages.

2. SYSTEM PREPROCESSING - SCALINGS/REORDERINGS

In many cases preprocessing the linear system can significantly improve the con-
vergence of a preconditioned iterative solver. At this stepthe initial matrix is trans-
formed to the one whose properties, like matrix profile and scalability, are more
conducive to a fast residual reduction. Preprocessing algorithms can be divided into
two categories:scalingsandreorderings.

In principal, one is able to apply any combination of preprocessing algorithms,
but in practice, one scaling and one or two reorderings is usually sufficient.

Note that preprocessing algorithms affect upon the whole system. Therefore
we must transform the vectorb before the start of the solution procedure and then
transform the obtained approximate solutionx to the original scale and ordering.

2.1. Scalings

The main purpose for any scaling procedure is to equalize or normalize, in some
way, the magnitudes of matrix entries. Scaling can be particularly useful when ap-
plied to matrices arising from problems with multiple unknowns per cell/node and,
hence, having rows/columns with significantly different norms. Applying a scaling
can be especially important for preconditioners implementing an incomplete factor-
ization based on the strategy of dropping by magnitude of elements (3).

In the general case, a scaling consists of two diagonal matricesDL andDR used
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to scale the rows and the columns of the initial matrix. Note that for some scalings
described below one of these diagonal matrices can be the identity I .

Thus, the initial systemAx= b is transformed to a system

DL ·A ·DR·D
−1
R ·x = DL ·b

or

Ã· x̃ = b̃

whereÃ = DL ·A ·DR, b̃ = DL ·b andx̃ = D−1
R ·x.

We implemented the following scalings:

• Norm Scalingmakes row/column norms of the scaled matrix equal to 1;

• Diagonal Scalingmakes diagonal entries of the scaled matrix equal to±1
(this is very popular technique described in many papers);

• Row-Column Scalingapproximately equalizes both row and column norms to
1 [3].

2.1.1. Norm Scaling. Norm Scalingmakes row/column norms(|Ai∗|α/|A∗ j |α) of
a scaled matrix equal to 1. Row normα can be one of the following row norms:

• |Ai∗|L1 =
∑

ai j 6=0
|ai j |

nnz(Ai∗)
;

• |Ai∗|L2 =

√

∑
ai j 6=0

a2
i j

nnz(Ai∗)
;

• |Ai∗|∞ = max
ai j 6=0

|ai j |;

• |Ai∗|L1N = ∑
ai j 6=0

|ai j |;

• |Ai∗|L2N =
√

∑
ai j 6=0

a2
i j .

The formulas for column norms can be written similarly.
The scaling computes diagonal matrices in the following way

DN
L = |

1
|Ai∗|α

|,DN
R = |

1
|A∗ j |α

|

There are four optional variants of the scaling:
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1. Row Norm Scaling- DL = DN
L , DR = I makes all row norms equal to 1;

2. Column Norm Scaling- DL = I , DR = DN
R makes all column norms equal

to 1;

3. Row then Column Norm Scalingmakes all column norms equal to 1 apply-
ing successivelyRow and thenColumn Norm Scaling; this process can be
performed iteratively;

4. Column then Row Norm Scalingmakes all row norms equal to 1 applying suc-
cessivelyColumnand thenRow Norm Scaling; this process can be performed
iteratively.

Note that this scaling does not preserve matrix symmetry.
Results for the solution of test matrices usingNorm scalingare presented in

table 2

Table 2.
Norm Scaling results

Row Scaling Column Scaling Row+Col Scaling Col+Row Scaling

Matrix Prec.ext. Iters Tot.time Prec.ext. Iters Tot.time Prec.ext. Iters Tot.time Prec.ext. Iters Tot.time

CIT-1 1,44 25 1,00 1,55 104 2,53 1,52 22 1,06 1,83 25 1,14
CIT-2 1,02 300 - 1,03 300 - 1,02 52 0,68 1,04 207 2,18

SBO-1 1,63 175 1,11 1,64 167 1,10 1,63 194 1,26 1,63 158 1,05
SBO-2 2,23 112 0,86 2,23 106 0,81 2,21 119 0,89 2,22 101 0,79
SBO-3 1,64 154 0,82 1,64 152 0,81 1,65 173 0,91 1,65 157 0,85
SBO-4 1,33 120 1,10 1,33 111 1,03 1,33 117 1,10 1,33 125 1,16

SEO-1 1,25 87 1,07 1,22 69 0,85 1,25 65 0,85 1,22 91 1,13

As seen in the table above, this scaling shows unstable results, i.e. for some
matrices (likeSBO-2, SBO-3) it allows to obtain the speed up 20%, but for some
matrices it slows down the performance more that 2 times (seefor exampleCIT-1
andCIT-2 ). Note also that two-side scalings (the last two columns of four) are more
robust, but not always more effective.

2.1.2. Diagonal Scaling. Diagonal Scalingmakes diagonal entries of the scaled
matrix equal to±1 calculating diagonal matrices by the formulas:

DL = |
1

√

|aii |
|, DR = |

sign(aii )
√

|aii |
|

After diagonal scaling an iterative balancing procedure can be applied to con-
siderably reduce the norm of the matrix off-diagonal part inthe case of unsymmetric
matrices [4].
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Note that this scaling preserves matrix symmetry and can be particularly effec-
tive for SPD matrices.

2.1.3. Row-Column Scaling. Row-Column Scalingapproximately equalizes both
row and column norms to 1 [3].

This scaling is especially effective for systems arising indiscretizations of prob-
lems with variable number of unknowns with significantly different scales.

Note that this scaling does not preserve matrix symmetry.
The results on the solution of the test matrices forRow-ColumnandDiagonal

Scalingsare presented in table 2

Table 3.
Row-Column and Diagonal Scalings results

Row-Column Scaling Diagonal Scaling

Matrix Prec.ext Iters Tot.time Prec.ext Iters Tot.time

CIT-1 1,47 21 0,89 1,46 38 1,33
CIT-2 1,02 83 1,00 1,02 154 1,68

SBO-1 1,32 216 1,24 1,34 222 1,27
SBO-2 1,93 135 0,94 1,98 126 0,89
SBO-3 1,46 197 0,98 1,48 147 0,77
SBO-4 1,21 119 1,10 1,22 141 1,25

SEO-1 1,18 99 1,22 1,18 96 1,15

As seen in the table above, these scalings show unstable results, i.e. for some
matrices (likeSBO-2, SBO-3) they allow to obtain the acceleration up to 20%, but
for some matrices they slow down the performance considerably (see for example
SBO-1, andSBO-4, andSEO-1).

Nevertheless, summarizing all results on scalings and comparing them with the
results from the table 5 (preconditioned iterative method without preprocessing) one
should note that applying one of described scalings produces preconditioner with
smaller extension and allows to obtain the solution with at least similar speed in
the worst case or significantly faster in the best one. Moreover, for the matrixCIT-2
only applying of scaling allows to obtain the convergence ofthe iterative solver. The
problem of choosing the optimal scaling is not clear and still open.

2.2. Reorderings

Reorderings influent significantly on the quality of a preconditioner and accelerate
the convergence of the iterative method. A reordering can improve both the structure
of a matrix minimizing number of fill-ins appeared in incomplete factorizations and
the numerical stability of such factorizations.

In general, a reordering permutes the whole system in the following way

PR ·A ·P−1
C ·PC ·x = PR ·b
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wherePR is a row permutation andPC is a column permutation. IfPR = PC than
a reordering is symmetric.

The following reorderings are available inSparSol

• RCM implements the well-known Reverse Cuthill-McKee reordering as a
multi-level set traversal algorithm where the next node in the level is cho-
sen by its degree [6].

• Weighted RCMimplements a Weighted Reverse Cuthill-McKee reordering
proposed by I. Kaporin fromCC RAS; it differs from the standardRCM in
that the next node in the level is chosen by its magnitude.

• Multicoloring implements a Greedy Multicoloring Algorithm [6] which uses
a direct traversal of a matrix graph assigning to a node the minimal possible
color; a matrix can be preordered by degrees (both forwards and backwards).

• Diagonal Filtration reorders a matrix by successively moving diagonally
dominant rows to the top of a permuted matrix; diagonal dominance for the
i-th row is defined as|aii | > const· |Ai∗,i 6= j |.

• Diagonal Dominant Filtration[7] reorders a matrix by sorting rows in de-
scending order according to their diagonal dominance condition; the diagonal
dominance condition for thei-th row is
max|ai j |
|Ai∗|L1

. This reordering generates an unsymmetric permutation.

• Independent Graphs Reorderingsearches for independent sub-graphs in a
matrix, joins ”small” sub-graphs into bigger ones, and thenreorders them
in descending order. This is particularly useful when the matrix represents a
physical system with sub-regions that are not in communication with each
other.

• Cell Based Reorderingconsiders each block of a matrix related to a one grid
block as one element of areduced graphwhich can be then reordered by any
structural reordering discussed above (e.g.RCM). This keeps all elements
of a grid block together during permutation of the matrix andcan produce
much better performance compared to reorderings which destroy this natural
clustering.

RCM-like reorderings were observed to be most effective in helping improve
convergence performance on the problems tested. Furthermore, reordering is usu-
ally more effective in combination with scaling. Numericalresults for some of re-
orderings are presented in the table 4.

As seen in the table,RCMor WRCMwith Row-Column Scalinggive very good
acceleration for all systems, except ofSBO-1.
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Table 4.
RCM numerical results

RCM RCM + Row-Column scaling WRCM + Row-Column scaling

Matrix Prec.ext Iters Tot.time Prec.ext Iters Tot.time Prec.ext Iters Tot.time

CIT-1 2,5 27 1,33 1,55 13 0,81 1,33 16 0,89
CIT-2 1,12 300 - 1,03 33 0,51 1,02 39 0,73

SBO-1 1,55 211 1,29 1,33 210 1,19 1,31 249 1,47
SBO-2 2,26 102 0,82 1,92 120 0,81 1,94 103 0,74
SBO-3 1,66 139 0,66 1,36 183 0,76 1,28 132 0,60
SBO-4 1,32 100 0,89 1,17 99 0,86 1,11 101 0,92

SEO-1 1,31 62 0,87 1,17 78 0,93 1,11 49 0,72

3. PRECONDITIONERS

Preconditioning is a key procedure for the iterative solution of large sparse linear
systems. The convergence rate of the iterative method greatly depends on the quality
of the preconditioner. InSparSol we implemented a right preconditioning when
preconditionerM is use in the form

A ·M−1 ·M ·x = b

The preconditioners available inSparSolcan be divided into the three classes:

• Incomplete Cholesky-type preconditioners construct the matrixM as
A≈M =UT ·U whereU is an upper triangular matrix. These preconditioners
are especially effective for SPD matrices, but can not be applied to unsym-
metric matrices.

• Incomplete LU-type preconditioners construct the matrixM as
A≈ M = L ·U whereL is a strictly lower triangular matrix with unit diagonal
andU is an upper triangular matrix. These preconditioners can beapplied to
general sparse matrices.

• Nested-type factorizations can be applied to matrices having a special nested
or multi-level structure. Such matrices usually arise in problems which use
finite difference discretization on structured grids.

Below we consider these preconditioner classes one at a time.

3.1. IC-type preconditioners

Preconditioners of this type construct the matrixM as

A≈ M = UT ·U
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whereU is an upper triangular matrix.
We implemented the followingIC-type preconditioners:

• IC(0) is the simplest variant of Incomplete Cholesky factorization without
extension of the original pattern [18].

• RIC2Sdeveloped by I.Kaporin fromCC RASimplements high quality pre-
conditioning of a general symmetric positive definite matrix based on its
UTU +UTR+RTU -decomposition [14].

• FIC implementsIC factorization with extension of the original pattern basing
on preconditioner techniques similar to that of theFILU preconditioner [2].

Preconditioners of this type can be applied to SPD systems only, that is why
the discussion of their features is out of the scope of this paper.

3.2. ILU-type preconditioners

Preconditioners of this type construct the matrixM as

A≈ M = L ·U

whereL is a strictly lower triangular matrix with unit diagonal andU is an upper
triangular matrix with the main diagonal.

It is well-known fact thatcomplete LUfactorization can be very expensive in
the sense of required computational and memory resources. That is why one has to
introduce some rules to drop ”non-essential” entries during factorization. Unlike the
strategy based on ”levels of fill-in” (ILU(k)-type preconditioners [21]), we imple-
mented the preconditioning strategy base on dropping by magnitudes. We discard
elements those magnitudes are less than a given constant nameddropping tolerance
multiplied to the norm of the corresponding row

|mi j | < ε · |Ai∗|α

We implemented the followingILU-type preconditioners:

• ILU(0) is the simplest variant of Incomplete LU factorization without ex-
tension of the original pattern when all elements outside ofthe pattern are
discarded [6].

• RILU is the relaxed variant of Incomplete LU factorization without extension
of the original pattern where discarded entries multipliedto the somerelax-
ation coefficientω are subtracted from the corresponding diagonal entry [22].

• FILU is a powerful and flexible preconditioner combining severalprecondi-
tioning techniques and several dropping strategies. The basicFILU algorithm
extends the original pattern of a matrix using two drop tolerances - one for
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adding new entries into preconditioning stencil and another for dropping suf-
ficiently small new entries from the preconditioned row. We also developed
specialsplit LU row norm which uses separate norms forL andU parts in
dropping rules [2].

• ILU2 developed by I.Kaporin fromCC RASimplements high quality precon-
ditioning of a general sparse matrix based on itsLU +LR1+RT

2U -decomposition
[17].

Preconditioners of this type can be applied to a general sparse linear system.
The numerical results for basicFILU algorithm are presented in the table 5.

The results from this table are used for comparison in all other tables (forCIT-2 for
comparison we use defaultFILU preprocessed byRow-Column Scaling(2.1.3)).

Table 5.
Plain FILU(0.001,1) results

Matrix name Prec.ext Iters Tot.time

CIT-1 2.03 13 1.0
CIT-2 - - -

SBO-1 1.68 144 1.0
SBO-2 2.39 114 1.0
SBO-3 1.68 177 1.0
SBO-4 1.40 91 1.0

SEO-1 1.26 74 1.0

3.3. NF-type preconditioners

Nested Factorizationis a powerful and flexible method intended for the precon-
ditioned iterative solution of sparse linear systems arising in finite difference dis-
cretizations on 2D/3D structured grids [5]. It can be extended to unstructured grids
by generalizing its underling concept.NF does not formL andU factors explicitly.
Instead,NF exploits the nested structure of the original matrix by defining the pre-
conditioner matrix in the sequence of level matrices with the diagonal matrix on
the lowest level. Thus we need to store only the diagonal matrix while all others
matrices are recalculated in the construction and solutionprocedures.

We implemented the followingNF-type preconditioners [23]:

• Nested Factorization (NF)for the preconditioned iterative solution of sparse
linear systems arising in discretizations on structured grids

• Generalized NF (GNF)for the preconditioned iterative solution of sparse
linear systems arising in discretizations of problems withseveral unknowns
per finite elements on structured grids.
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• Unstructured NF (UNF)for the preconditioned iterative solution of sparse
linear systems arising in discretizations on unstructuredgrids.UNF uses the
specialChain Reorderingto recover the nested structure for a general sparse
matrix.

The discussions on the preconditioners of this type is out ofthe scope of this
paper.

4. ITERATIVE METHODS

The following iterative methods are implemented inSparSol:

• CG: Conjugate Gradient, usually used for SPD matrices [11].

• CGS:Conjugate Gradient Squared [20];

• BiCGSTab:BiConjugate Gradient Stabilized [1];

• BiCGSTab2:BiConjugate Gradient 2 Stabilized [10];

• BiCGStabL:BiConjugate Gradient Stabilized (L) [12];

• GMRes:Generalized Minimal Residual [9];

• DQGMRes:Direct Quasi Generalized Minimal Residual [6];

• TFQMR:Transpose-Free Quasi-Minimal Residual [6].

The numerical comparison of implemented iterative methodsis presented in the
tables 6 and 7.

Table 6.
Numerical results forCGS, BiCGStab, BiCGStab2 and GMRes iterative methods.Row-Column Scalingand
FILU(0.001,1)were used.

CGS BiCGStab BiCGStab2 GMRes(32)

Matrix Ext Iters Tot.time Ext Iters Tot.time Ext Iters Tot.time Ext Iters Tot.time

CIT-1 1,45 24 0,92 1,45 21 1,00 1,45 22 0,94 1,45 13 0,78
CIT-2 1,02 300 - 1,02 83 1,00 1,02 49 0,77 1,02 26 0,59

SBO-1 1,32 286 1,60 1,32 216 1,00 1,32 205 1,21 1,32 245 2,61
SBO-2 1,93 230 1,52 1,93 135 1,00 1,93 132 0,93 1,93 102 1,41
SBO-3 1,46 268 1,31 1,46 197 1,00 1,46 176 0,91 1,46 176 1,72
SBO-4 1,21 124 1,14 1,21 119 1,00 1,21 112 1,03 1,21 109 2,12

SEO-1 1,18 96 1,15 1,18 99 1,00 1,18 76 0,98 1,18 59 1,20
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Table 7.
Numerical results forBiCGStabL, DQGmresandTFQMR iterative methods.Row-Column
ScalingandFILU(0.001,1)were used.

BiCGStabL(16) DQGmres(32,8) TFQMR

Matrix Ext Iters Tot.time Ext Iters Tot.time Ext Iters Tot.time

CIT-1 1,45 16 1,25 1,45 21 0,94 1,45 22 0,97
CIT-2 1,02 80 2,17 1,02 58 1,02 1,02 72 0,94

SBO-1 1,32 144 2,56 1,32 300 - 1,32 269 1,63
SBO-2 1,93 80 1,54 1,93 151 1,79 1,93 203 1,44
SBO-3 1,46 144 2,26 1,46 187 1,61 1,46 231 1,22
SBO-4 1,21 96 2,54 1,21 186 1,21 1,21 186 1,79

SEO-1 1,18 64 2,09 1,18 91 1,67 1,18 94 1,24

As seen in tables,BiCGStabexhibits fast and stable convergence for most of
systems tested and is thereforeSparSols default iterative solver.BiCGStab2also
shows good performance and can be chosen as an alternative ofBiCGStab.

But as in cases of all previous algorithms considered, we cannote that there is
no unique algorithm which provides the best results for all problems.

5. USING SPARSOL

An extended, flexible set of program interfaces provides an access toSparSol al-
gorithms and allows its easy use in any application written in C++, C and Fortran.
The interfaces provide access to both the complete solve procedure as well as to its
separate algorithms to allow its use within client solutionalgorithms. The internal
matrix representation data storage format isCRS(Compressed Row Storage). How-
ever, a matrix can be loaded into the library in several popular formats.SparSol
interfaces allow I/O of data in many widely-used file formats. Moreover, the special
XML ASCII or binary formats allow storage of large systems ondisk in a flexible
and compact form (see for more details [24]).

The code is supplied with detailed HTML documentation.

6. COMPARISON WITH OTHER PACKAGES

The performance of theSparSolpackage has been compared to that of several popu-
lar iterative solversSparseKit2[8], PETSc[13] and with the direct solverPARDISO
[19] for seven test problems from the ExxonMobil public matrix collection∗(see 1).

The numerical results forSparsolare presented in the table 8. Emphasize that
the table contains results fordefaultvariant of the solver which can be significantly
(up to several times) improved by combining various algorithms and turning their

∗http://www.aconts.com/XOMMatrices/, e-mail:support@aconts.com
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parameters.

Table 8.
SparSolresults obtained usingBiCGStabwith FILU(0.001,1). ForCIT-2 results
were obtained usingRow-Column ScalingandRCMas preprocessing.

Problem Prec.ext Prec.time [%] IM time [%] Iters Tot.time [%]

CIT-1 2,03 0,61 0,36 13 1,00
CIT-2 1,03 0,14 0,60 32 1,00

SBO-1 1,68 0,10 0,89 144 1,00
SBO-2 2,38 0,18 0,81 114 1,00
SBO-3 1,68 0,11 0,88 177 1,00
SBO-4 1,4 0,17 0,82 91 1,00

SEO-1 1,26 0,15 0,83 74 1,00

Note that the sum of 3rd and 4th columns of the above table is less that 1.0 due
to the solver spends some time on an additional work like the system check, results
storing and so on. ForCIT-2 a part of the total solution time is spent for the scaling
and reordering computation and applying.

Table 9 contains results for theILU(k) preconditioner fromPETSc, table 10 -
for ILUT(ε ,lfill) from SparseKit2and table 11 - for the direct solverPARDISOwith
default parameters.

Table 9.
PETScILU(k) results for the bestk

Problem k Iterations number TILUK /TFILU

CIT-1 1 26 2.61
CIT-2 - - -

SBO-1 1 74 1.38
SBO-2 3 163 7.10
SBO-3 3 530 19.53
SBO-4 3 606 36.57

SEO-1 4 315 49.00

These results indicate thatSparSolis faster and more robust than the packages
compared for the set of matrices tested. For these matricesFILU preconditioner
generates a high-quality LU factorization allowing standard iterative methods to
converge faster and usually take fewer iterations.

7. CONCLUSION

An effective, robust iterative solver has been developed. Results presented in this pa-
per show thatSparSolsolver is faster than several popular, freely available packages
for the set of matrices tested. The numerical results presented in the paper show that
there is no the sole set of algorithms which is optimal for allproblems. That is why
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Table 10.
SPARSKIT2ILUT(10−7,15) results

Problem Prec. extension Iterations numberTILUT /TFILU

CIT-1 1.11 300 -
CIT-2 0.85 300 -

SBO-1 3.58 46 1.30
SBO-2 3.06 53 1.52
SBO-3 2.75 75 1.22
SBO-4 2.84 35 1.42

SEO-1 2.20 63 1.96

Table 11.
Results ofPARDISOwith default parameters

Problem LU extension TPARDISO/TFILU

CIT-1 19.35 7.94
CIT-2 - -

SBO-1 14.86 1.41
SBO-2 29.22 2.35
SBO-3 37.64 3.11
SBO-4 35.46 4.90

SEO-1 29.19 4.81

we implement in theSparSol package a wide set of various algorithms that allows
us to choose optimal algorithms combination for systems arising in discretizations
of PDEs of different types. But the turning of the optimal solver parameters is very
non-trivial problem.

Potential future development includes:

• Development of effective parallel partitioning

• Development of an effective, robust parallel preconditioner

• Development of an Unstructured Nested Factorization for matrices produced
on 3D on unstructured grids

• Development of parallel multilevel preconditioners

• Optimization and profiling of implemented algorithms
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