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Abstract. We discuss Oblio, our library for solving sparse symmetric
linear systems of equations by direct methods. The code was imple-
mented with two goals in mind: efficiency and flexibility. These were
achieved through careful design, combining good algorithmic techniques
with modern software engineering. Here we describe the major design
issues and we illustrate the performance of the library.

1 Introduction

We describe the design of Oblio, a library for solving sparse symmetric linear sys-
tems of equations by direct methods, and we illustrate its performance through
results obtained on a set of test problems.

Oblio was designed as a framework for the quick prototyping and testing
of algorithmic ideas [3] (see also [1,5,10,11] for recent developments in sparse
direct solvers). We needed a code that is easy to understand, maintain and
modify, features that are not traditionally characteristic of scientific computing
software. We also wanted to achieve good performance. As a consequence, we
set two goals in our design: efficiency and flexibility.

Oblio offers several options that allow the user to run various experiments.
This way one can choose the combination of algorithms, data structures and
strategies that yield the best performance for a given problem on a given com-
putational platform. Such experimentation is facilitated by decoupled software
components with clean interfaces. The flexibility determined by the software
design is Oblio’s major strength compared to other similar packages.

Out of the three major computational phases of a sparse direct solver, pre-
processing, factorization and triangular solve, only the last two are currently
implemented in Oblio. For preprocessing we rely on external packages.

2 Design
Factorization Types. The first major choice in Oblio is the factorization type.
Generally, the direct solution of a linear system Ax = b requires factoring a
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permutation of the coefficient matrix A into a product of lower and upper trian-
gular matrices (factors) L and U (L unit triangular). If A is symmetric then U
can be further factored as DLT, where D is generally block diagonal, and if A is
positive definite as well then we can write A = LU = LDLT = LLT (D is purely
diagonal in this case), where L is lower triangular. The latter decomposition of
A is the Cholesky factorization and L is the Cholesky factor.

In Oblio we offer three types of factorizations. The first one is the Cholesky
factorization LLT, which does not require pivoting and therefore has a static
nature. The other two are more general LDLT factorizations. One of them is
static, the other one is dynamic.

The static LDLT factorization does not usually allow row /column swaps (dy-
namic pivoting). Instead, it relies on small perturbations of the numerical entries
(static pivoting) [7]. Although this changes the problem, it is possible to recover
solution accuracy through iterative refinement. The static LDL” factorization
can be, however, enhanced, by allowing dynamic pivoting as long as this does not
require modifications of the data structures. In Oblio we provide the framework
for both approaches.

Numerical preprocessing is generally required before a static LDLT factor-
ization in order to reduce the number of perturbations as well as the number of
steps of iterative refinement [4]. Since the numerical preprocessing of sparse sym-
metric problems is currently an area of active research, this type of preprocessing
is not yet present in Oblio.

The dynamic LDLT factorization performs dynamic pivoting using 1x1 and
2x2 pivots and can modify the data structures. Two pivot search strategies
are currently available, one biased toward 1x1 pivots and one biased toward
2x2 pivots [2]. Note that the dynamic LDL? factorization can also benefit from
numerical preprocessing: a better pivot order at the beginning of the factorization
can reduce the number of row/column swaps.

For positive definite matrices the best choice is the LLT factorization. For
matrices that are numerically more difficult one must choose between the two
LDLT factorizations. The dynamic LDLT factorization is more expensive but
also more accurate. It should be used for those matrices that are numerically the
most difficult. For less difficult matrices the static LDLT factorization might be
a better choice.

Factorization Algorithms. The second major choice in Oblio is the fac-
torization algorithm. We offer three major column based supernodal algorithms:
left-looking, right-looking and multifrontal.

These three factorization algorithms perform the same basic operations. The
differences come from the way these operations are scheduled. In addition to
coefficient matrix and factor data these algorithms also manage temporary data.
For left-looking and right-looking factorization this is required only for better
data reuse, but for multifrontal factorization temporary data are also imposed
by the way the operations are scheduled.

The multifrontal algorithm generally requires more storage than the other
two algorithms and the difference comes from the amount of temporary data. If
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this is relatively small compared to the amount of factor data then the multi-
frontal algorithm is a good choice. The right-looking and multifrontal algorithms
perform the basic operations at a coarser granularity than the left-looking algo-
rithm, which increases the potential for data reuse. The right-looking algorithm
is not expected to perform well in an out-of-core context [9].

Factor Data Structures. The third major choice in Oblio is the factor data
structure (for LLT factorization this stores L; for LDLT factorization this stores
L and D together). A static factorization can be implemented with a static data
structure while a dynamic factorization requires a dynamic data structure. We
offer both alternatives, although a static factorization can be implemented with
a dynamic data structure as well.

The difference between the two data structures comes from the way storage
is allocated for supernodes. In a static context a supernode does not change
its dimensions and therefore a large chunk of storage can be allocated for all
supernodes. In a dynamic context a supernode can change its dimensions (due to
delayed columns during pivoting) and in this case storage needs to be allocated
separately for each supernode. In order to access the data we use the same
pointer variables in both cases. This makes the data access uniform between
implementations.

The two data structures manage in-core data and therefore we refer to them
as in-core static and in-core dynamic. In addition, we offer a third, out-of-core,
data structure that extends the in-core dynamic data structure. The out-of-core
data structure can store the factor entries both internally and externally. Of
course, most of the factor entries are stored externally. Data transfers between
the two storage layers are performed through I/O operations at the granularity
of a supernode. A supernode is stored in-core only when the factorization needs
to access it.

Other Features. A few other features are of interest in Oblio. By using
a dynamic data structure for the elimination forest [8] it is easy to reorder for
storage optimization and to amalgamate supernodes for faster computations.
Iterative refinement is available in order to recover solution accuracy after per-
turbing diagonal entries during a static LDLT factorization or after a dynamic
LDLT factorization that uses a relaxed pivoting threshold. Oblio can also factor
singular matrices and solve systems with multiple right hand sides.

Implementation. Oblio is written in C++4 and uses techniques such as
dynamic memory allocation, encapsulation, polymorphism, and templates. Dy-
namic memory allocation is especially useful for temporary data. In order to
minimize the coding effort we combine it with encapsulation most of the time,
performing memory management within constructors and destructors. We use
polymorphism in order to simplify the interaction between different factoriza-
tion algorithms and different factor data structures, and we rely on templates in
order to instantiate real and complex valued versions of the code.

Oblio is organized as a collection of data and algorithm classes. Data classes
describe passive objects such as coefficient matrices, vectors, permutations and
factors. Algorithm classes describe active objects such as factorizations and tri-
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angular solves. The major classes and the interactions between them are depicted
in Fig. 1 (real valued only).

We discuss now the interaction between the three factorization algorithms
and the three factor data structures in more detail. Generally we would require
three different implementations for each algorithm and thus a total of nine imple-
mentations. That would determine a significant programming effort, especially
for maintaining the code. We rely on polymorphism instead and use only three
implementations, one for each algorithm. Remember that the difference between
the two in-core data structures comes from the supernode storage allocation. But
as long as we can use a common set of pointers in order to access data, a fac-
torization algorithm does not need to be aware of the actual storage allocation.
Therefore the factorization algorithms interact with an abstract factor class that
allows them to access factor data without being aware of the particular factor
implementation. The whole interaction takes place through abstract methods.

For out-of-core factorization we make a trade-off. In addition to the basic
operations that are required by an in-core factorization, an out-of-core factor-
ization requires I/O operations. These can be made abstract as well but that
would not necessarily be an elegant software design solution. Another solution,
requiring additional code but more elegant, is to use run time type identification.
This is the solution that we adopted in Oblio. Oblio identifies the data structure
at run time and performs I/O only in the out-of-core context. The identification
of the actual data structure is done at the highest level and thus virtually comes
at no cost.

In Oblio, most of the basic arithmetic operations are efficiently implemented
through level 3 BLAS/LAPACK calls.

3 Performance

We present a reduced set of results here. More details will be available in a future
paper. We also refer the reader to [12] for a recent comparative study of sparse
symmetric direct solvers (including Oblio). In all the experiments below we use
the node nested dissection algorithm from METIS [6] as a fill reducing ordering.

As reported in [12] Oblio performs as well as other similar solvers for positive
definite problems and correctly solves indefinite problems. For the latter Oblio
is not as fast as other indefinite solvers since we have not yet optimized our
indefinite kernels. The best factorization rate observed so far is 42% of the peak
rate on an IBM Power 4 platform (1.3 GHz, 5200 Mflop/s peak rate).

In-Core Results. Figures 2 through 6 illustrate in-core experiments per-
formed with Oblio. All problems are indefinite and represent a subset of the
collection used in [12]. We used dynamic LDLT factorization and, for compar-
ison, we used LL factorization as well, after replacing the original numerical
entries and transforming indefinite matrices into positive definite matrices. We
used the in-core dynamic factor data structure for the former and the in-core
static factor data structure for the latter, and we employed all three factorization
algorithms. The results are obtained on an IBM Power 3 platform (375 MHz, 16
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Fig. 1. The major classes from Oblio and the interactions between them (only the
real valued numerical classes are shown but their complex valued counterparts are
present in Oblio as well). The factorization algorithms interact with the abstract class
FactorsReal. The actual class that describes the factors can be FactorsStaticReal,
FactorsDynamicReal or FactorsOutOfCoreReal (all three derived from FactorsReal),
the selection being made at run time.
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Fig. 2. The ratio between the storage required by the multifrontal algorithm and the
storage required by the left-looking and right-looking algorithms, LL” factorization.
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Fig. 3. The ratios between the execution times of the left-looking and multifrontal
algorithms, and between the execution times of the right-looking and multifrontal al-
gorithms, LLT factorization (IBM Power 3 platform: 375 MHz, 16 GB).
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Fig. 4. The ratio between the storage required by the dynamic LDLT factorization
and the storage required by the LL” factorization, using the multifrontal algorithm,
for pivoting thresholds of le-1 and 1le-10, respectively.
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Fig. 5. The ratio between the execution time of the dynamic LDLT factorization and
the execution time of the LL” factorization, using the multifrontal algorithm, for piv-
oting thresholds of le-1 and le-10, respectively (IBM Power 3 platform: 375 MHz, 16
GB).
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Fig. 6. The relative residual for the dynamic LDL” factorization, using the multi-
frontal algorithm, for pivoting thresholds of le-1 and 1le-10, respectively.
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Fig. 7. The execution time of the LL” factorization, in-core (left-looking, right-looking
and multifrontal) and out-of-core (multifrontal) (Sun UltraSparc III platform: 900
MHz, 2GB). There is only a slight increase of the out-of-core execution time because
a slight increase of the problem size determines a slight increase of the amount of ex-
plicit I/O. The non-monotonicity of the plots is caused by the lack of smoothness in
the ordering algorithm.
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GB), which we chose because we were particularly interested in a large amount
of internal memory.

Figure 2 shows the difference in storage requirement between the three algo-
rithms, in the positive definite case. The plot represents the ratio between the
storage required by the multifrontal algorithm and the storage required by the
left-looking and right-looking algorithms. This indicates how much additional
storage is required by the multifrontal algorithm. For a significant number of
problems the amount of additional storage is not large and the multifrontal
algorithm is expected to perform well.

Execution time results for positive definite problems are shown in Fig. 3. The
plots represent the ratios between the times required to factor using the left-
looking and multifrontal algorithms, and between the times required to factor
using the right-looking and multifrontal algorithms, respectively. Note that the
multifrontal algorithm outperforms the other two for many problems.

Figures 4 and 5 illustrate results for the indefinite case, using only the mul-
tifrontal algorithm and two different pivoting thresholds, le-1 and le-10. The
plots show the increase in storage and execution time (same IBM Power 3 plat-
form). The increase is smaller when the pivoting threshold is smaller but a larger
pivoting threshold may be required for accurate results. Similar results can be
obtained with the indefinite left-looking and right-looking algorithms.

For indefinite problems we also report accuracy results. These are provided in
Fig. 6. The plots represent the relative residual for the two sets of experiments.
For most of the problems from this set the computation is accurate enough
with the relaxed pivoting threshold (1e-10) but some problems require a larger
pivoting threshold, at the cost of a more expensive computation.

Out-of-Core Results. For the out-of-core experiments we chose a platform
with a smaller amount of internal memory: an UltraSparc III Sun Fire 280R
(900 MHz, 2GB). Since this platform has a smaller core we can easily determine
differences in performance between the in-core and the out-of-core computations.

Unfortunately, matrix collections usually provide problems of a given size,
even if some of these problems may be large. In order to run out-of-core experi-
ments one should be able to tune the problem size given a particular core size.
Here, in order to match the 2 GB core size we tune the order of the problem from
roughly 2,000,000 to roughly 5,000,000 (this way we cross the 2GB threshold).
We use model 2d finite difference discretization grids with 5-point stencils, the
grid size ranging from 1,500 to 2,200.

Figure 7 plots the execution time for the three in-core LL” factorizations
(static data structure) as well as the execution time for the out-of-core multi-
frontal LLT factorization. As expected, the in-core factorizations start to per-
form poorly close to the 2GB threshold. At that point the operating system
begins to rely on virtual memory in order to provide the required storage. This
translates into implicit I/0 (swapping), which slows down the computation. On
the other hand, the out-of-core factorization performs explicit I/0 and therefore
the computation continues to be performed efficiently.
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4 Conclusion

Oblio is an active project and the package continues to be developed. Our current
effort is targeted toward software design improvements and code optimizations.
We also plan several extensions of the package, mostly in order to provide more
options for numerically difficult problems. A future, longer paper will address
the design of Oblio in more detail and will provide more results.
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