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Chapter 4

Sparse Linear Algebra:
Applying New Features to
Traditional Paradigms

ABSTRACT

This chapter shows several new programming strategies based on tasking to
parallelize sparse linear algebra kernels. The reader will explore different
approaches to improve the performance of these kernels thanks to a better
workload distribution and comprehension of the data layout. This will be
accomplished through the study of some of the most popular and widely used
sparse operations, such as SpMV (sparse matrix vector multiplication), GTSV
(triangular solve), or CG (conjugate gradient). Those strategies have been
tested on multicore systems. Some of them equipped GPU devices, showcasing
how to overcome the peculiarities of task-based parallelized kernels in the
context of sparse linear algebra computations.

INTRODUCTION TO SPARSE LINEAR ALGEBRA

The input matrices used to solve specific engineering and scientific problems
sometimes present a high number of zero values due to the nature of the
problem to solve. In these situations, where most of their values are zeroes,
the authors said the matrix is unbalanced and sparse. This characteristic of
the matrices turns out in a non-uniform memory access pattern; thus those
operations tend to be memory bound. Moreover, the sparsity of the data
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Sparse Linear Algebra

makes it difficult to evenly distribute the workload among cores, which is
the main target of the strategies presented in this chapter.

Specifically, different task-based approaches are presented in order to
balance the workload and palliate the effect of the irregular memory access
patterns. The authors focus on three widely-used operations in Sparse Linear
Algebra: the sparse matrix vector product (SpMV), the general tridiagonal
solve (GTSV) and the conjugate gradient (CG). Moreover, a multi-core CPU
architecture, as well as a GPU, will be targeted.

SPARSE MATRIX-VECTOR MULTIPLICATION (SPMV)
The sparse matrix-vector product (SpMV) is defined as:
y:=aAx + Py,

where x and y are dense vectors, @ and f are scalars, and A is a sparse matrix.
Inthis section, several strategies are proposed in order to parallelize the SpMV
kernel, which operates on an input matrix stored in CSR format (Langr, 2016).

SpMV is characterized by being a highly unbalanced operation. Due to
the sparse nature of the input matrix, the access pattern to the elements turns
out to be non-uniform. This aspect has been tackled in literature from two
main perspectives: proposing several storage formats for the input matrix
and designing different implementations for the SpMV kernel in order to
palliate this effect. This section is focused on the implementation of task-
based strategies to parallelize the kernel and balance the computations among
the cores. The reader will find, along with the explanation of the strategies,
performance results for 12 matrices from the SuiteSparse Matrix Collection
(Davis, 2011), formerly the University of Florida Sparse Matrix Collection,
that illustrate the behavior of each technique. Matrices are named m1 tom12
and caregorized as unbalanced (m4, m5, m7 and m12) or balanced matrices
(m1-m3, m6, m8-m11), depending on the variability of non-zeros per row
(See Figure 1). Moreover, reference results from Intel MKL single-threaded
and multi-threaded SpMV kernels are included.

95



42 more pages are available in the full version of this
document, which may be purchased using the "Add to Cart"
button on the publisher's webpage: www.igi-
global.com/chapter/sparse-linear-algebra/313455

Related Content

Solving Two-Dimensional Partial Differential Equations

(2021). MATLAB® With Applications in Mechanics and Tribology (pp. 216-248).
www.irma-international.org/chapter/solving-two-dimensional-partial-differential-
equations/276287

Applying Geospatial Data to Choose the Optimal Route During the Road
Design Stage

Ehyaudin Musema Ahmed, Mohammed Nuru Mohammedand Mohammad Gouse
Galety (2024). Geospatial Application Development Using Python Programming (pp.
209-273).
www.irma-international.org/chapter/applying-geospatial-data-to-choose-the-optimal-route-

during-the-road-design-stage/347439

Statistical Calculations
(2021). MATLAB® With Applications in Mechanics and Tribology (pp. 311-351).

www.irma-international.org/chapter/statistical-calculations/276290

Navigating Ethical and Privacy Frontiers: Geospatial Data in Collaborative
Environments

R. Madhubala, Saleem Raja Abdul Samadand S. Thangam (2024). Ethics, Machine
Learning, and Python in Geospatial Analysis (pp. 53-71).
www.irma-international.org/chapter/navigating-ethical-and-privacy-frontiers/345904

Basics of Graphics With Applications
(2021). MATLAB® With Applications in Mechanics and Tribology (pp. 92-140).
www.irma-international.org/chapter/basics-of-graphics-with-applications/276283



http://www.igi-global.com/chapter/sparse-linear-algebra/313455
http://www.igi-global.com/chapter/sparse-linear-algebra/313455
http://www.irma-international.org/chapter/solving-two-dimensional-partial-differential-equations/276287
http://www.irma-international.org/chapter/solving-two-dimensional-partial-differential-equations/276287
http://www.irma-international.org/chapter/applying-geospatial-data-to-choose-the-optimal-route-during-the-road-design-stage/347439
http://www.irma-international.org/chapter/applying-geospatial-data-to-choose-the-optimal-route-during-the-road-design-stage/347439
http://www.irma-international.org/chapter/statistical-calculations/276290
http://www.irma-international.org/chapter/navigating-ethical-and-privacy-frontiers/345904
http://www.irma-international.org/chapter/basics-of-graphics-with-applications/276283

