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A B S T R A C T

Sparse solvers are one of the building blocks of any technology for reliable and high-performance scientific and
engineering computing. In this paper we present a software package which implements an efficient multigrid
sparse solver running on Graphics Processing Units. The package is a branch of a wider initiative of software
development for sparse Linear Algebra computations on emergent HPC architectures involving a large research
group working in many application projects over the last ten years.
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1. Introduction

BootCMatchG is the software implementation of an adaptive Alge-
braic MultiGrid (𝛼-AMG) method, specifically tuned for exploiting the
fine-grained parallelism of Graphics Processing Unit (GPU) devices in
scientific and engineering computing applications.

GPU computing is, by now, a usual practice in general-purpose
computations, since GPU accelerators are installed on devices ranging
from laptops to supercomputers. Moreover, high-level programming
environments, such as NVIDIA CUDA or OpenCL, enable developers
to write codes for GPUs in a reasonable simple form. As a matter of
fact, many of the most powerful supercomputers are equipped with
heterogeneous nodes using GPU accelerators to achieve performance
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in the order of PetaFLOPS (1015) [1]. However, efficient use of GPUs
generally requires a re-factoring of algorithms, data structures and
software development paradigms for taking full advantage from their
computing power.

With BootCMatchG we make available a recently proposed adaptive
AMG method for preconditioning and solving algebraic linear systems
𝐴𝑥 = 𝑏, where 𝐴 ∈ R𝑛×𝑛 is a symmetric positive definite (s.p.d.), large
and sparse matrix [2,3]. All the computational kernels for setup and
application of the AMG method were designed and tuned for accessing
GPU global memory according to best practices of CUDA programming
and for using the available computing resources in an effective way.
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AMG methods are widely used as preconditioners for Krylov-type
terative methods in solving general sparse linear systems, when no
nformation are available on system’s origin [4,5]. Many variants of
MG methods [6–9], which differ from each other in the setup of

he method, and related software [10–12] have been proposed. How-
ver, the above methods lose their robustness and efficiency when
pplied to classes of s.p.d. matrices more general than that stemming
rom 2nd order scalar elliptic partial differential equations (PDEs). To
vercome those limits, adaptive (𝛼-)AMG methods have been proposed

[2,13–15], which exploit information obtained by testing a current
method to modify it, so as to improve convergence. To the best of our
knowledge, only the 𝛼−AMG method in [2] is currently available as
public-domain software package (see [3]). Here we present the GPU
version of the method which has been described in [16] and success-
fully compared with the NVIDIA AmgX library, which implements just
standard AMG methods [17].

2. Software functionalities and use

BootCMatchG has a modular structure including different compo-
nents for setup of the AMG method and for its application as precon-
ditioner in an optimized version of the Conjugate Gradient method
(see [16] for details). Many algorithmic parameters are available for
AMG setup, so that the package assures flexibility with respect to
problem features and convergence and accuracy requirements. Default
values are available for a large part of the parameters, however they
could be changed by simple interfaces depending on the user’s level of
expertise and needs. The AMG method implemented in BootCMatchG is
based on a bootstrap strategy which builds different AMG hierarchies
and composes them in additive or multiplicative way in order to obtain
the desired convergence rate [2,3]; a maximum number of bootstrap
steps is set, so that the procedure can also built a single-component
AMG, as in usual multigrid methods. Each AMG hierarchy is built
by a pairwise aggregation scheme and multiple steps of the basic
aggregation can be applied to obtain larger aggregates than pairs and
then smaller size coarse matrices. The aggregation scheme can be either
applied as plain aggregation, when piecewise constant inter-grid trans-
fer operators are built, or according to a smoothed approach, where
more regular transfer operators are built by employing one iteration
of a Jacobi smoother to the original un-smoothed operator. Number
of AMG hierarchy levels can be also set by the user, while maximum
size of the coarsest matrix is set by default to the value 40𝑛1∕3, where
𝑛 is the system’s matrix dimension. During the setup of the bootstrap
AMG, in order to estimate the convergence rate of the composite AMG,
the method is tested on the homogeneous system associated to the
original one, so we also consider as setup parameter the way the
single AMG hierarchy is applied, i.e. the AMG cycle. At this time, the
smoothers available in the package are weighted versions of the highly
parallel Jacobi smoother, specifically tuned for GPU exploitation, and
also applied as coarsest solvers. The user can set the number of pre-
and post-smoothing steps at each intermediate level of a cycle as well
as the number of iterations of the weighted Jacobi method to be applied
at the coarsest level. In Table 1 we summarize main parameters to be
set in a configuration file for bootstrap AMG setup.

Further parameters related to the final linear solver application
includes the maximum number of iterations and a tolerance specifying
the user’s accuracy requirement. The software package has been tested
with respect to a number of cases arising from scalar and vector
anisotropic PDEs. An extended analysis of parallel performance is
reported in [16].

3. Impact

Solution of sparse linear systems is an ubiquitous task in Compu-
tational and Data Science. As a consequence, efficient sparse solvers
are essential tools which play a major role in the reduction of the

Table 1
Main setup parameters.

Parameter Values

Bootstrap parameters

solver_type (integer) 0/1/2 (mult/sym-mult/add)
max_hrc (integer) arbitrary
𝜌 (double) 0 < value < 1

Hierarchy parameters

aggr_sweeps (integer) arbitrary
aggr_type (integer) 0/1 (un-smoothed/smoothed)
max_levels (integer) arbitrary
cycle_type (integer) 0/1/2/3 (V/H/W/K)
coarsest_solver_type 0/4 (standard weighted Jacobi/𝓁1-Jacobi)
relax_type 0/4 (standard weighted Jacobi/𝓁1-Jacobi)
prerelax_sweeps (integer) arbitrary
postrelax_sweeps (integer) arbitrary
coarserelax_sweeps (integer) arbitrary

time-to-solution [18]. The CPU version of our Adaptive Algebraic Multi-
grid solver [3] has been already included in some projects aimed
at designing and developing software technology for HPC. Moreover,
extensions to that software package are in progress in a project whose
goal is to provide efficient methods for spectral analysis of complex
networks [19]. Since GPUs are, by now, widely used to accelerate
many computing applications, we argue that it can be useful to make
available BootCMatchG, the CUDA based implementation of the same
solver. The efficiency of this variant has been fully demonstrated
in [16] and a number of activities are in progress for extending this
code and integrating it in a more general software framework for sparse
matrix computations [20–28] within the context of EoCoE-II, a EU-
funded project focused on the transition toward exascale of simulation
codes for renewable and low-carbon energy applications. In particular,
we are working on a hybrid MPI-CUDA version of BootCMatchG for
large clusters composed of nodes equipped with one or multiple GPUs
and connected with state-of-art network technologies.
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