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Abstract

COMPOSABLE CODE GENERATION FOR HIGH ORDER,
COMPATIBLE FINITE ELEMENT METHODS

It has been widely recognised in the HPC communities across the world, that exploiting modern
computer architectures, including exascale machines, to a full extent requires software commu-
nities to adapt their algorithms. Computational methods with a high ratio of floating point op-
erations to bandwidth are favorable. For solving partial differential equations, which can model
many physical problems, high order finite element methods can calculate approximations with a
high efficiency when a good solver is employed. Matrix-free algorithms solve the corresponding
equations with a high arithmetic intensity. Vectorisation speeds up the operations by calculating

one instruction on multiple data elements.

Another recent development for solving partial differential are compatible (mimetic) finite ele-
ment methods. In particular with application to geophysical flows, compatible discretisations ex-
hibit desired numerical properties required for accurate approximations. Among others, this has
been recognised by the UK Met office and their new dynamical core for weather and climate fore-
casting is built on a compatible discretisation. Hybridisation has been proven to be an efficient
solver for the corresponding equation systems, because it removes some inter-elemental coupling

and localises expensive operations.

This thesis combines the recent advances on vectorised, matrix-free, high order finite element
methods in the HPC community on the one hand and hybridised, compatible discretisations in
the geophysical community on the other. In previous work, a code generation framework has been
developed to support the localised linear algebra required for hybridisation. First, the framework
is adapted to support vectorisation and further, extended so that the equations can be solved fully

matrix-free. Promising performance results are completing the thesis.
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Chapter 1

Introduction

1.1 Motivation

Modelling climate change, generating energy from plasma fusion in a reactor, investigating how
diseases spread in closed environments, controlling the distribution and production of electricity
in smart grids, detecting exoplanets — all of these exemplary hot topics of the current era have one
common factor. They are so complex, expensive or beyond physical reach, that mankind has to
rely on computer calculations to find realistic approaches to solve the problems entailed in any of
them. Nowadays, computer simulations are involved in virtually every sector of the economy and
industry, having a big impact on everyone’s life even if it often remains unnoticed. Applied natural
and computer sciences are main drivers in the societal progress and this PhD thesis is a minuscule

contribution in advancing the modern world.

A big part of computational simulations are numerical methods. Their need is driven by the fact
that computers can only process a finite amount of discrete data. While the problems in the world
seem to be continuous (can you imagine the ocean flowing in steps?), the best a computer can do
is to give an approximation to the situation in the reality. Numerical methods are deployed to solve
mathematical problems, which present models of the real-world problems, by discretising them
and by finding solutions in a set of points.

A key characteristic of mathematics is that complicated concepts and relationships can be ex-
pressed by use of notations, similar to a language. This elegance of abstraction is especially vivid
in the Finite Element Method (FEM), which is one of the most common, but also most complex
numerical methods. FEM are frequently used for the spatial discretisation of partial differential
equations (PDEs) modelling physical processes. The software framework Firedrake [1] exploits
the FEM inherent abstractions and encapsulates mathematical and computational details in or-
der to make the method accessible for other scientists.
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1.1. MOTIVATION

FEM find application in numerous problems, for example in the area of fluid dynamics. The com-
plexity of the underlying physical problems of PDEs translates into the numerical methods and
requires a high amount of sophistication in order to achieve satisfying accuracy with an accept-
able amount of resources. A concrete example for this is weather and climate prediction, where
quantities have to be calculated on not only complex, but also massive domains and over various
time scales. Influencing factors on the performance of these models can be of physical, math-
ematical or computational nature: examples are appropriate conservation of physical quantities,
choice of spatial and temporal discretisation, and scalability (more resources yield a faster calcula-
tion). An implication of the many possible performance influencing factors is that improvements
on the numerical model require different researchers’ expertise. Thus, there is a need of abstrac-
tions for certain subareas. Separation of concerns, one of the core principles of Firedrake, eases
improvements by experts in one field.

In this thesis, I contribute performance improvements for numerical methods, in particular for a
special kind of FEM, a compatible and high order discretisation for PDEs. The optimisations of the
computations are easily accessible for other scientists and applicable to many problems through
automatic code generation with help of the software framework Firedrake [1].

/Vu-Vv+uvdx=/vfdx
Q Q

A _4

void wrap_helmholtz (int const start, int const end, double x__restrict__ datO,
double const »__restrict__ dat2, int const x__restrict__ map0)

{
double t2[3];
double t3[3 * 2];
double t4[3];

for (int n = start; n <= -1 + end; ++n)
{
for (int i5 = 0; i5 <= 2; ++i5)
{
t4[i5] = dat2[mapO[3 * n + i5]];
for (int 16 = 0; 16 <= 1; ++i6)
t3[2 * i5 + i6] = datl[2 * mapO[3 * n + i5] + i6];
}
for (int il = 0; il <= 2; ++il)
t2[il] = 0.0;

helmholtz (t2, t3, t4);

2512
1259
-

> 631
79
40
20
10

Bathymetry in the North Sea

w
=
o

o}
4
Bathymetry (m)

Figure 1.1: Automatic code generation for FEM. The picture is extracted from https://
thetisproject.org/demos/demo_2d_north_sea.py.html, accessed 26th September 2022.
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1.2. PERFORMANCE IMPROVEMENTS

1.2 Performance Improvements

Introducing performance improvements to Finite element methods is a complicated process and
multiple factors have to considered. For the application scientists, who use FEM software to solve
the PDEs modelling their physical problems, the ultimate goal is to achieve an approximation to
the reality with a certain accuracy. The primary factor deciding what accuracy is sufficient for their
problem is the needs of the scientific question. Those needs dictate the amount of resources, in

particular how much time and computer power are required.

The accuracy of the approximation can be controlled with the choice of discretisation. In FEM, a
decision must be made about how accuracy can be achieved. Both increasing the number of cells
in the mesh or choosing higher order approximation polynomials can yield higher accuracy. De-
pending on that decision, the equation systems and, further, which algorithms are optimal to solve
the set of equations efficiently changes. Whether a finer mesh or a higher order function space is
the better mechanism to achieve higher accuracy depends on the type of computing power that
is available to the application scientist. Lower order methods are sometimes used for their sim-
plicity, however. Higher order methods either need enough regularity on the solutions or extra
mechanisms like limiters. If the resulting equation systems are solved with iterative solvers, an-
other contribution to the accuracy of the solutions is a specification of solver tolerances.

Suppose, the machine of the application scientist has a faster data transfer (higher bandwidth)
than FLOP execution. Then, achieving the accuracy of the FEM on a refined mesh is the better
choice. The reason for that is that the computation in the FEM is dominated by solving many
small problems using a fine mesh, but lower order function spaces. In low order FEM, the ratio of
the amount of computation to the amount of data which needs to be loaded, called the arithmetic

intensity is low. The accuracy can be achieved fast if the data can be loaded fast.

In contrast, if the machine has lower bandwidth than FLOP execution, the accuracy of the ap-
proximation can be achieved faster with a discretisation using high order finite element function
spaces. Then, the computations are dominated by solving fewer, but bigger problems. The arith-
metic intensity is high. In order to achieve high accuracy fast, it becomes crucial to execute the
operations on the data fast. The second argument for using high order FEM is a numerical one,
namely their exponential convergence. Increasing the number of unknowns in the problem by
choosing higher-order function spaces increases the accuracy of the solutions faster than by in-

creasing the number of cells in the mesh. For further details refer to section 1.2.1.

Depending on the choice of discretisation, the structure of the resulting equation systems change,
and different algorithms achieve higher performance. In particular, the choice between matrix-

explicit and matrix-free methods depends on the choice of discretisation.

12



1.2. PERFORMANCE IMPROVEMENTS

As previously mentioned, in low-order FEM, the operations are calculated on a small amount of
data, the matrices are small. Matrix-explicit methods are sufficient. For higher order FEM, the
matrices become larger, however, and the data movement should be minimised. Further, the cost
of a sparse matrix-vector product scales with @ (p>?), where p is approximation degree and d the
dimension of the problem. Both data movement and the cost of matrix-vector product can be re-
duced by using matrix-free methods. In matrix-free methods, instead of loading and storing ma-
trices, their product with a vector is assembled ‘on the fly’. A fast execution of FLOPS is required.
For further details refer to section 1.2.2.

If the wrong discretisation and algorithmic choices are made, only a fraction of the peak perfor-
mance can be achieved. Ultimately, that means that the application scientist ends up either with
an approximation less close to the reality, or with a longer wait time for the solutions. A longer
wait time means a higher energy consumption. Therefore, the decision making in the code de-
sign process is paramount, particularly on supercomputing machines that consume a tremendous
amount of energy. In order to leverage current computer architectures, which trend towards faster
processors than data movements, methods exhibiting a high arithmetic intensity are favorable.
Therefore, I introduce performance improvements only for high order Finite element methods. In
this thesis, the introduced performance improvements emerge from creating code for new matrix-
free solvers to the equations systems and from code optimisations for speeding up the calculations

involved, refer to section 1.2.3.

The argument for using matrix-free, high order FEM being finished, we now focus on another
aspect of the interplay between discretisation and performance. In this thesis, a special kind of
discretisation called ‘compatible’ is considered. Compatible FEM provides a way to choose the
discrete function spaces for quantities in coupled PDEs. Application scientists use compatible
FEM because it ensures some numerical properties, e.g. conservation of physical quantities and
stability, see section 1.2.1. The form of compatible FEM considered in this thesis ensures some
continuity for one of the variables and therefore there is some coupling in the degrees of freedom.
In parallel simulations the need for global reductions to calculate norms e.g. introduces a bottle-
neck. The processor communication bottleneck can be damped by using a so called hybridisation
preconditioner [2] which removes some of the global coupling, for more details see section 1.2.2.

The coupling between architectures, discretisations and solving algorithms is one of the main mo-
tivations for code generation frameworks like Firedrake. Depending on the situation the users
of Firedrake find themselves in, the code generation adapts, allowing for performance portability

across application domains and computer architectures.

All components for highly performant, high order, compatible FEM are shown in figure 1.2.
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1.2. PERFORMANCE IMPROVEMENTS

Figure 1.2: Performance pyramid of high order, compatible FEM

1.2.1 Discretisation: Compatible, high order FEM

High accuracy in FEM can be achieved by choosing high order approximation polynomials un-
der certain conditions. High order FEM are advantageous because they exhibit exponential con-
vergence with the polynomial degree [3], and therefore come with a high efficacy. They are also
characterised by a high arithmetic intensity which is favorable on modern computer architectures,
as previously explained. The potential of high order discretisation has been recognised by many
research groups providing computational solutions for FEM, such as Nek5000 [4], Nektar++ [5],
DUNE [6] and deal. II [7], to name just a few.

Another factor influencing the choice of discretisation is the coupling of the variables in the PDE,
for example velocity and pressure in the Navier Stokes equations. For coupled problems, the func-
tion space is chosen as a product space of the spaces for each quantity. Only the right combination
of finite element spaces for the coupled quantities yields high-quality solutions, giving rise to a
whole theory of ‘compatible’ function spaces, see [8], [9] [10], [11], [12], [13], [14] and more, based
on Finite Element Exterior Calculus (FEEC) [15]. Compatible approximations turn out to be a sen-
sible choice due to their excellent stability properties and elimination of spurious modes [11], as
well as an exact conversation of physical quantities [11].

The benefits of compatible FEM have been acknowledged by the UK Met office, for example. The
compatible discretisation from [16] is used in the new dynamical core GungHo [17] for weather
and climate modelling. The software infrastructure allows for high order approximations and
therefore, can benefit from the considerations in this thesis.
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1.2. PERFORMANCE IMPROVEMENTS

1.2.2 Solver: Fully matrix-free hybridisation

One possible application of fully matrix-free hybridisation is a mixed Poisson problem. Mixed
Poisson problems are difficult to solve because, they have saddle-point structure and are indefi-
nite. Schur complement solvers [18] can be used to eliminate one of the variables in the mixed
system so that a system with a symmetric, positive-definite operator is solved instead.

Employing a Schur complement solver straightforwardly on a high order, mixed system would be
problematic, however, since the system is large due to the high approximation degree. Further,
mixed Poisson problems come with another difficulty, namely that the variables in the system are
globally coupled. Some research has gone into approximate Schur complement preconditioners,
e.g. in [19], but we focus on hybridisation. Hybridisation [20], [21] is a solving technique which
reduces the amount of global coupling in a mixed system. This comes with the advantage that ex-
pensive operations like inverting a large, global matrix can be localised and thus, the operation is
executed on a much smaller matrix. The prospect of performance benefits through hybridisation
is also considered by the UK Met office [16].

In a high order FEM, even the local matrices are large and therefore, direct solves and inversions
remain to be expensive operations even if hybridisation is used to localise them. Before my work,
hybridised compatible FEM were only available for lower order approximations in Firedrake [2].
Its bottleneck is the store and load requirement of the operators and an explosion of the assem-
bly cost. Matrix-free methods are ideally suited to resolve this issue. In matrix-free methods,
parametrised operators are assembled many times instead of storing and reusing the original op-
erator. Note that vectors not matrices are assembled in this case. In order to achieve fully matrix-
free hybridisation, neither the global nor the local assembly of operators should be executed for
matrices. Instead, the algorithms need to be transformed so that matrices only ever arise in the
form of matrix-vector products. The products can be turned into the assembly of linear forms,
and the only assembled objects are vector-valued. High order FEM are almost always solved with
matrix-free methods as can be seen in the vast amount of literature on the support of high order
DG in various FEM software packages and on developing suitable matrix-free solvers, e.g. in [22],
[23] and [6] in DUNE, in [24] in Nektar++, in [25], [26] and [7] in deal. II and [27] in CEED. Using
fully matrix-free hybridisation as a solver for compatible FEM is a new contribution.

In order to deliver high performance for fully matrix-free hybridisation, optimisations to speed up
the computations, in particular sum-factorisation and vectorisation, had to be implemented for
Slate in Firedrake beforehand, see section 1.2.3.

15



1.3. CONTRIBUTIONS AND DISSEMINATION

1.2.3 Code optimisations: Vectorisation and sum-factorisation

A performance-critical optimisation on modern architectures is vectorisation which involves cal-
culations in the form of single instruction multiple data (SIMD). In vectorisation, loops over scalar
operations are rewritten to vector operations, such that a single instruction can be executed par-
allelly on multiple data elements.

The global assembly in FEM presents significant opportunities for vectorisation, since the same
local assembly function is applied to every mesh entity. Cross-element vectorisation, where not
the innermost loop but the loop over the elements in the mesh is vectorised, has demonstrated

consistently high performance for the assembly of various FE operator actions in [28] in Firedrake.

Vectorisation is particularly suited for high order FEM which exhibit a high arithmetic intensity
and for matrix-free methods where only vectors are explicitly assembled. This has been recognised
as part of most of the previous literature on matrix-free solvers and high order FEM. For frame-
works like DUNE, automatic code generation for explicitly vectorised FEM is typically a complex
change to the code generation process and so it is introduced separately to the support of high
order and matrix-free methods, e.g. in [29].

In the same literature, it has been widely recognised that sum-factorisation in the local assembly
is crucial for the performance of matrix-free, high order methods. Sum-factorisation lowers the
complexity of the local assembly kernels by rewriting the loop nests and factoring out loop in-
dex independent calculations [30]. This is important for high order FEM where the loop bounds
are large. If the equations systems of the high order discretisations are solved with matrix-free
methods, the local assembly of actions (local matrix-free application) is called many times and

therefore, a low complexity is favorable for high performance.

1.3 Contributions and dissemination

The main contribution of this thesis are performance improvements to compatible, high order
FEM in the form of fully matrix-free, explicitly vectorised methods. The infrastructure supporting
the performance improvements is implemented in Firedrake and involved the following changes
to the code. The code is publicly available as open source software within Firedrake. The con-
tributions are linked to the corresponding open-source pull requests in the appendix in section
A.

16



1.3. CONTRIBUTIONS AND DISSEMINATION

. Two Stage Linear Algebra Compiler (TSSLAC)

The first contribution is an introduction of the new compiler TSSLAC, see section 3.2. The
new compiler is required to ease the automatic code generation for the explicitly vectorised
global assembly of Slate expressions. First, the compiler translates the local linear algebra
language, called Slate, to an Einstein summation language, called GEM. Then, GEM is com-
piled to Loo.py, a language which eases the manipulation of loops, in the second stage. For

more details see chapter 3.

. Slate Vectorisation
For the implementation of efficient vectorisation of Slate expressions the Loo.py package is
used to batch the linear algebra kernels across elements, see section 3.3. The work is based

on the vectorisation published in [28].

. Matrix-free methods in Slate
In order to make fully matrix-free methods available for users of the local linear algebra lan-

guage, Slate, in Firedrake, multiple infrastructural changes had to be constituted.

(a) Optimisations in the Slate compiler had to be introduced. A change of the assembly
strategy of blocks, see section 4.2.1.3, and a reordering of the Slate expression, see sec-

tion 4.2.1.2, were introduced in Firedrake.

(b) Firedrake’s domain specific languages (DSLs) had to be extended to support local pre-
conditioners, see section 4.2.4.

(c) Further extensions and translations of Firedrake’s DSLs to support local actions, see

section 4.2.2, and local matrix-free solvers, see section 4.2.3, have been implemented.

. Nesting of Schur complements in the Hybridisation preconditioner
The hybridisation preconditioner was extended to supported a nesting of Schur comple-

ments, see section 4.1.2.3.

. Local profiling infrastructure
In order to investigate the performance of the local linear algebra kernels, already existing

logging infrastructure in Firedrake has been extended to measure timings of local kernels.

. Performance investigation framework
FE problems with hybridised high order compatible discretisations are expected to be effi-
ciently solved with vectorised matrix-free methods. A framework to investigate the perfor-

mance was introduced as part of chapter 5 and a first set of results is presented.

The complete package of preconditioned, matrix-free, vectorised, compatible, high order FEM

should become a go-to method for a vast amount of engineering problems. The fact that these

methods will be automatically available in Firedrake, embedded in DSLs, does not even leave the

takes-too-long-to-program reason for why high order methods should not become widely used,

also outside of academia.
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1.4. THESIS OUTLINE

The work presented in this thesis has already been communicated at a variety of workshops and

conferences.

* ‘Slate: Code Generation for Local Tensor Algebra Operations’ at Dagstuhl Seminar 20111 -

Tensor Computations: Applications and Optimization, March 2020

* ‘An Introduction to Firedrake” at 2021 Code Performance Series: From analysis to insight,
Performance analysis workshop 2021, January 202

* ‘Generation of SIMD Vectorised Linear Algebra Operations on Finite Element Tensors’ at
SIAM CSE2?1, presenting a poster and a blitz video, March 2021

e ‘Matrix-free, hybridised, compatible, high order finite element methods in Firedrake’ at Fire-
drake 21, presenting a talk

* ‘An automated framework for vectorised, matrix-free, hybridised, compatible, high order fi-
nite element methods’ at SIAM PP 22, presenting a talk in the minisymposium ‘Flexible, per-
formance portable software for PDEs’ (as main organiser)

* ‘Matrix-free, hybridised, compatible, high order finite element methods in Firedrake’ at EC-
COMAS Congress 2021, presenting a talk in the minisymposium ‘Advances in automatic

code-generation software for simulations in Science and Engineering’

1.4 Thesis outline

In the background chapter 2 foundations are laid for the rest of the thesis. In particular, the the-
ory of compatible, high order finite element methods and the resulting equation systems are pre-
sented in section 2.1. Further, hybridisation and Gopalakrishnan-Tan multigrid as solving and
preconditioning techniques to these equation systems are explained in section 2.2. The code opti-
misations for high performance of high order FEM are described thereafter, in section 2.3, as well

as the software framework Firedrake in which the optimisations are implemented, in section 2.4.

The following three chapters present technical contributions of the thesis. Chapter 3 presents the
work on the support of vectorised linear algebra. Existing DSLs in Firedrake and their compilers
are presented in section 3.1 as a precursor to the new compiler in section 3.2. The new compiler
eased the path to vectorisation of Slate kernels, which is explained in section 3.3, and the results
are presented in section 3.4. The focus in the next chapter is set on the support of matrix-free lo-
cal linear algebra, the need for which is motivated in section 4.1. The new code infrastructure is
explained in section 4.2, and its benefits over the previous infrastructure are proven in section 4.3.
The penultimate chapter 5 provides a preliminary evaluation of the performance of a fully matrix-

free, hybridised method for a mixed Poisson problem.

A summary and future work in chapter 6 conclude the thesis.
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Chapter 2
Background

FEM provide a way to solve PDEs numerically. Starting from a PDE in strong form, various mea-
sures have to be taken to find a numerical solution. The strong form has to be converted into
a variational form, see chapter 2.1.1 and a discretisation has to be chosen via a choice of mesh,
see chapter 2.1.2.1, and function spaces, see chapter 2.1.2.2. The corresponding equation systems
are derived by expressing the physical solutions in terms of basis functions, see chapter 2.1.3 and
solvers have to be developed to calculate solutions for them, see chapter 2.2. The generated code
for solving the equations can be optimised by expressing the math in a way which exploits cur-
rent architectures more efficiently or by making use of lower-level performance optimisation, see

chapter 2.3. The preliminaries for each stage of the FEM are presented in this chapter.

Strong PDE Discretisation Solver
Variational Equation
form systems

Figure 2.1: Flow chart of FEM
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2.1. DISCRETISATION OF PDES WITH FINITE ELEMENT METHODS

2.1 Discretisation of PDEs with Finite Element Methods

2.1.1 Variational form

A linear variational (or weak) form seeks a solution u that weakly satisfies the PDE for all test func-

tions v, where af(-,-) is a bilinear form and [(-) is a bounded linear functional.
Find u € V such that a(u, v) =l(v) forall ve V. 2.1

In this thesis, the functions u and v are elements of the same space, typical for Galerkin methods
[31]. Given a strong form of a PDE depending on u, the weak form can be obtained by multiplica-
tion with the the test function v and integration by parts.

Ex. 2.1.1. Poisson equation in variational form
Consider the Poisson equation for some source function f : Q — V on a closed and

bounded domain Q c R with the boundary condition on 0 in strong form.

—Veu= fonQ (2.2)
Vu-n=00noQ (2.3)

Its variational form is given by the following. The boundary integral disappears due to

the choice of the boundary condition.

Find u € V such that f

Vu‘Vvdx:fvfdx YveV (2.4)
Q Q

a(u,v) I(v)

The function spaces used for V throughout the thesis in equation (2.1) are the following.

* The Sobolev space W*? contains p-integrable functions with weak derivatives up to degree
k which have a finite L-norm defined by |1x/l, = (Z;e; 1x:17)"”.

e [2(Q) is the set of square integrable functions on Q:
L2(Q) := {q:Q—»IR%:f Iqlzdx<oo}.
Q

o Wk2 = H*(Q) is a special case of the Sobolev space and contains square-integrable functions
with weak derivatives up to degree k which have a finite L>-norm e.g.:

H'@ = {qe 1%@:Vqe [12 @]}
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2.1. DISCRETISATION OF PDES WITH FINITE ELEMENT METHODS

* H(div) is the space of vector fields with square integrable divergence:

H@div;) = v e [12@)]":V-ve @)}

* H(curl) is the space of vector fields with square integrable curl:
Heeurl,Q):={ve [I2@)]":Vxve [12@)}
Another space worth mentioning is 22,((Q2), the (p + 1)-dimensional space of p-th degree polyno-

mials on Q, and its d-vector valued version denoted by [22,(Q)]*.

2.1.2 Discretisation

2.1.2.1 Domain

In order to discretise the variational problem in equa- ——
tion (2.1), first the domain Q has to be discretised by
subdividing it into cells K. The discretisation of the

domain is henceforth called a grid, mesh or tessela-

tion. A mesh size parameter h has to be chosen as

well as the geometry of the mesh. Let the tessela-
tion be denoted by 9}, := Ugeq K with K; N Kj = 6K;; \e c EIB

| 2
or @.

Only quadrilateral and hexahedral meshes are consid-
Figure 2.2 A quadrilateral, struc-

tured tesselation 93 of a 2D
allow a simpler construction of the function spaces in square domain Q

ered for multiple reasons in this thesis. These meshes

section 2.1.2.2 by exploiting an inherent tensor product

structure. Further down the line, exploiting the tensor product structure in the function space
construction leads to expressions which can be sum-factorised to gain better performance, see
section 2.3.2 for the technical details. Note that quadrilateral and hexahedral meshes are harder

to generate for more geometrically complex geometries, however.

2.1.2.2 Function spaces

In a conforming finite element approximation the function space V is replaced by a discrete, finite
dimensional function space V}, c V, whereas in nonconforming methods V}, ¢ V for example due
to a relaxation of continuity in V},. The discrete variational problem is given by the following.

Find uy, € V, such that a(uy, vy,) = [(vy,) for all vy, € Vj,. (2.5)
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2.1. DISCRETISATION OF PDES WITH FINITE ELEMENT METHODS

The discretisation of the global space V on the tesselation J is formulated per cell in the tesse-
lation. The cellwise discretisation is a finite element (K, V,./"), introduced by Ciarlet in [32], see
definition 2.1.1. The global space V}, is then Vj, :={u € V(J3) : ulx € V(K) VK € J3}. There is a
whole zoo of finite element spaces available coming with different convergence properties suit-
able for a wide range of problems.

Def. 2.1.1. Ciarlet’s finite element
A finite element is a triple (K, V, A4") with:

« abounded closed set K c R% with piecewise smooth boundary 0K;

* afinite dimensional (local) function space V on Kconsisting of real-valued functions

with basis {‘Pj}?zo;

* abasis A = {‘I’l’ f:o = {Ni}fzo for the dual space of V denoted by V’, also called the
set of degrees of freedom (DOFs)

With both local and global function spaces being defined, we focus on the elements in the func-
tion spaces, the functions themselves. The representation of the functions is important for the
construction of the equation systems in (2.1.3) corresponding to the discretised problem. Every
function in the local function space V in definition 2.1.1 can be represented by the basis functions
in . »

u(x) = ZN,-(u)‘I’,-(x) forallxe K,ue V(K),K e Jy, (2.6)
The relation is more complilce?ted for vector elements, see e.g. [33] and other evaluations than

nodal evaluations where N;(¥;) = §;;. Note that V(K) = span({‘lf,-}f.’zo) for each K in the tessela-
tion. Then, the global basis functions y are defined in terms of the local basis functions W for each
element in equation (2.7). In contrast, mapping from the local basis function to the global ones is

more complicated and involves a coordinate change, which is encapsulated in a function which is
called pullback.

V()| =¥F()  forallxeQ,Kedy, 2.7)

For details on the pullback, in particular for compatible FEM, refer to [21]. The global functions in
the space V}, of dimension 7 + 1 are defined with help of equation 2.7.

up(x) = iNf(uf)Wf(X) forallxe Q,u, €V, Ke 9y, (2.8)
i=0
Two finite elements used throughout the thesis are the continuous and the discontinuous La-
grange element on a cube, Q, and DQ,. How to construct the local spaces for those exploiting
the tensor product structure of the cell, as previously mentioned in section 2.1.2.1, is explained in
the example 2.1.2. For an description of the construction of various elements for different geome-
tries and nodes refer to [21].
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2.1. DISCRETISATION OF PDES WITH FINITE ELEMENT METHODS

Ex. 2.1.2. Continuous and discontinuous Lagrange elements on a unit interval, square and cube

Let 9}, be a tessellation of a domain Q with arbitrary dimension, where K € 97, denotes
a cell. In this example the cell is a unit cell K = [0, 119 with d = 1,2,3.

Further, let V(K) be a finite dimensional space built by p-th degree Lagrange polyno-
mials. Since K is defined as a tensor product, the space can be defined as a tensor
product of polynomial spaces on the interval V(K) := ®?:'01 2,(10,1]).

In this example, the set of nodes consists of point evaluations in the form of N;(u) :=
u(x;) fori € {0,...,p} and u € V on a set of points S := {xi}fzo of a cell. Since the cell
in this example has tensor product structure, the set of nodes can be constructed
through a tensor product of function evaluations. Let x; € [0, 1], and let N; be the point
evaluations on x;, then the set of nodesis A4 = {®?;& Ni}. Note that j is a counter for
the dimensions. The set S can be constructed in various ways, refer to the chapter on

quadrature points (and rules) (2.3.1) in [21] or 5.4 in [34].

If the points in S which lie on the boundary of K are shared between cells, the element

(K,V, /) is called a continuous Lagrange element, if not a discontinuous one. Con-

tinuous Lagrange elements are H'-conforming, while discontinous Lagrange elements

are L?-conforming. When discontinuous Lagrange elements are used, the contribution

on facets of neighbouring cell might differ from each other so that there is no global

continuity enforced on the global space Vj,.

Q1 Q2 Q3

DQO DQ1 DQ2
@ o (ONONG]

5} o0 @
e o o0 0@

Figure 2.3: Lowest to next lowest order (left to right), continu-
ous (top) and discontinuous (bottom) Lagrange elements on a
quadrilateral cell. The round point represents a point evalua-
tion. Note the indexing in: DQy is the lowest order discontinu-
ous, and Q; is the lowest order continuous element.
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2.1. DISCRETISATION OF PDES WITH FINITE ELEMENT METHODS

2.1.2.2.1 Compatible FEM For coupled equations, for example a velocity-pressure system like
the Navier Stokes equations, mixed FEM are widely employed. In mixed FEM different FE spaces
are used for the different variables in the system, which serves the purpose to account for different
properties of each quantity. In compatible FEM, which are a subclass of mixed FEM, the differ-
ent spaces are chosen in way that coupling them together results in a discretisation, which fulfills
some wished for numerical properties, in particular stability and convergence [15], [35]. Compat-
ible FEM are also known to to preserve geometric and topological structures [36]. The motivation
for a discretisation with these properties is given in section 1.2.1. How to choose the space for each
quantity, so that that e.g. stability is ensured, has been developed in the theory of finite element
exterior calculus [15]. The key property that the spaces need to fulfil in order to be compatible is
that they need to respect the L?-DeRham complex.

Def, 2.1.2. L?-DeRham complex
Let Q c R? be a bounded domain, V¥ : Q — R4 be Hilbert spaces and d* mappings
which fulfill d¥ o d*~! = 0, then the L2-DeRham complex is defined as follows.

0 1 n-1
-7 L v . T yr —o 2.9)

Here the focus is set on compatible discretisations in 3D, but a more extensive explanation on
compatible discretisations can be found in [21] or in [37].

Ex. 2.1.3. The only [2 complex in R3 is the following [15].
0— H' Q) Y H(curl: Q) 25 H(div:Q) L 12(Q) — 0 2.10)

With help of the L? -DeRham complex, which defines a mapping between the spaces of the conti-

nous problem, a definition of a compatible discretisation can be given.

Def. 2.1.3. Compatible discretisation
Let V}f c V¥ be discretisations and 7* be bounded projections for all k. Choosing a
compatible discretisation means that the following diagram commutes with the chosen

spaces V}f and the corresponding projections from the continuous spaces 7.

17A(9)) @ viQ) 4, 2 VHQ) 2.11)
l]l’o lnl l]‘[” (2.12)
V3 (Q) LN Vi) LA VHQ) (2.13)
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2.1. DISCRETISATION OF PDES WITH FINITE ELEMENT METHODS

Based on the definition in 2.1.3 that the diagram commutes, conditions for the functions in the
discretised spaces can be specified, see for example the conditions for a 3D domain in example
2.1.4.

Ex. 2.1.4. Compatibility in 3D
Let Q, 93 and Vf be defined as in previous sections. Further, let V’? c H!, V}} c H(curl),
V}f c H(div) and Vg c I2. A discretisation based on the finite elements spaces V}f for
k=0,...,3, which is respecting the L?-DeRham complex in three dimensions and is thus
called compatible, is required to satisfy the following.

* VpeV,) VpeV)
N 2 1

VxweV, YweV,
e V-ueV} Vue V7

e The diagram in definition 2.1.3 commutes for the DeRham complex in example
2.1.3

The most famous examples for compatible FEM, including continuous and discontinuous La-
grange, Nedelec [38], Raviart-Thomas [39] and Brezzi-Douglas-Marini [40] on triangular and quadri-
lateral elements, are listed in [41]. A compatible choice of finite elements spaces on hexahedral
cells, which respect the L* complex is 0 — Qg AN NC; N Cﬁ; ¥, DQg-1 — 0. The order of the
element is denoted by g. Note that NC is the finite element space in 3D developed by Nedelec in
[38] as an extension of a Raviart Thomas element in 2D. NC¢ are H(div) elements and NC/ are
H(curl) elements. The compatible FEM which is based on this complex and is used throughout
the thesis is henceforth called the Raviart-Thomas-Discontinuous-Galerkin (RT-DQ).

Ex. 2.1.5. A compatible discretisation for example 2.1.1: RT-DQ in 3D

Let 9} be a tessellation of a domain Q in 3D, where K € 9}, denotes a cell in 97,.

Let the local function space V(K) be the smallest subset of [Py (K13 for which the di-
vergence of the functions in V maps to a function in P, (K) and Q(K) := P, (K). Refer to

[21] for a detailed construction of V for different cells geometries and dimensions.

The nodes in .4 are defined as follows. For all cells let V¢ be the p-varying polynomials
on the facets of the cell, and V' be the p — 1-varying vector valued polynomials on the

interior of the cells. For a mathematical construction of V¢ and V' refer to [21].

J,v-nwds YweV¢e),VeedK

. 2.14
fev-vpdx  YepeVi),VieK/0K,p+1>2 @19

UEV(K):JV(U)::{
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2.1. DISCRETISATION OF PDES WITH FINITE ELEMENT METHODS

The Raviart Thomas element has continuous normal in order to fulfill H(div;Q) v,
L?(Q) as required by the DeRham complex in example 2.1.3, and discontinuous tangen-
tial components whereas the discontinuous Lagrange element is fully discontinuous.

The global, discretised function space is a product space I1;, := V}, x Qp, € H(div) x % and
consists of the space of H(div)-conforming vector polynomials V}, by Raviart-Thomas
and the space of the discontinous polynomials Qy,.

Vipi={ve Hdiv;Q) :vlg e V(K) VK € T} (2.15)
Qn:=1{qe L2(Q): qlg € Q(K) YK € T} (2.16)

A figure of this example in a lower dimension for an easier perception is presented in
figure 2.4. A visualisation for higher dimension can be found for example in [41].

RTC1 RTC2 RTC3
<«
<@

DQO DQ1 DQ2

e @

e @

® oo @
LA o0 @

Figure 2.4: The Raviart-Thomas discontinous Lagrange FE pair on quadri-
lateral elements. Note that we follow the convention that RTC1 is the lowest
order Raviart-Thomas element. !

The picture is extracted from thesis submission ‘A Higher Order Mixed Discontinuous Finite Element Method For
Incompressible Flows’ for fulfillment of the MRes Fluid Dynamics, by Sophia Vorderwuelbecke, submitted September
2019, Imperial College London.
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2.1. DISCRETISATION OF PDES WITH FINITE ELEMENT METHODS

2.1.3 Equation systems in FEM

The equation systems derived from the discretisation of a PDE with FE spaces are built considering
that the FE functions can be represented in terms of their basis functions. Consider equation (2.8),
and furtherletA = (a;j); ;.gandb = (b));es and @i = (u;) ;s for S =1{0,..., n—1}, then the discretised
variational problem from equation (2.5) can be rewritten into a linear equation system.

a(up, vp) = L(vp) (2.17)
n-1
o Y alyjyi)uj=1(yi) (2.18)
=0 ~———~—" S——
aij b;
© Au=b (2.19)

Typically, the operators A and b in the equation system are calculated per cell K in the tesselation
I1- The local contributions are distributed into the global matrix, thereafter. The collecting of the
local contributions in the global operator is called the global assembly, see figure 2.5.

Based on equation (2.7), the local system matrix for each K € 97}, is defined by Afj =ag (\I’f( , ‘I’f ),
where ay is the variational form on K, for all i and j. Building AX is called the local assembly. The
local assembly is mostly treated as a black-box in this thesis. Instead, most of the work focuses on
improving the local linear algebra on the operators provided by the local assembly. Details on the

local linear algebra operations can be found in the introduction to chapter 3.

Figure 2.5: Global assembly with PyOP2 [1]. Local linear algebra operations can be executed on the
local operators M? and b® before the global assembly.
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2.2. SOLVER AND PRECONDITIONERS

2.2 Solver and Preconditioners

In the previous sections, the process to turn a physical problem into an equation system has been
presented. Now, the aim is to provide background on the algorithms which are used to obtain
solutions from those equation systems. Light is shed on the solvers and preconditioners for both
local and global equation systems. The focus is set on methods which are expected to perform well
for the problems emerging from compatible, high order FEM.

2.2.1 Preconditioned Krylov solvers

The equations system arising from FE discretisation can be written in a residual form as F(u, v) =0
with F(u, v) := A(u, v) — b(v), and are potentially nonlinear in u but not in this thesis. The linear
systems can be solved for example with Krylov Subspace Methods (KSPs). Examples of KSPs are
Generalized Minimal Residual (GMRES)[42] and Conjugate Gradient (CG)[43] methods. In KSPs a
solution is found by minimising the residual over an r-th order Krylov subspace .%;.

K, (A,b) :=spanib, Ab,..., A" b}

Krylov subspace methods are almost always only efficient solvers under the provision of a suit-
able preconditioner since operators from PDE discretisations can have a large condition number.
Instead of solving a system F(u, v) = 0 as mentioned above, the solution of an equivalent system
P~1F(u,v) = 0 is sought (with left preconditioning). In preconditioned Krylov subspace methods
a solution to the equivalent system is found by calculating a residual first with rx = b— Axy. In a
next step, the preconditioner calculates Py = r with the residual as a right-hand side, and then
the solution is updated based on that. This is repeated until convergence. More generally, a pre-
conditioner takes one linear system and solves another one with better numerical properties. It

should be stressed that P must be easy to invert, yet approximate A well.

2.2.2 Solver of interest

For reasons covered in chapter 4.1, the equations of interest are based on a mixed Poisson problem.
The system is solved most effectively with multiple solvers and preconditioners nested into each
other, the best solver nesting is visualised in figure 2.6. The preconditioning technique known to
perform well for the problem of interest is hybridisation (section 2.2.3). In the hybridisation pre-
conditioner, a global system defined on the facets of the mesh has to be solved. The conjugate
gradient method, refer to [44], preconditioned by Gopalakrishnan-Tan multigrid (section 2.2.4) is
known for being a good algorithm for that, according to [45]. There are two more solvers nested
into the GTMG, a smoother and a fine level solver. For the former the Chebyshev algorithm, refer
to [44], is employed, whereas for the latter a direct method or geometric multigrid (section 2.2.4)

can be used.
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| Solver for mixed system |
" Hybridisation [G]|
—' Forward elimination [L] |
\—| Schur complement field split [L] |
FSO0: CG + Jacobi [L] |
FS1: CG + Laplacian [L] |

Trace solve [G]

Preconditioned CG [G] |
Golapakrishnan-Tan multigrid [G] |
—| Fine level smoother |
\—| Chebyshev + Jacobi [G] |
\—| Schur complement field split [L] |

FS0: CG + Jacobi [L] |
FS1: CG + Laplacian [L] |

—| Coarse level solver |

—| Backward substitution [L] |

Schur complement field split [L] |
FS0: CG + Jacobi [L] |
FS1: CG + Laplacian [L] |

Figure 2.6: The expected to be best-performing nest of solvers in this thesis is represented in a tree. ‘G’
in square brackets denotes a global solve and ‘L a local solve (the difference between local and global
solve is explained in section 2.2.3). Coloured boxes are components of the parent solver.

The hybridisation preconditioner is represented through linear algebra operations on the local
matrices and involves inverse operations. If a fully matrix-free solving technique (see section 2.3.1
for an introduction) is applied, the local inverses in the hybridisation preconditioner are approxi-
mated. In this thesis, the approximation is calculated with a Conjugate gradient method precon-

ditioned either by Jacobi or a Laplacian (for details refer to chapter 4.1).

2.2.3 Hybridisation

Hybridisation has been proven to be an efficient method to solve systems arising from compatible
discretisations [21]. Hybridisation was first deployed for mixed formulations of second order ellip-
tic PDEs [46], but it can also be used for discontinuous Galerkin methods [47]. [48] gives conditions
for a system to be hybridisable. The main idea of hybridisation is to remove the inter-elemental
coupling in the system matrix by moving the information about the coupling into a separate vari-
able, a Lagrange multiplier. Then, the system matrix becomes block sparse and a local elimina-
tion can be applied. The elimination involves building Schur complements on the blocks of the
hybridised system matrix, and the term ‘local’ in this context signifies that all linear algebra op-
erations involved act on matrices which contain elementwise contributions to the finite element

problem.
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2.2.3.1 Breaking the spaces

The block sparse structure, see for example figure 2.7, is created by breaking the continuity in the
mixed spaces. In figure 2.7a, a mixed system for two variables is displayed where the first variable
U is discretised with a partially continuous space. In the matrix, the partial continuity becomes
apparent by the contributions off the diagonal. After choosing the first variable in a space where
the partial continuity is broken instead, the off-diagonal contributions are not visible anymore,
compare for example the Ay block figure 2.7a and 2.7b. In the hybridised problem, the continuity
of the original problem is still enforced but through a new variable A defined on the traces which

acts as Lagrange multiplier.
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Figure 2.7: Comparison of the mixed system, equation (2.26) (left), to the block sparse hybridised sys-
tem, equation (2.29)-(2.31) (right), of the Poisson equation in example 2.2.1 on a 3 x 3 x 3, hexahedral
mesh discretised with RTCF3 — DQ2
An example of how to break a Raviart-Thomas space of order 2 defined on a two-cell quadrilateral
mesh is visualised in figure 2.8 and the discontinuous space defined on the facets of the mesh for
the Lagrange multiplier is also shown. A complete example of how to transform a PDE in strong
form to a hybridised set of equations is shown in 2.2.1.
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Figure 2.8: An example for breaking a partially continuous space (RTC2) into a fully discontinuous one
(BRTC2), and the trace space (DQT1)
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Ex. 2.2.1. Hybridisation of a mixed Poisson equation

1. Consider a mixed Poisson problem on a unit square Q = [0, 1] x [0, 1] with boundary
00 =0QpuUdQy. LetueUand pe V.

u-Vp=0 on Q (2.20)
Viu=-f on Q (2.21)

P = Po on 0Qp (2.22)
un=g on 0Qy (2.23)

In this example consider the initial values as pp =0 and g = 0.

2. The choice of discretisation is given by a compatible Uy, x V}, ¢ H(div) x L? space with
a tesselation Q2 and cells K.

Up:={we H(div;Qp) :wlg e UK),VK € Qp,w-n=00n 0Q} (2.24)
Vihi={pe L2(Qp) 1Pl e V(K), VK € Qp} (2.25)

The discretised weak mixed form of the Poisson equation is defined in terms of the L?
inner product (-, -) considering the previously defined function spaces.

(uh)w)Qh + (v ‘W, ph)Qh + (v 'uhr(;b)Qh = _(f)(p)Qh V (W»(p) € Uh X Vh (2-26)

3. In order to transform the mixed form into a hybridisable form the continuity in the
space for u has to be broken into intra and inter-elemental contributions Uy, and U ;l’.

Note that &}, denotes the domain solely consisting of facets.

Uh ={we LZ(Qh) WlgeUK),VKeQpw-n=0o0noQ} (2.27)
U/ :={y e L*(6n) 1 Yle € Pr(e),Ww-nle =0, Ve € &y, Ywe Up} (2.28)

The hybridisable mixed Poisson equation is then given by the following. Note that [[]]

denotes the jump across the normal component of vector field on a facet.

w,up)q, + (V-w, pplq, + ([IWl], Ap)aq, e, =0 vwe U, (2.29)
(@, V-up)q, =~-(, fla, YPe V) (2.30)
(([upll, Vaa,naap =0 VyeU,’ (2.31)

The new equation system is visualised in figure 2.7b.
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2.2.3.2 Static condensation

Static condensation is a solving technique where one or more variables of an equation system
are eliminated. The elimination can be expressed in terms of a Schur complement factorisation.

Consider an equation system in the following form.

X ) | Fe

If we apply a block Gaussian eliminate of the unknown X,, the new system to be solved is defined

Aee Aec
ACE ACC

(2.32)

in terms of the Schur factorisation with a Schur complement defined as S, = A¢; — AceAe_e1 Aec.

Solving the new equation system (2.33) can be achieved one variable at a time.

X. ) | F

Here, static condensation is applied to a hybridised system. In a hybridised system the variable

I 0
AceAyl T

I A} Ag

e

2.33
0 [ (2.33)

0 S

which carries the trace contributions exhibits some global coupling. Therefore, it makes sense to
eliminate the other two variables in the system, to solve globally for the trace variable and then
recover the other two variables with help of the trace solution. The advantage of this process is
that the local recovery can be fully expressed on a local level and no global solve is required. A

continuation of example 2.2.1, showing condensation and local recovery, is given in example 2.2.2.
Ex. 2.2.2. Static condensation of a hybridised problem

1. In order to solve the hybridised equations system (2.29) - (2.31) static condensation
has to be applied and a global system for the trace variable A has to be solved. The
linear algebra in equations (2.35) and (2.36) local. Note that index 0 corresponds to

intra-cell velocity interactions, index 1 to pressure interactions and index 2 to trace

velocity interactions.
. K K K
SA=E with8={S"}, o E={E"},q A={A"}req (2.34)
-1
Aly AL Al
St = A5, — (AR AR | " T o (2.35)
K K K
AIO All A12
-1
AL, AN Ff
EX =Ff - (AjA5)| "% “ O 0 ) (2.36)
K K K
AlO All Fl

2. LetU={U"}; o andP={PX},  ,then Uand P can be locally recovered with the
solution of equation (2.34). Further, let Sy; = (Aﬁ - A{(O (A{fo)_l A(Ifl.).

S11PX =FK - AK (AK) ™' FK - 51,AK (2.37)
AR UK =FK — AK PK - AK AK (2.38)
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2.2. SOLVER AND PRECONDITIONERS

The hybridisation process from breaking the continuity, over Schur complement factorisation up
to the local recovery can be encapsulated in a preconditioner [21]. Static condensation can also
be used as a standalone preconditioner for systems which are not hybridised but allow similarly
for a local elimination [2]. Consider the equation system corresponding to the weak formulation
of the hybridised, mixed Poisson problem in equation (2.32) as Ax = b, where matrix A consists of
3 blocks and A;.; denotes the blocks from i to (exclusively) j.

-1 -1
P—l = I _A0:2,0:2A0:2,2 A0:2,0:2 01 I X 0 (2.39)
0 I 0 SE _A2,0:2A5:2,0:2 I
with 8 := —A, ., A 0.2 Ao22 (2.40)

If static condensation is interpreted as an all-at-once system the corresponding preconditioning

operator would be defined as in equation (2.39) and depend on the Schur complement S,.

- -3 = =
i1 T T TS
1 1 | 1 1 1 1 1
1 1 1 1 p - restriction 1 1 1 1
1 1 1 1 1
1 1 : 1 1 o : :[]
1 1 I 1 1 1 1 1
1 1 1 1 1
oo 1 : 1 1 1 : :
IEEvEvENEvEVES 1 (NEVEVEVEVERVEE 1 NEVEVEVEVERE 1 (VEVEVEVEEvREE ]
WS P T T
1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 |
1 1 1 1 1
1 1 1 : 1 : o :E]
1 1 1 1 1 1 1 1
1 1 I 1 p - prolongation 1 1 1 1
11 1 1 1 1 1 1 1
(VEvEvEvEvEvEvEvE 1 1 (VEvEvEvEvEvEvEvE 1 1
- o - o = =
1= 1= = 1= =
FINE LEVEL COARSE LEVEL
—= B —= = o
i1 [ TTTTTTTTR
1 1 1 1 p - restriction O D, O
1 1 1
i v |
1 1 | 1
1 1 | 1
1 1 | 1
o 1 | 1
NEVEVEvEvEvEvEE i | ENEVEEVEvEVEYR 1
= =) = = > O ))
b P
1 1 1 1
1 1 1 1
1 1 1 1
1 1 1 1
1 1 1 1
& : : : : p - prolongation o P o)
1 1
=) = =) B
FINE LEVEL COARSE LEVEL

Figure 2.9: Nested (top) vs non-nested (bottom) p-multigrid on a quadrilateral mesh. In this thesis only
non-nested p-multigrid is considered.
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2.2.4 Gopalakrishnan-Tan multigrid

Multigrid is a well-known solving and preconditioning technique predominantly for elliptic prob-
lems. In multigrid algorithms, problems are efficiently solved on a fine scale by considering the
problem on a grid hierarchy. The solve on the coarsest grid in the hierarchy is cheaper and presents
information about the residual which helps to reduce the error on all length scales on the finer grid.
The selling point of multigrid algorithms is their promise of &' (n) complexity per cycle, where 7 is

the number of unknowns.

Multigrid algorithms can be classified into algebraic and geometric methods. In algebraic multi-
grid, the structure of the system matrix is exploited in order to coarsen the differential operator,
whereas in geometric multigrid the information is coming from a rediscretisation of the spaces.
Algebraic methods require the explicit assembly of matrices, which becomes prohibitively expen-

sive for high order FEM. Therefore, the focus is set on geometric multigrid algorithms here.

Different geometric multigrid algorithms for FEM can be categorised by

* Construction of the coarse operator (see figure 2.9 for an example)

— Nested: The fine space spans the coarse space.
— Non-nested: The coarse space is not a subspace of the fine space.

e Type of refinement
— h-refinement: The mesh is coarsened.
- p-refinement: The space is coarsened by reducing the polynomial degree of the basis

functions.

» Type of cycle: V-cycle, W-cycle or F-cycle, where each cycle specifies a different order of the

multigrid building blocks which are restriction, prolongation and smoothing

Gopalakrishnan-Tan multigrid is a non-nested p-multigrid algorithm developed and extended in
[49]-[51] and applied to the shallow water equations in [45]. In this thesis, it is used to precondition
the iterative solve for the trace system, see e.g. equation (2.34) in the hybridisation preconditioner
as explained in chapter 2.2.3. The coarse problem is constructed on a different space than the
problem on the fine level. The DOFs defined on the trace space, (the space on the facets of the
mesh) on the fine level are moved to a coarser level by using a low order space which is defined on
the cells of the mesh. This is visualised in the figure 2.9. The advantage of non-nested multigrid
here is that solvers can be used which are already known to be performing well on the coarse space
problem. The alternative approach is to coarsen the trace space as presented in [52], [53], but this
has the disadvantage of only being scalable with the mesh size under imposing some assumptions

like enough smoothness [53].
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The details of the solving procedure of a non-nested p-multigrid algorithm for FEM are explained
in the following. In order to move the residuals and solutions between the finer and coarser levels,
restriction and prolongation operators are required. In the multigrid algorithm, the fine residual is
restricted to a coarse residual to which the coarse solver is applied. The coarse solver produces a
coarse solution which is prolonged to a fine solution. On top of that, a smoother which removes
the high-frequency error at every level has to be defined.

In our application the smoother is a Chebyshev solver with Jacobi preconditioning. For an expla-
nation of the Chebyshev acceleration refer to [44]. The prolongation and restriction operation are
defined in [49].

2.3 Code optimisations

2.3.1 Matrix-free methods and Actions

Krylov subspace methods involve solely matrix-vector operations and an assembly of the matrix
and vector separately is not strictly required. Matrix-vector products can be replaced by an assem-

bly of a parametrised variational form (Action).

Def. 2.3.1. An Action
An action is an operator, which is applied on a variational form of rank »n and a coeffi-
cient, and results in a form of rank 7 — 1. The reduction in rank stems from replacing
one of the arguments of the original form with the coefficient. The input form must

take at least one argument.

The reason why it is possible to replace the multiplications with Actions is the bilinearity of the
variational forms. If the solvers are applied on local operators as introduced in this thesis, an
action on a local level is required. Therefore, let a local matrix-vector multiplication A - & be con-
sidered, where u(x) = Z?:o u¥(x). The basis functions ¥ are local basis functions, therefore we
call the operation in equation (2.41) a ‘local’ action.

A-a= ia(\l’j,\lfi)ﬁ:a(iﬁ‘l’j(x),\l’i):a(u,\I’i) (2.41)
j=0 i=0
If the linear solver is preconditioned, the whole system is sought to be solved in matrix-free man-
ner, so the preconditioner has to have the potential to be matrix-free as well. One possible choice
of a matrix-free preconditioner is geometric multigrid. In this thesis, the Gopalakrishnan-Tan
multigrid introduced in section 2.2.4, a geometric non-nested p-multigrid algorithm, is consid-
ered on the trace system of the hybridisation preconditioner presented in section 2.2.3. The most
expensive operation in geometric multigrid is the smoothing operation. Therefore, in particular,

the smoother should be considered in a matrix-free form.
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Matrix-free methods trade the cost of load/store operations of the operators against the computa-
tion of matrix-vector products on the fly. No matrices are saved in matrix-free methods, and the
actions (the matrix-free equivalent of a matrix-vector product) need to be recalculated whenever
either operator in the product changes. Therefore, matrix-free methods need more FLOPS and en-
suring a faster assembly of a 1-form than storing and reusing the result of a matrix-vector product
is crucial. For higher-order FEM, this is possible, if sum-factorisation of the elements is supported,
see the following chapter 2.3.2. The cost of matrix-free methods utilising sum-factorisation results
in a complexity decrease, in particular, the cost of matrix-vector multiplication @ (p*?) reduces to
the cost @(p?*!) for the matrix-free, sum-factorised Action. p is the polynomial order and d is the

dimension.

Matrix-free methods are particularly interesting in parallel in combination with explicit vectorisa-
tion for discretisations since only vector operations are needed, see chapter 2.3.3.

2.3.2 Sum factorisation

The idea of sum factorisation has been introduced in [54]. Its core idea is to exploit that FEM on
quadrilateral and hexahedral geometries have the special property that the elements can be build
through tensor products. This is exploited when building the operators for the variational problem
by factorising expressions into products of smaller matrices. A very well-explained example has
been published in section 3.2 of [30]. For simplicial elements, sum-factorisation is more compli-
cated than for quadrilateral and hexahedral cells, because the higher order basis functions cannot
be simply decomposed into one-dimensional basis functions.

Sum factorisation is advantageous since it decreases the computational complexity of the assem-
bly by a substantial amount. Note that while in matrix-free methods only linear forms have to be
assembled, the decrease in complexity e.g. for the local assembly of a linear form on a hexahe-
dral cell still decreases from @ (p®) to @(p*) from a naive to sum-factorised approach [55]. p is the

polynomial order.

2.3.3 Vectorisation of FE assembly

Many modern computer architectures can execute Single Instructions on Multiple Data (SIMD),
e.g. graphic processor units (GPUs), vector processors or central processor units (CPUs) with vec-
tor extensions. One parallelisation technique that exploits the benefits of this type of architecture
is vectorisation. Instead of looping over scalar operations the instructions are executed on vectors
of data.
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A main limitation for vectorisation of FE assembly is that the local kernels, in particular of low or-
der methods, do not act on large amounts of data. For vectorisation, the data array dimension, i.e.
the loop trip, should match the vector lane width of the architecture. The data in single low order
FE assembly kernels are smaller than the vector lane extent, however. One approach to overcome
this limitation is to use data alignment and padding. This has turned out to lead to inconsistent
performance results across different problems [56]. The second approach is to batch the kernel
applied to different elements into groups and then parallelly execute the local assembly for the
batches. The batching of kernels can be achieved through rewriting the loops in the kernels. Auto-
vectorisation algorithms usually fail to vectorise over the element loop because it is not innermost
[28].

Thankfully, automatic code generation is a way out of redesigning the generated program and its
loops for each hardware design on its own over and over again. The loop transformation soft-
ware package Loo.py supplies techniques for a compile-time reordering of operations and depen-
dency analysis for various architectures automatically, where the frontend developer is in control

of hardware-specific information [57].

In this thesis, a particular interest lies in the vectorisation of local linear algebra operations. A

visualisation of how the kernels are vectorised and further details can be found in section 3.3.

2.4 The software framework Firedrake

Firedrake is a tool for translating PDEs, discretised with FEM, into equation systems and automat-
ically solving them with help of the Portable, Extensible Toolkit for Scientific computation (PETSc)
(58], [59]. The translation is based on the concept of automatic code generation and the layering of
DSLs. While the main code base is written in Python, the code is lowered into C in the translation

process, which is beneficial for performance.

A deep understanding of the translation chain in Firedrake is necessary, because of the involved
nature of the performance improvements presented in this thesis. For a visual presentation of
Firedrake’s infrastructure see figure 2.10. Firedrake is well suited for the performance improve-
ments introduced in this thesis since many of the building blocks which are needed for them are
readily available. In particular, the support of the required compatible FE spaces, the hybridisa-
tion preconditioner, the Gopalakrishnan-Tan preconditioner, tensor product elements and sum-
factorisation, and vectorisation for expressions which do not involve local linear algebra opera-
tions, were implemented by former students. The mathematical and computer scientific argu-
ments for the expected performance improvements are generic, however, and all ideas can theo-

retically be integrated with other Finite element software packages.
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TSFC & Slate compiler
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Figure 2.10: Components of Firedrake and their interaction with PyOP2, dolfin-adjoint and PETSc

In Firedrake, in the first layer of abstraction, the user formulates a PDE in ‘FEM language’ repre-
sented by the Unified Form Language (UFL) [60]. Sometimes the user wants to introduce com-
plicated local linear algebra operations on top of their problem definition. This can be useful for
example to precondition the equation systems in order to reduce some resources (e.g. time) for
solving them. The operators and operations to specify the linear algebra on top of the UFL lan-
guage are provided by the System for Linear Algebra on Tensor Expressions (Slate) [61]. In this
thesis Slate is used to express the hybridisation preconditioner which was introduced in section
2.2.3.

The interface underneath the first layer of abstraction, which is usually not accessed by Firedrake
users, lowers some of the FEM specific structures of the problems defined in UFL/Slate. The
interface consists of the Two-stage Form Compiler (TSFC) [55] for UFL and the Slate Compiler
(Slac)[61]. The compilers provide translations of the frontend problem (FE variational forms and
linear algebra operations) into local kernels. From a computer science point of view, the term ‘lo-
cal kernels’ in Firedrake refers to C functions which are executed on one part of the problem. From
a mathematical point of view, the local kernels are responsible for the calculations which fill sub-
equation systems with local contributions (local assembly), see section 2.1.3. The local (assembly)
kernels help to approximate the solutions on a single element of the mesh. This layer is the one

which is discussed the most throughout the thesis.
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In the penultimate layer, for translation of the domain specifications, the local kernels of the pre-
vious interface are fed into a High-level Framework for Performance-portable Simulations on Un-
structured Meshes (PyOP2) [62]. PyOP2 executes the kernels in parallel over data stored on a mesh,
gathering the local contributions of each element of the domain in a big system. This is called
global assembly, refer to section 2.1.3. Once the operators and coefficients are globally assem-
bled, the final equation systems are passed to PETSc, which solves the systems and returns the

approximate solution.
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Chapter 3

An automated framework for vectorised

linear algebra on Finite element tensors

One of the key benefits of Firedrake is that it allows expressing the problem at a high abstrac-
tion level and is therefore highly flexible. All of Firedrake’s components are developed under two
over-arching goals besides the flexibility at top-level. The first goal is to achieve greater portability
for solving FE problems across computer platforms. The second is solving the FE problems in a
highly performant manner. In this chapter, a new component is introduced to Firedrake, a com-
piler which translates one of Firedrake’s DSLs Slate (see chapter 3.1.1) to Loo.py (see chapter 3.1.3)
with an intermediate representation, the Tensor Algebra Language (GEM) (see chapter 3.1.2). Sim-
ilar to other components in Firedrake, the new compiler is necessary to improve performance and

performance portability.

In the development of one of the earliest components of Firedrake, greater performance ability
was achieved by replacing the DOLFIN interface for finite element global assembly in FEniCS with
PyOP2 [62]. PyOP2 could not only generate code for CPU, but also for GPU architectures for the
first time. Unfortunately, the global assembly strategy on GPUs did not provide reliable perfor-
mance due to a lack of support of assembling PETSc matrices on GPUs. Therefore, calculations
on GPUs were only available in limited form. This is changing now for multiple reasons, so that
a broader support on GPUs can be reintroduced again. 1) Only vectors are globally assembled in
matrix-free methods. Furthermore, matrix-free preconditioners are now supported in Firedrake
as well. 2) Support for matrix assembly on GPUs has recently been added to PETSc. 3) The Loo.py
language supports code generation on various platforms, including GPUs. The first reason for the
introduction of a new compiler, which translates Slate to Loo.py, is that it flattens the path to GPU
support for solving finite element problems with preconditioners based on local linear algebra op-
erations. The actual code generation for GPUs is beyond scope in this thesis, however.
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PyOP2 achieved the second arching goal, high performance, by using MPI-parallelism. Further
optimisations on the local kernels in Firedrake have been achieved through a Compiler For Fast
Expression Evaluation (COFFEE) [56] and TSFC [55]. In code generation software, the potential of
code optimisations lies in the information inherent to the problem, which general purpose com-
pilers, e.g. the Intel compiler, are incapable of exploiting. Exploiting more information at an earlier

stage in the compiler pipeline can help to do smarter code synthesis.

One of the code optimisations introduced in COFFEE was code vectorisation. The code vectori-
sation of the local kernels was achieved via padding and data alignment [56]. This turned out to
not to deliver robust performance. Structure exploitation at a higher level, in form of batching
the loops over multiple elements in the iteration set of the PyOP2 kernels, delivers more consis-
tent performance results, which was proven in [28]. Henceforth, this kind of vectorisation is called
cross-element vectorisation. The loop transformation DSL Loo.py [57] delivers an automated way
to perform the required code transformations for the batching. This is the main reason for the
introduction of a new compiler, which translates Slate to Loo.py. The new compiler uses the inter-
mediate tensor language GEM such that existing compiler technology in TSFC can be reused for
the code generation of the Slate kernels.

3.1 The DSLs Slate, GEM and loo.py and their compilers

3.1.1 Slate and Slac

Slate [2] is a DSL which allows its users to define local dense linear algebra operations on ten-
sors assembled from local Finite element forms. The language allows an easy expression of local
preconditioners. In the Firedrake framework, Slate is for example used for static condensation
and hybridisation, see section 2.2.3. It is important to understand that the Slate tensors are built
through local assembly, see section 2.1.3, of the variational forms. All linear algebra operations on
the tensors are therefore local too.

Slate’s implementation builds on top of UFL (and TSFC) on the highest level of abstraction of Fire-
drake. Its original compiler, Slac, accesses TSFC technology to fill the local tensors with data, but
has its own translation to transform Slate operations into code. In particular, Slac translates Slate
into constructs from the Eigen package [63]. Eigen provides C++ linear algebra functions opti-
mised for small dense tensors. The contributions of the local algebra operations are assembled
into the global matrix by PyOP2, similar to the TSFC kernels.
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Unary Binary

Inversion: ;! (Inverse) Addition: T+ T, (Add)
Transposition: TlT (Transpose) Multiplication: T;-Toand T;-C  (Mul)
Negation: -Th (Negative) Solving: Ti\C (Solve)
Indexing: T lip, i1] (Block)

Table 3.1: Original unary and binary operators in the Slate language. The names of the Slate nodes are
specified in brackets.

Let V(F) be a vector space on the field F, then the variational forms describing a FE problem, are
k-linear maps fi : Qi Vi (F) — F. At the Slate level in the Firedrake pipeline, a tesselation 97, with
cells K € 9, has been chosen, as well as a discretisation V}, for the vector space V(K), see chapter
2.1.2. While tensors are generally basis-independent objects, here the tensors in Slate are more
specifically speaking multidimensional arrays, since a basis has been chosen.

Denote each tensor belonging to one FE problem by T; = Ty, ; = @ Vi, — W and each coefficient
in V}, by C;. Let the set of m; tensors and m; coefficients be T = {Ty, ..., T)n,-1, Co, ..., Cm,-1}. The
tensors can be scalar, vectors or matrices depending on the forms. In Slate, the terminal tensor
nodes are named Tensor , the coefficient nodes are named AssembledVector . The original set
of tensor operations in Slate is F = {+,\, 1T _1and the operations can be classified into being

unary and binary, see table 3.1. For a detailed description of the Slate language refer to [2].

Slate expressions built from T and F are internally represented as directed acyclic trees (DAGs). In

the DAGs of Slate expressions Tensor and the AssembledVector are always the leaf nodes.

Ex. 3.1.1. ADAG for the Slate expression T} - T5 - T3 - C
Let T1, T, T3, C € T, where T; are tensors and C a coefficient in V},. Consider a variational
form as presented in example 2.1.1 on a local level. A corresponding tensor to this local
form would be defined as T; = Tensor(a) . The corresponding DAG to a Slate expres-
sion Mul(T;, Mul(T», Mul(T3, C)) isvisualised in figure 3.1.

T1 * Tg ° T3 ° C

Figure 3.1: A Slate DAG. Red boxes with continous lines represent matrix-valued temporaries, blue
boxes with dashed lines represent vector-valued temporaries. Values in boxes show shape information.
Shape compatabilities are checked internally in the Slate compiler.
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One of the key feature of Slate is that the language allows one to execute expensive operations like
inverting a tensor or solving a system similar to T7x = C; on a local level, where T; is a matrix
and C; a coefficient. These linear algebra operations are more complex than others and need
special attention by the compiler, which is explained section 3.2. There is another part of the Slate
infrastructure, the Block node, which is used to index into tensors and has a more involved code
generation. Its complexity becomes apparent in its translation to lower levels in the pipeline and
in its optimisations. I developed a new optimisation pass for Slate expressions involving blocks as

pointed out in a later chapter, see section 4.2.1.3.

3.1.2 TSFC, GEM and Impero

In its early years Firedrake used a modified version of FEniCS Form Compiler (FFC) [64] in order to
lower the FE weak form, as defined by the user in UFL, to local assembly kernels written in C. The
UFL forms were directly translated into the Unified form-assembly code (UFC) [65], lacking an
intermediate representation. This was changed with an introduction of the tensor notation inter-
mediate language GEM as part of the new Two Stage Form Compiler (TSFC) [55]. The intermediate
language comes with the advantage that code optimisations can be employed at an earlier stage,
where FE specific information has not yet been lost. Employing code optimisations earlier means
that they can be applied at a higher abstraction level. This is key for the success of Firedrake.

With TSFC, a UFL form is translated into the tensor notation language GEM first. Then, GEM is
translated into Impero, which is a language in “an abstract syntax tree format that helps the gener-
ation of imperative code” [55]. In contrast to GEM, Impero is scheduled. Impero enforces a partial
loop ordering. Impero is further translated to C (via Loo.py). GEM is based on a similar tensor no-
tation language as is employed in FEniCS, but with less constraints on the free indices. The code
optimisations in the first development phase of TSFC were inlining, loop hoisting, loop fusion,
topological ordering with an adapted Kahn algorithm, constant folding of zero tensors, fast Jaco-
bian evaluation for affine cells, unrolling short index sums and some of the optimisations provided
by COFFEE [55].

After Firedrake’s expansion with a smarter library for finite elements, called Finite Element not Au-
tomated Tabulator (FInAT) [30], a new set of optimisations could be provided through TSFC. While
the basis functions in the former library of finite elements, called Finite Element Automated Tab-
ulator (FIAT), are tabulations, structure is exploited to avoid the tabulations in FInAT. FInAT con-
structs structure-preserving representations of finite elements on tensor product cells, and some
vector- and tensor-valued finite elements. The kernels built on tensor-product cells are optimised
through sum factorisation and delta cancellation [55]. These optimisations are particularly useful
for high-order matrix-free methods, see chapter 2.3.1. Sum-factorisation and delta cancellation

are implemented as transformations of tensor expressions in the GEM language.
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GEM [55] is a language, which allows tensors to be represented in Einstein notation. Einstein no-
tation provides a natural way of expressing tensor contractions. GEM comes into play at a stage
in Firedrake, where the continuous variational problem has been turned into a discrete problem
and finite element specific and geometric information have already been lowered into purely al-
gebraic expressions. An example for a contraction at GEM level would be }_ ;b[j] c[j] where b and
c are vector-valued. In Einstein notation that contraction is written as bjc;. In this notation, sum-

mation is implicitly assumed over indices which occur twice in the same product.

In GEM, a shape characterises the dimensions of a tensor, whereas so called free indices are un-
rolled shapes. The free indices may refer to several entries in the tensor depending on their extent.
The terminal nodes in GEM are Literal and Variable, where Literal is scalar-valued and
reserved for constant nodes. Variable is a placeholder for something that has a shape. Another
terminal node is Index . A table of the original GEM operations which are relevant in the context
of the thesis are specified in table 9.1.

Operations on shaped objects Operations on scalars
Indexing: Tli] ( Indexed) Addition: ti+t (Sum)
T [slice] (FlexiblyIndexed) Multiplication: #; -t (Product)
Einstein Y.if,; (IndexSum)
sum:
Pull-up: 1ty: ( ComponentTensor )

Table 3.2: Operations in the GEM language. Capital symbols denote objects with shape, lower-case
symbols denote scalars. The names of the nodes in GEM are specified in brackets.

Slate and GEM both represent terminal tensors as a node A. Terminal nodes do not have children,
they either carry data or are placeholders which are filled with data later. In Slate the node is called
a Tensor and in GEM itisa Variable . At which level the operations on the tensors are applied
differs between the languages, however. While Slate operates on the whole tensor, GEM opera-
tions access the tensor entry by entry. In GEM, operations on the shape objects always need to be
represented with an operation which turns a scalar expression into a shaped object considering
the free indices, which I call a pull-up. Mathematically this operation is represented by | A;; [l.j,
where A is the scalar object, the free indices are i, j and the result of the operations is a shaped ob-
ject. A matrix addition would e.g. be expressed as | A;j + B [l.j. The corresponding GEM expres-
sionwould be ComponentTensor (expression;, multiindex) with expression; =Add(a,b)) .
Here, a and b are indexed tensors. The nodes a and b in the example are indexed expressions de-
fined as Indexed(A, multiindex), and Indexed(B, multiindex) , where A and B are of type

Variable.
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Indexing is the opposite operation to ‘pulling up’ tensors. In GEM indexing tensors is represented
through Indexed(expression,, multiindex) . The node expression, must have a shape , but
expression; does not. Structurally, the main difference between the index notation in UFL and
GEM is a loosening of the constraints on the free indices so more optimisations are possible.

3.1.3 Loo.py and pymbolic

Loo.py is a code generator for CPU- and GPU-type shared memory systems, which is embedded
in Python and based on the polyhedral model [57]. Loo.py makes it possible to invoke transfor-
mations needed for additional optimisations like loop tiling at a high level of abstraction. Sets
and relations for the polyhedra are expressed via the ISL library [66]. Loo.py is designed with a
strong separation of concerns, similar to Firedrake, between loop polyhedra plus partially ordered
instructions and the transformations on them. An example of Loo.py kernels are shown later in
section 3.2.3.

The main problem with the vectorisation in Firedrake as it was realised in COFFEE was perfor-
mance inconsistency across different problems due to missed opportunities to vectorise. In COF-
FEE, vectorisation is implemented with data padding to match inner loop trips with the length
of the vector unit. Modern SIMD architectures tend to have wide SIMD units, where the cost of
data padding may exceed its benefit [28]. Moreover, hoisted loops as they typically arise from sum
factorisation in TSFC are non-perfect loop nests, which are difficult to vectorise with data padding
[28].

Better performance can be achieved by vectorising over the outer loop, the loop over the elements
of the mesh. Then, local kernels can be batched into groups, where the total length matches the
SIMD unit length and each element kernel is calculated on its own vector lane. The DSL Loo.py
provides an automation of sequences of transformations based on the polyhedral compiler model,
which are needed to achieve vectorisation for batched kernels. The transformations required are
explained in section 3.3. For the vectorisation of FE kernels coming from UFL formulation, loop
fusion of outer and inner kernel, such that the global kernel contains all the information it needs
for inter-element vectorisation, is achieved in [28]. Vectorisation itself is employed with Loo.py
via pragmas and vector extensions. Performance results for cross-element vectorisation indicated

more consistently the efficacy of vectorisation [28].

In [28] FE problems without local linear algebra operations are vectorised when possible, but it
required a translation to Loo.py in TSFC and PyOP2 before further translation to C. Slate as de-
veloped in [61] had not been ported to translate to Loo.py before the work in this thesis, which

prohibited its vectorisation.
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3.1.3.1 Loo.py kernels

The main features describing a kernel in Loo.py are given in the following. For a more extensive

description visit the Loo.py documentation [67]. An example of how these transformations can be

used for high order FEM is given in [68].

1.

The name of the kernel is user-defined.

. Iteration domains are described by loop variables, which are called inames, and loop bounds

are enforced through constraints in ISL syntax. Inames can be tagged for example such that

the loop is unrolled.

. Instructions have to be scalar or subscripted array assignments. They are mainly charac-

terised by an ID, the expression, dependencies to other instructions and on inames. The
expression can be a call to a function ( CallInstruction ), an Assignment or an instruc-
tion expressed in C (CInstruction). Loo.py expressions are wrappers of pymbolic [69]

expressions.

The arguments are input parameters of the kernels. They are mostly defined via name,
shape and type, but also allow to control physical storage layout via dim_tags and address

space keywords.

Temporary variables are similar to the kernel arguments, but correspond to private and

local address spaces of the kernel.

3.1.3.2 Loo.py transformations

Loo.py introduces the transformation on the polyhedral data model by using Python pragma-like

constructs for example via tags on data objects.

1.

Splitting of inames: for example for loop tiling

. Tagging iname implementations: for example for loop unrolling, instruction-level paral-

lelism, vectorisation

. Data layout transformations: for example for data padding

. Prefetching of substitution rules: treating storage for parallelism
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3.2 TSSLAC: A Two Stage Slate compiler

Here, I introduce a new Slate compiler, the Two Stage Linear Algebra Compiler (TSSLAC), which
replaces the previous compiler, Slac. Originally, the compiler Slac generated C++ code with help
of Eigen. The flaws of Slac are a) that it produces kernels which cannot be vectorised with existing
Firedrake technologies and b) the Slate kernels are not optimised in any way. In order to over-
come Slac’s flaws I have written the compiler TSSLAC, which translates Slate into Loo.py with an
intermediate step over GEM. Therefore, TSSLAC exploits more domain induced structure in code

optimisations and introduces more efficient/performance portable vectorisation.

COMPONENTS LANGUAGES

l User ‘
s
(Tensor Algebra) (FEM Tensor)
A = Tensor (dot(u, w)*dx + p*div(w)*dx + r*dot(w, n)*dS
+ div(u)*g*dx + p*g*dx + r*s*ds)
Two-Stage Two-Stage L .
Slate Compiler Form Compiler GEM (Local tensors in index notation)

Loo.py (Local tensor
as loops)

PyOP2 Interface

C-Code

(Vectorised global
tensors)

C compiler |

Figure 3.2: Firedrake compiler stages with TSSLAC

The new Slate compilation, like the form compilation with TSFC, can be seperated into two stages.
The first stage is a translation of the Slate expressions into GEM expression, the second stage is a
translation from GEM to Loo.py. After these two stages the Slate expression kernel and the local
assembly kernels, generated by TSFC, have to be connected to each other, and further passed to
PyOP2. A summary of the algorithm is presented in figure 1. The input parameters to the Slate
compilation are a Slate expression and compiler parameters which for example determine if the
expression should be optimised or not. The critical translations from Slate to GEM and GEM to
loopy are explained in section 3.2.1 and 3.2.2. Additional optimisations on Slate expressions are

explained in a later chapter as part of the new local matrix-free infrastructure, see section 4.2.1.
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Algorithm 1: Slate compilation

Data: Slate expression, compiler parameters
Result: PyOP2 local kernel
1 if "optimise" in compiler parameters then
push blocks inside the Slate expression;

2

3 push diagonals inside the Slate expression;

4 push multiplications inside the Slate expression;
5

remove double transposes;

6 translate Slate expression to GEM expression;

7 translate GEM expression to imperoC;

8 translate ImperoC to Loo.py kernel;

9 merge Slate expression kernels and local assembly Loo.py kernels;
10 register LAPACK inverse and solve Callables;

11 embedd merged Loo.py kernel into PyOP2 local kernel;

3.2.1 Stage 1: Slate to GEM

In the first critical stage, Slate is translated into GEM. Translating to GEM allows a reutilisation of
compiler optimisations from TSFC e.g. constant folding for scalars, hoisting of the evaluation of
all cellwise constant subexpressions out of the quadrature loop, fast Jacobian evaluation for affine
cells, delta cancellation, sum factorisation and loop unrolling [55]. All linear algebra operations in
Slate and their translations to GEM are presented in table 9.1

All simple linear algebra operations in the Slate language could be translated into already exist-
ing GEM nodes. For the slightly more involved linear algebra operations I introduced Inverse

and Solve nodesin GEM, which are like Variable just placeholders for something which has a
shape, but need special treatment further down in the compiler stack when GEM is translated to

Loo.py.

Alist of translations from Slate operations into GEM constructs is given in the following. Let A and
B denote matrices and b a vector induced by a bilinear form a and a coefficient f. The terminal
tensors of Slate are translated into placeholder variables. Slate’s Inverse and Solve nodes are
replaced by their GEM counterparts. A Slate multiplication translates into a tensor contraction

using IndexSum.
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Transposes are built with a ComponentTensor with exchanged indices. Negations are constructed
with a ComponentTensor over —1 literals and a multiplication. Parts of mixed systems can be ac-
cessed via Blocks, each single block corresponding to different subspaces. The Blocks opera-
tion is translated to GEM with help of a ComponentTensor overa FlexiblyIndexed node. The
slices to the FlexiblyIndexed node contain information about where in the matrix the block is

and what its dimensions are.

The tensors are filled with data through local assembly kernels generated by TSFC. At this stage in
the code generation, the GEM expression DAG for the linear algebra operations is standalone, us-
ing placeholders for the tensors. The GEM expression tree for the tensors is generated separately.
Both GEM expressions are separately translated into Loo.py, see section 3.2.2 and the TSFC assem-

bly call is merged into the Slate kernel afterwards.

Slate nodes GEM translations of Slate nodes

Tensor (a) Variable(name, shape)

AssembledVector (f)

Inverse(A) Inverse(A)

Solve(A) Solve(A)

Transpose (A) ComponentTensor (Indexed(A, indices), tuple(indices[::-1]))
Negative(A) ComponentTensor (Product (Literal(-1),

Indexed(A, indices)), indices)

Add (A, B) ComponentTensor (Sum(Indexed (A, indices),

Indexed (B, indices)),indices)

Mul(A, B) ComponentTensor (IndexSum(Product (Indexed (A, tuple(i + [k])),
Indexed (B, tuple([k] + j))), (k, )), tuple(i + j))

A .blocks [number] view(A, *slices)

Table 3.3: Translations from Slate to GEM. Capital A, B denote tensors, lower-case a a variational form.
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-

class INVCallable (LACallable):
def generate_preambles(self, target):
assert isinstance (target, loopy.CTarget)

inverse_preamble =
#define Inverse_HPP
#define BUF_SIZE 30
static PetscBLASInt ipiv_buffer [BUF_SIZE];
static PetscScalar work_buffer [BUF_SIZEx*BUF_SIZE];

/* C inverse function x*/
static void inverse(PetscScalar* __restrict__ Aout, \
const PetscScalarx restrict__ A, \

const PetscBLASInt N){

/* Declarations */

/* malloc is only used when matrices becomes too big */
PetscBLASInt info;

PetscBLASInt *ipiv = (N <= BUF_SIZE 7?7 ipiv_buffer : \
malloc(N*sizeof (xipiv)));

(N <= BUF_SIZE ? work_buffer : \
malloc(N*N*sizeof (xAwork))) ;

memcpy (Aout ,A,N*xN*xsizeof (PetscScalar));

PetscScalar *Awork

/* Factorisation */
LAPACKgetrf_ (&N ,&N,Aout ,&N,ipiv ,&info);

/* Inverse */
if (info == 0){
LAPACKgetri_ (&N, Aout ,&N,ipiv,Awork ,&N,&info) ;}

/* Don’t fail silent x*/

if (info != 0){
fprintf (stderr ,\"Getri throws nonzero info.\");
abort () ;%}

if (N > BUF_SIZE) {
free (Awork) ;
free(ipiv);}
}

nnnn

yield ("inverse", \
"#include <petscsys.h>\n#include <petscblaslapack.h>\n" + \
inverse_preamble)

Figure 3.3: A Loo.py inverse callable, which is a holder of C code that has callbacks to LAPACK functions.
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3.2.2 Stage 2: GEM to Loo.py

The translation from GEM to Loo.py is handled by already existing TSFC technology besides for
the inverse and solve nodes. First, ImperoC [34] code is generated from GEM via TSFC, which sub-
stantiates loop structures and enforces a partial ordering on assignments. I reuse already existing
TSFC functionality for the generation from Impero to Loo.py. The infrastructure was introduced
for an experimental vectorisation study with Loo.py in [28].

The new inverse and solve GEM nodes are translated to calls to external LAPACK function calls [70]
in the locally matrix-explicit case. The translations for the locally matrix-free cases are covered in
chapter 4. LAPACK uses Basic Linear Algebra Subprograms (BLAS) to perform matrix-vector op-
erations needed for the inverse and solve calculations. In figure 3.3, an example is given for the
Callable of an inverse. Previously, ComponentTensors could always be eliminated through
TSFC optimisations. For the Inverse and Solve nodes, this is not the case, such that a Loo.py trans-
lation for the ComponentTensor in GEM had to be provided as well.

3.2.3 Example of a Loo.py Slate kernel

Consider the example of a hybridised mixed Poisson problem, see example 2.2.1. The system can
be solved with static condensation as explained in section 2.2.3.2. Consider the last expression in
the static condensation procedure, equation (2.38), which represents the local recovery of one of
the variables. The expression of interest is A(Ifo UK = Fé< — A§1 pK— AgZAK . Translated into the Slate
language the expression is A[0, 0].solve(F[0] — A[O, 1] - AssembledVector(p) — A[0,2] - lambda) ,
where A is a Tensor on the left hand side of the hybridised form of the equations in example

2.2.1, and F the right hand side. The corresponding Loo.py kernels are shown in figure 3.4 and 3.5.

3.3 Vectorisation of Slate kernels

Vectorisation is a parallelism technique where one instruction processes multiple data elements
simultaneously. Modern computer architectures make this possible through vector registers which
can fit more than one double. The vectorisation of Slate kernels helps to achieve a higher amount
of peak performance.

In a code generation software like Firedrake it is important to achieve good performance across
problems and computer architectures. The auto-vectorisation implemented in compilers like gcc
does currently not deliver good performance. Robust vectorisation of finite element operations is
best achieved by vectorising over a loop that is not the innermost loop [28]. This typically defeats

autovectorising algorithms, which are usually only capable of vectorising innermost loops.
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KKERNEL: slate_wrapper
ARGUMENTS :
cell_facets: type: np:dtype(’int8°’), shape: (3, 2),
coords: type: np:dtype(’float64’), shape: (6),
output: type: np:dtype(’float64’), shape: (3),
w_0: type: np:dtype(’float64’), shape: (3),
w_1: type: np:dtype(’float64’), shape: (1),
w_2: type: np:dtype(’float64’), shape: (3),
DOMAINS:
INAME TAGS:
TEMPORARIES:
INSTRUCTIONS:
15| ... initialisations
[id_8,id_9]1: TO[id_8, id_9]1 =
subkernelO_cell_to__cell_integral(
[i,i_0]: TO[i, i_0],
[id_10]: coords[id_101]) {id=i0}%}
[id_11,id_12]: T2[id_11, id_12] =
subkernell_cell_to__cell_integral(
[i_1,i_2]: T2[i_1, i_21],
[id_13]: coords[id_13]) {id=i1}
for id_17
if cell_facets[id_17, 0] == 1
[id_14,id_15]: T4[id_14, id_15] =
subkernel2_interior_facet_to__exterior_facet_integral (
[i_3,i_4]: T4[i_3, i_4],
[id_16]: coords[id_16],
[id_18]: facet_array[id_18 + id_171]) {id=i2}
end
end id_17
[id_28]: output[id_28] =
slate_loopy(
[i_5]: output[i_5],
[id_19,id_20]: TOo[id_19, id_20],
[id_21]: T1[id_211],
[id_22,id_23]: T2[id_22, id_23],
[id_24]1: T3[id_241,
[id_25,id_26]: T4[id_25, id_26],
[id_27]1: T5[id_271) {id=i3}

Figure 3.4: A Slate wrapper kernel fills the tensors with data from TSFC for equation (2.38)

Line 1: The kernel name

Line 3-9: Arguments passed into the kernel

Line 10: Domains of the loop indices

Line 11: Special tags of the loop indices

Line 12: Temporaries used in the kernel

Line 17-33: Local assembly calls called ‘subkernel* for cell integrals and facet integrals
Line 27-45: Call to kernel for linear algebra operations on the temporaries T0, T2 and T4
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KERNEL: slate_loopy
ARGUMENTS:
TO: type: np:dtype(’float64’), shape: (3, 3),
Tl: type: np:dtype(’float64’), shape: (3),
T2: type: np:dtype(’float64’), shape: (3, 1),
T3: type: np:dtype(’float64’), shape: (1),
T4: type: np:dtype(’float64’), shape: (3, 3),
T5: type: np:dtype(’float64’), shape: (3),
output: type: np:dtype(’float64’), shape: (3),
DOMAINS:
INAME TAGS:
TEMPORARIES:
INSTRUCTIONS:
for i
to[i]l = 0.0 {id=i0}
for i_0

tO0[i] = tO[i]+T4[i_0+i//3, i+(-3)*(i//3)]*T5[i_0] {id=il}

end i, i_0
for i_1

t1[i_1] = (-1.0)*t0O[i_1]1+T1[i_11+(-1.0)*T2[i_1, 0]1*T3[0] {id=i2}
end i_1
[i_2]: t2[i_2] = solve([i_3,i_4]1: TO[i_3+i_4//3, i_4+(-3)*(i_4//3)],

[i_5]: t1[i_51) {id=1i3}

for i_6

output [i_6] = output[i_6]1+t2[i_6] {id=1i4}
end i_6

Figure 3.5: A Slate kernel executes the linear algebra operations on the tensors for equation 2.38. The

following description projects the code back to the equation.
Line 1: The kernel name

Line 3-10: Arguments passed into the kernel

Line 12: Domains of the loop indices

Line 13: Special tags of the loop indices

Line 14: Temporaries used in the kernel

Line 17-21: AX,AX

Line 17-21: —A5, AX + Ff - AKX PX

Line 25-25: AX .solve(— AS, AK + FX — AK PX)
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TSFC kernel
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Figure 3.6: Cross-element vectorisation of Slate kernels. TSFC kernels calculate the contributions per
cell. Slate kernels access the data from TSFC kernels and calculate linear algebra operations on those
contributions per cell. In PyOP2, TSFC and Slate kernels are rewritten so that each instruction is calcu-
lated on multiple cells at the same time.

In the vectorisation strategy implemented in Firedrake in [28], instructions in the local and global
assembly are executed for multiple finite elements in the mesh at the same time. The vectorisation
of Slate kernels presented here uses the work from [28] for global and local assembly, but local
linear algebra operations are vectorised too. A visualisation of cross-element vectorisation of Slate
kernels can be found in figure 3.6. Cross-element vectorisation has been proven to deliver more

consistent speedup in [28], than intra-kernel vectorisation as it was implemented in [56].

3.3.1 PyOP2 vectorisation algorithm

Translating the frontend DSLs in Firedrake to a Loo.py backend gives an easy access to loop ma-
nipulations. The result is that very few lines of code are required in PyOP2 to vectorise FE kernels.
The vectorisation algorithm to implement the vectorisation in PyOP2 can be found in figure 2. All
instructions in the algorithm are a one-to-one Loo.py-to-pseudocode translations. The required

changes in PyOP2 amounts to less than 50 lines.

There are two main steps in the PyOP2 vectorisation algorithm. First, the outer loop is split into
batches of however many doubles fit the vector registers of the architecture and the loop which
should be vectorised is tagged accordingly. Secondly, the format of all variables is changed to hold

vectors of data.
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Whenever possible a loop over an instruction of scalars turns into an instruction on variables of
a type which hold multiple data elements (vectorextension), see [71]. If a variable has type dou-
ble and the register can fit four doubles, the new variable with vectorextended type can hold four
doubles. If vectorisation is not possible (e.g. because there are call to math functions like abs

which cannot operate on vectorextended variables), Loo.py falls back to surround the loop with

an OpenMP SIMD pragma, which gives a directive to the compiler to vectorise it.

In contrast to the approach in [28], the way vectorisation is achieved is not specified through sepa-
rate vectorextension and OpenMP backend code targets, but it is controlled through loop tags. The
study in [28] showed more consistent performance results for vectorisation with help of vectorex-
tensions compared to OpenMP pragmas. Therefore, now there is only one general C vectorisation
target where vectorextensions are the default and Loo.py only falls back to OpenMP pragmas if

necessary.

There are some technical details to be considered in the vectorisation of FE kernels. The vector
register length of the architecture is determined automatically if possible, otherwise it defaults to
fit4 doubles and can be changed by the frontend user through a PyOP2 environment variable. Fur-
ther, it should be noted that the outer loop is not necessarily cleanly divisible through the amount
of doubles which fit in a vector register. When this is the case, the vectorised kernel generated by
Loo.py contains a main body for the vectorisation instructions and so called slabs which execute
the instructions unvectorised for the modulo iterations. Since the outer most loop bounds are
shifted to start from 0 in line 6 of algorithm 2, the generated kernels would only contain final slabs.

There are some constraints on which kernels and instructions cannot be vectorised. The ker-
nels which cannot be vectorised are the following. Conditionals are explicitly vectorised through
Loo.py.

« Kernels which assemble matrices!
* Kernels which use complex types
» Kernels with read-write access arguments
Single instructions in otherwise vectorisable kernels according to the list above can be non-vectorisable.
* Instructions which are outside the loop which was split
e Instructions with constant literal temporaries on the RHS

e Instructions with calls to Slate inverses and solves 2
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Algorithm 2: PyOP2 vectorisation

1 if PyOP2 kernel is vectorisable then

2 Change target of the wrapper kernel to CVectorExtensionsTarget ;
3 Inline all Slate and TSFC kernels in the PyOP2 kernel;
4 Align all temporaries;
5 forall vectorisable instructions do
6 Shift the bound of the loop ( iname ) to vectorise over so that it starts from 0;
7 Split the iname according to the SIMD length of the architecture;
8 Add a new axis to the temporaries and index it with the provided iname ;
9 Tag axes to vectorise over;
10 Tag iname to vectorise over with;

3.3.2 Anexample

Consider an arbitrary linear variational form, three Slate tensors T, T», T3 defined on it and an as-
sembly of Ty + T; — T>. In the following it will be explained step-by-step how the kernel changes
when it is vectorised. To facilitate comparisons, both vectorised and unvectorised kernels are
shown with all subkernels inlined. In reality, the subkernels of the unvectorised kernel are typi-

cally not inlined.

Both vectorised and unvectorised kernels are defined through a kernel name and some arguments,
in particular some coefficient vectors whose names start with dat , and loop bound parameters

n_start and n_end.

The loops (inames) are defined through domains and tags. The outer loop here is called n. In
the unvectorised kernel, the loop has bounds start and end and is untagged. In the vectorised
kernel, the loop is splitinto n_shift_outer and n_shift_batch. Theiname n_shift_outer
starts from 0 and only runs to a fourth of the original loop length, and n_shift_batch hasaloop
length of 4. This transformation is realised in line 6, 7, 10 in algorithm 2.

IThis is unproblematic because the assembly time is typically not critical for matrix-free solvers which, by defini-
tion, do not assemble matrices. Where matrices are assembled, we usually expect solve time to dominate.

2Gcc could do this with an implementation of solve and inverse callables in PyOP2 in a strided fashion, but this is
not possible with clang due to a missing support of addressing variables of vectorextended type
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3.3. VECTORISATION OF SLATE KERNELS

[ee)

©

10
11
12

KDOMAINS: /*unvectorised*/

[n_end, n_start] -> { [n] : n_start <= n < n_end }
{ [i_id_8] : 0 <= i_id_8 <= 5 }

{ [i_1] : 0 <= i_1 <= 5 }

INAME TAGS: /*unvectorised*/
n: None

i_1: None

i_id_8: None

DOMAINS: /*vectorisedx*/
[n_end, n_start] -> {[n_shift_outer, n_shift_batch] : n_shift_batch >= 0
and -4n_shift_outer <= n_shift_batch <= 3
and n_shift_batch < n_end - n_start - 4
n_shift_outer }
{ [i_id] : 0 <= i_id <= 5 }
{ [i] : 0 <= i <= 5 }

INAME TAGS: /*vectorisedx*/
n_shift_batch: vec
n_shift_outer: None

Figure 3.7: Domains and iname tags of an unvectorised and a vectorised Loo.py kernel for Tp + 71 — T

Further, the temporaries are broken by adding another axis and indexing into it with the iname

that has the vec tag, see the dim_tags . This is implemented in line 8-9 in algorithm 2.

TEMPORARIES: /*unvectorisedx*/
TO: type: np:dtype(’float64’), shape: (6),
dim_tags: (NO:stride:1) aspace:local
t0: type: np:dtype(’float64’), shape: (1, 3, 2),
dim_tags: (N2:stride:6, Nl:stride:2, NO:stride:1) aspace:auto

-

TEMPORARIES: /*vectorisedx*/
TO: type: np:dtype(’float64’), shape: (6, 4),
dim_tags: (NO:stride:4, vec) aspace:local
t0: type: np:dtype(’float64’), shape: (1, 3, 2, 4),
dim_tags: (N2:stride:24, Nl:stride:8, NO:stride:4, vec) aspace:auto

Figure 3.8: Temporaries of an unvectorised and vectorised Loo.py kernel for To + T — 1>
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Based on the previous transformations the instructions between the unvectorised and vectorised

kernels differ as follows.

p
INSTRUCTIONS:/*unvectorisedx*/

1

2| for n

3 ce

4 for i_id_8

5 TO[i_id_8] = 0.0 {id=init0}
6 end i_id_8

7 ce

8 for i_1

9 tofo, i_1 // 2, i_1 + (-2)*(i_1 // 2)]1 =\

10 t0[0, i_1 // 2, i_1 + (-2)*(i_1 // 2)]1 \

11 + (-1.0) * T2[i_1] + To[i_1] + T1[i_1] {id=insn_4}
12 ce

13| end n

1| INSTRUCTIONS: /*vectorised*/

2| for n_shift_batch, n_shift_outer
3 c

4 for i_id

5 TO[i_id, n_shift_batch]
6

7

8

.0 {id=init0}
end i_id
for i
9 tofo, i // 2, i + (-2)*(i // 2), n_shift_batch] = \
10 to[0, i // 2, i + (-2)x(i // 2), n_shift_batch] \
11 + (-1.0)*T2[i, n_shift_batch] \
12 + TO[i, n_shift_batch] \
13 + T1[i, n_shift_batchl] {id=insn_4}
14 end i
15

16| end n_shift_batch, n_shift_outer
.

Figure 3.9: An unvectorised and vectorised C kernel for Ty + T, — T»

Loo.py further translates these kernels into C kernels, see figure 3.10. The variables in the vec-

torised kernels are extended with __attribute

(( vector_size (32) ) ) andaligned with

(( aligned (64) ) ) . Theloops are split equivalently to the previously presented Loo.py ker-

nel. The linear algebra operations are executed on four tensors at a time in the bulk slab. The

vectorised local assembly is not presented in this listing to keep the code accessible to the reader,

but examples can be found in [28]. The final slab contains the unvectorised instructions for the

remainder of the loop.
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-

1

2| void wrap_slate_wrapper (int32_t const start, int32_t const end,
3 double *__restrict__ datO,

4 double const *__restrict__ datl,
5 double const *__restrict__ dat2,
6 double const *__restrict__ dat3,
7 double const *__restrict__ globO,
8 double const *__restrict__ globl,
9 int32_t const *__restrict__ mapO0)
10| {

11 double __attribute__((vector_size(32))) TO[6] \

12 __attribute__ ((aligned (64)));

13 double __attribute__((vector_size(32))) Ti1[6] \

14 __attribute__ ((aligned (64)));

15 double __attribute__((vector_size(32))) T2[6] \

16 __attribute__ ((aligned (64)));

17 double __attribute__((vector_size(32))) tO[3 * 2] \

18 __attribute__ ((aligned (64)));

19

20 /* ... more initialisations ... */

21

22 /* bulk slab x*/

23 for (int32_t n_shift_outer = 0;

24 n_shift_outer <= -2 + -1 *x start + (3 + end + 3 * start) / 4;
25 ++n_shift_outer)

26 {

27

28 /* ... filling T* with data through vectorised local assembly ... */
29

30 for (int32_t i = 0; i <= 5; ++1i)

31 t0[i] = tO[i] + -1.0 * T2[i] + TO[i] + T1[i];

32 }

33

34 /* ... final slab ... x/

35| }

Figure 3.10: A vectorised C kernel for Ty + T} — T»

3.4 Results

In order to simplify a comparison of the already existing vectorisation of operator actions in Fire-
drake, the results in [28] were reproduced first, see section 3.4.3, and the experiments were ex-
tended to local linear algebra kernels on the same operators as in [28] after that. A reproduction
of the results in [28] is useful, because the experiments are run on a different architecture, with a

newer compiler version and newer components of Firedrake.
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The main difference of the results in section 3.4.3 to the results in [28] is that they were produced
on an architecture which has dual sockets and the compiler version are gcc-11.2 and clang-13.01.
In the later compiler versions auto-vectorisation has been improved so a lower performance for
the vectorised kernels relative to the baseline is expected. Because the hardware used has differ-
ent specifications to [28] the setup has been adapted so that the whole machine is occupied in the

experiments, see section C.1 in the appendix.

The code for the experimental evaluation (data collection and visualisation) has been adapted
from [28]. The baseline run is an assembly without explicit vectorisation but with auto-vectorisation.

The high performance run is explicitly vectorised with a cross-element vectorisation strategy.

3.4.1 Software and hardware details

The Firedrake software version used for the following experiments is published under [72]. The
PETSc software was built separately. It is published under [73]. The Zenodo directory for the ex-
periments including data, plots and scripts can be found in [74].

Intel(R) Xeon(R) CPU E5-2640 v3

Base Frequency 2.6

Sockets 2

Cores per socket 8

Threads per core 2

SIMD instruction set AVX2

FMA units per core 2

Theoretical peak performance (double-precision) 665.6 GFLOP/s 3

Memory bandwidth performance 60 GB/s*

GCC compiler version 11.2

GCC compiler flags -fPIC -Wall -std=gnull -march=native
-03 -ffast-math -fopenmp

Clang compiler version 13.01

Clang compiler flags -fPIC -Wall -std=gnull -march=native

-03 -ffast-math -fopenmp-simd

Table 3.4: Hardware specification for the dual-socket Intel(R) Xeon(R) CPU E5-2640 v3 architecture
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3.4.2 Problem setup

Performance measurements were taken for the assembly of a variety of FE operator actions. Let
the operators involved (mass, Helmholtz, Laplacian, elasticity and hyperelasticity operators) be
denoted by a. The formulation of the variational forms for these operators is given in the supple-
mental material of [28]. The complexity of the operators is correlated to their arithmetic intensity,
see figure 3.12. The problems are discretised with continuous Lagrange elements (CG) on a trian-
gular, quadrilateral, tetrahedral and hexahedral mesh. The operators are applied to a coefficient
vector f with [ =action(a, f) . First, results for assembling [/ are presented. These results are a

reproduction of what was shown in [28] on a different architecture.

Further, performance results for the vectorised assembly of Slate expression were produced. The
Slate expression [ =Tensor(action(a, f)) + Tensor(action(a, f)) — Tensor(action(a, f)) is as-
sembled. Note that nothing cancels out in the expression. The performance results for the vec-
torisation of the corresponding Slate kernels are a proof of concept. A note on the extension to a
more realistic setting can be found in section 5.6.

3.4.3 Results for an operator action and a Slate expression on operator actions

The results of [28] were successfully reproduced accounting for the fact that they were produced
on the same micro-architecture but in a dual-socket setup. Therefore, the theoretical peak and
memory bandwidth performance of the machine is a double of the one in [28]. The baseline per-
formance is capped at around 200 GFLOPS/s which is 30 percent of the theoretical peak perfor-
mance, whereas the explicitly vectorised performance is capped at around 400 GFLOPS/s which is
60 percent of the theoretical peak performance. Those numbers match the study in [28].

The majority of measurement points is further from the peak bandwidth-dominated limit than in
the previous study, however. A reason for that could be that the measured bandwidth in [28] was
only probed with 2 threads. That is typically insufficient to get a realistic limit for the memory
bandwidth, for further explanations see the section B in the appendix.

Comparing the achieved performance for the assembly of a Slate expression involving linear al-
gebra operations on three operator actions to a single operator action assembly, the majority of
cases achieve a similar FLOPS processing rate. The arithmetic intensity of the kernels is about
three times higher for the Slate expression compared to the operator action which matches the

expectations.

The performance for the quadrilateral and hexahedral test cases seems poor compared to the sim-
plicial case. The reason for that is that the latter cases are not sumfactorised and have therefore a

much higher arithmetic intensity.
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Figure 3.11: Roofline plot for a variety of variational forms, polynomial degrees and meshes for the
assembly of an operator action (top) and Slate expression of operator actions (bottom). While the top
plots are a reproduction of [28] for the vectorisation of TSFC kernels on a new machine, the bottom
plots present new results for the vectorisation of Slate kernels. The bandwidth limit is measured with a
benchmark, the FLOP limits are theoretical.
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The speedup achieved by explicit vectorisation over auto-vectorisation for each test case can be
found in figure 3.12. In the worst cases there is no speedup but the performance is equivalent to
the auto-vectorised kernels. Again, it can be seen that the speedup increases with the complexity
of the kernels.

0 - 17.6
1- 2 11.1
2 - 3.2 1 8.7 2.6
mass 3 - 5.8 1 7.6
4 - 7.7 .1 7.2
5- 9.9 7
0- 33.1 138.1 2.4
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elasticity 3
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hyperelasticity 3
4
5 -1.0

Figure 3.12: Speedup of explicit vectorisation over auto-vectorisation for the assembly of a Slate ex-
pression involving three operator actions. The arithmetic intensity is specified in the annotations on
top of the colored boxes for the speedup.

The throughput plots in figure 3.13 and 3.14 show that the performance gain through vectorisation
is higher for test cases with a high arithmetic intensity, which is expected because the CPU spends
more time on the calculations rather than waiting for the data to be loaded, as already shown in
[28]. Explicit vectorisation has higher performance for almost all test cases besides the ones where
the operator is not complex enough, in particular the mass operator and low order polynomial
degrees.

Tables with arithmetic intensities, speedup numbers and other metrics for both the assembly of

operator actions and a Slate expression of operator actions are appended in table C.3 and C.2.
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3.5. ASUMMARY OF THE CONTRIBUTIONS

3.5 Asummary of the contributions

In this chapter existing language and compiler infrastructure in Firedrake, and my extensions to

them for the code generation of local linear algebra expression are presented.

The drawbacks of Slate’s previous compiler are outlined, in particular a lack of extensibility to gen-
erate vectorised kernels and the missed opportunity for reuse of already existing performance op-

timisation infrastructure in Firedrake’s codebase.

I have changed the compiler from translating Slate to an Eigen and C++ backend to translating
Slate to a Loo.py backend, because Loo.py presents an easy pathway for vectorisation due to its
ability to manipulate loop structures. The compilation from Slate to Loo.py has been implemented
with an intermediate stage in GEM so that performance optimisation from TSFC can be recycled.
Most of the Slate operations can be straightforwardly translated into GEM, but some new nodes in
Slate and GEM were needed for the more complex linear operations (inverse and solve) as well as
an accompanying translation to Loo.py.

Further, I demonstrated that the Slate kernel vectorisation is functional, achieves a high amount
of peak performance for a simple linear algebra expression on a variety of kernels and polynomial
degrees.
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Chapter 4

An automated framework for matrix-free

local linear algebra

Solving big equation systems, if they arise from high order FE discretisations or other numerical
methods, poses two problems. One is the high storage requirement and the load bottlenecks of
the global system matrices, the second is the number of operations it takes solve the system. Both
problems are an immediate consequence of the size of the matrices involved. Matrix-free methods
can be used to avoid building the matrices explicitly. As mentioned in section 2.3.1 the core idea of
matrix-free methods is to solve the equation system deduced from FE problems with Krylov sub-
space methods. Krylov subspace methods only involve matrix-vector products, and in matrix-free
methods, the matrix-vector multiplications are replaced by a parametrised assembly of the oper-

ators.

Globally matrix-free methods were introduced in Firedrake as a byproduct of the work presented
in [75]. This is sufficient for all solvers, except those which require linear algebra operations on the
local assembly tensors. In that case, globally matrix-free methods assemble the local matrices but
apply the global operator matrix-free. In particular using high-order discretisations, these local
tensors obtain such a large size that they introduce a store and load bottleneck for precondition-
ers such as the hybridisation preconditioner, see section 2.2.3, or Gopalakrishnan-Tan multigrid,

see section 2.2.4.

In this chapter, an application is presented for which fully matrix-free methods involving local
linear algebra operations is required. This application motivates the necessity of the new code
infrastructure presented after that. The new infrastructure I put into place in Firedrake allows an
automatic code generation for fully matrix-free preconditioners involving local linear algebra ex-
pressions. The locally matrix-free solvers can be easily controlled through parameters mimicking
PETSc options. While this is driven by compatible FE discretisations and their hybridisation in
this thesis, it is not limited to that. For example, the local matrix-free infrastructure could be used
for CG FE methods where facet and intra-elemental contributions are separated in the blocks of a

mixed matrix and the systems are solved through static condensation.
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4.1 A model problem: a hybridised, mixed Poisson problem

One possible application of fully matrix-free hybridisation is a Poisson problem. Poisson prob-
lems need to be solved in various physical setups. One of them is the Navier-Stokes equations:
If the time derivative in the incompressible Navier-Stokes equations is solved with a predictor-
evaluation-corrector scheme, see e.g. [76] , a Poisson problem has to be solved at every time step
for updating the pressure with the velocity prediction. The Poisson problem for the pressure can
be rewritten into a mixed system by introduction of a flux variable. If the mixed spaces are chosen
in a compatible way this has advantages, e.g. the conservation of some physical quantities, refer to
section 2.1.2.2.1. Mixed Poisson problems are difficult to solve because a) they have saddle-point
structure and are indefinite and b) they are globally coupled and the condition number of the op-
erator grows when refining its approximation. Hybridisation is used to remove most of the global

coupling.

The hybridisation of a mixed Poisson problem was introduced in section 2.2.3, where hybridis-
ation is considered in a locally matrix-explicit form. Now, in section 4.1.2, it is outlined which
mathematical changes are required to set up hybridisation to work well using locally matrix-free
solvers. In particular in section 4.1.2.2, the setup and results of a numerical investigation to find

out which local solvers work well for the mixed Poisson problem are presented.

4.1.1 The bottleneck of locally matrix-explicit hybridisation

In order to demonstrate that hybridisation with locally matrix-explicit methods is insufficient
when discretisations with a high polynomial approximation degree are considered, the hybridi-
sation example in 2.2.1 and 2.2.2 is revisited. The focus is set on solving the hybridised mixed

Poisson problem on a hexahedral mesh with globally matrix-free methods for now.

In fully matrix-explicit hybridisation the expression that has to be globally assembled is a Slate
expression for the Schur complement on each cell. Solving with globally matrix-free hybridisation
means that this matrix in the global equation system is never built explicitly, instead its actions on
vectors are used to move the solution forward in each iteration. In globally, but not locally, matrix
free methods a vector is assembled per cell and distributed onto the global level, but the vector per
cell is assembled as a multiplication of the local Schur complement with a local coefficient vector,

and the local Schur complement is still built in a matrix-explicit way.

Here, the solver for the global trace system is a Jacobi preconditioned CG method. For the mixed
Poisson problem the solver is not robust in polynomial order of the discretisation. This means that

the finer the discretisation is per cell, the more iterations are needed to get a global solution.
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Therefore, the complexity of the trace solve grows with the polynomial order not only due to the
increasing complexity of the local kernel, but also due to the increasing amount of iterations of
the global solver. The missing robustness with approximation degree can be remedied by choos-
ing a different solver, e.g a Gopalakrishnan-Tan multigrid see section 2.2.4, results for which are
presented in chapter 5. The fact that the iteration count increases with polynomial order in this

example, should be taken into account evaluating the following performance profiles.

Performance profiles of the hybridisation for the mixed Poisson problem solved with a globally,
but not locally matrix-free method for a low order discretisation and a higher order one are shown

in figure 4.1.

[Time spent (10s total)

Slate local linear algebra kernel (18s)
Factorisation for local solve (0.2s) | =

{ Call stack

{Time spent (21881s total) |

[ ]
B | [Fybridisation static condensation gioba solve 209568) ]
i |

Slate local linear algebra kernel (20672s)

Factorisation for local solve (7500s)

L Call stack

A

Figure 4.1: Performance profile of a mixed Poisson problem discretised with RT1-DGO (top) and RT5-
DG4 (bottom) solved with hybridisation and a Jacobi preconditioned conjugate gradient method on the
trace solve utilising global but not local matrix-free infrastructure. The local factorisation dominates
the solve time for high order.
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In the top of figure 4.1, in the profile for the low order discretisation, the local solve is part of the last
row of measurements and so small it did not even get any text assigned in the flamegraph. Com-
paring that to the profile for the high order discretisation, a dominance of the local solve kernels
can be seen, in particular the factorisation denoted by solve_getrf as part of the static conden-
sation solve SCSolve . This bottleneck is mostly caused by increasing sizes of the local tensor and
itis the reason why it is critical to use fully matrix-free hybridisation on high order discretisations.
While calculating and storing the factorisation for the solve upfront might improve the runtime, it
is not feasible to store a matrix coming from a high order discretisation for every single cell in the

mesh.

The bottleneck is also partially caused by the increasing amount of iterations of the global solver.
In order to prove that not the increase in global solvers iterations is the dominating reason for the
dominance of trace solve in the performance profile, consider the following plots. Comparing the
local and global solve times in figure 4.2 on the left and their ratio on the right, normalised per
iterations, one can see the that the local solve makes up more of the trace solve with an increasing

approximation degree.
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Figure 4.2: Average time of local and global solve per iteration (left) and percentage of time spent in
local versus global solve iteration (right) for the global, static condensation solve in the hybridisation of
a mixed Poisson problem on a hexahedral mesh.

4.1.2 The numerics of fully matrix-free hybridisation

In order to solve the systems involved in the hybridisation of a mixed Poisson problem in a fully
matrix-free manner, some of the solving steps have to be altered as explained in section 4.1.2.3, in
particular the steps for the static condensation in example 2.2.2. Further, the numerical properties
of the local matrices involved in the hybridisation of the mixed Poisson problem are explained in

section 4.1.2.1.
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4.1.2.1 Numerical properties of the matrices involved

Saddle point systems can be solved with Schur complement reduction techniques. A block ma-
trix o/ with 2 x 2 blocks allows for a Schur decomposition as long as its Agp-block is not singular.

Then, the original block matrix is only singular if and only if the Schur complement is singular [18].

Applying that to the hybridised mixed Poisson problem, consider that the operator of the hy-
bridised mixed Poisson problem consists of 3 x 3 blocks for interactions of intra-cell velocity, pres-

sure and inter-cell velocity, refer to section 2.2.3 for more details.

Apo Ap1 Ap2
A= Ajp A A (4.1)
Ay Ax1 Ap

The system is a saddle-point system, there are no interactions between the velocities on different
element faces, Ay, is a zero block. The block-structure of a hybridised system operator is visu-
alised in figure 4.12.

AgoAo1
10A11
intra-cell velocity and pressure is not singular for the hybridised mixed Poisson problem. In the

It is possible to employ a Schur reduction technique since the block

corresponding to

static condensation step for the hybridised system, intra-cell velocity and pressure are eliminated,
a Schur complement Sy A is solved globally for the velocity on the traces, see equation (4.2), and
then intra-cell velocity and pressure are reconstructed, see equations (4.5) and (4.6).

Global trace solve:

S\A=E (4.2)
-1
AK K AK
with 8§ =Aj, - [A5, A ] (1)<O Kl ‘I’f (4.3)
| AlO A11 | A12
- -1 ;
AKX AKX FX
and EN=F- [AN AK ] (1)<0 2(1 . (4.4)
| AlO All | F1 ]
Local reconstruction calls:
P = 8f, solve (Ff - Af; (afy) ' F§ — 8120 (4.5)
UX = Afj,.solve (B} — Ay, PX — A5, AY) (4.6)
. K K _AK (aK\1AK
with 8y, = (Ali —Ajo (Ago) Am') (4.7)
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Note, that the matrices in equation (4.3) to (4.6) are local matrices. There are three matrices which
Ago Aoy

10A11
the Schur complement with respect to the pressure S;;. For high order FEM that is problematic,

need to be locally inverted: the mixed matrix ( ), the intra-cell velocity mass matrix Agg and

because even the local matrices are big. Replacing the inverse with an iterative solve can yield a
faster a solution, for more details see the later chapter 4.2.1.2.

The mixed matrix is locally like a mixed Poisson problem. There are no interactions of pressure
with pressure in the cell, it has saddle-point structure, and is indefinite. Ay on the other hand
is positive-definite and symmetric, and so is the inner Schur complement. While Ay is diagonal
dominant, the inner Schur complement is not. All numerical properties presented in this section
have been examined experimentally with a script which can be found in [77] in the investigation
folder.

4.1.2.2 Alocal solver for the velocity mass matrix and the pressure Schur complement

In the local reconstruction calls in equation (4.5) and (4.6) there are two local solves, one involving
the velocity mass matrix and the other one involving the pressure Schur complement. In order to
solve the systems fully matrix-free, these local solves are replaced by local, matrix-free solves. In
general a good, iterative solver would converge in a number of iterations which is independent of
the approximation parameters (mesh parameters and approximation degree) and with less work
than a direct solve. Both the velocity mass matrix Agg and the Schur complement SI; (=S11) have a
growing condition number with an increasing degree of approximation polynomial and therefore,
arobust solver requires some extra work. I performed a numerical investigation to find good local
preconditioners for this problem in order to keep the condition number of the operators in the
local solves low.

In the investigation a mixed Poisson problem is solved on a single cell, hexahedral mesh with help
of Firedrake and PETSc. In order to construct PETSc solvers on the velocity mass matrix and the
pressure Schur complement, PETSc’s Schur decomposition fieldsplit preconditioner is used. Ex-
planations on the preconditioner can be found in [78]. The notion of fieldsplit solver denotes the
solver to invert the matrices needed in the inverse of the Schur decomposition. The solves on the
fieldsplits are iterated to an accuracy that is sufficient for the outer solve around the Schur decom-
position fieldsplit preconditioner to converge in one iteration.

The best performing Schur fieldsplit preconditioner from the investigation uses Conjugate Gra-
dient on both fieldsplits, with a diagonal preconditioner for the velocity mass matrix solve and a
diagonal of the interior penalty discontinuous Galerkin formulation of the Laplacian on the pres-
sure Schur complement solve.
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The reasoning for the preconditioner on the Schur complement solve is that the Schur comple-
ment is spectrally equivalent to a Laplacian in the DG space. A code example for this operator can
be found in the details of the local solves later in figure 4.19. The investigated fieldsplit solvers are
also used to invert the mixed matrix in the trace solve as is explained in section 4.1.2.3.

The solver iterations are investigated for three types of cells: a cell which is scaled by a scaling
factor (i.e. a cube but not a unit cube), an affinely deformed cell (a cuboid) and a non-affinely
deformed cell where two neighbouring corners are moved, one by a deformation factor and the
other by 75 percent of that deformation factor. The solve iterations are calculated by the follow-
ing, where fspl denotes the pressure Schur complement solver and fsp0 the velocity mass matrix

solver.

total iterations := itSoyter - (itSgsp1 + itSfsp1 - itSespo) (4.8)

The value is an approximation because the iteration count of the velocity mass matrix is solved
once per pressure Schur complement solver iteration and the iterations count for fsp0 is the one
of the last fsp1 iteration.

The iteration counts for the undeformed, unit cell are presented in table 4.1. The velocity mass
matrix solver is robust across approximation degrees and the pressure Schur complement solver
is not. It converges in a reasonable range of iterations, however, involving less work than a direct
solve would need.

Discretisation RTCF1- RTCF2- RTCF3- RTCF4- RTCF5- RTCF6-
DGO DG1 DG2 DG3 DG4 DG5

Total iteration count 2 2 8 8 20 18

fsp0 iteration count 1 1 1 1 1 1

fspl iteration count 1 1 4 4 10 9

Table 4.1: Iteration counts on an undeformed, unit cell. The final row shows that solver of the pressure
Schur complement is not p-robust.

Further, the first set of figures 4.3, 4.4 and 4.5 present the amount of total solver iterations for a
range of deformation factors for the three types of cells, and the condition number of the mixed
Poisson operator on those deformed cells. The outer solver iterations are all 1 and the correspond-
ing plots can be found in the appendix D. The next set of figures from 4.6 to 4.11 show the iteration
counts and condition numbers per fieldsplit solver for each type of cell. In the following, both sets
of figures, showing total and fieldsplit solver iteration counts, are examined in conjunction.
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Figure 4.5: Non-affinely deformed cells: Total iterations per deformation factor

The total iteration count is approximately robust across deformation factors for scaled and affinely
deformed cells, see figure 4.3 and 4.4. Further, the velocity mass matrix solver has a fixed iteration
count across approximation degrees in these cases, see figure 4.6 and 4.8. The iteration count of
the other fieldsplit solver, the one for the pressure Schur complement, grows with the approxima-
tion degree, see figure 4.7 and 4.9 but stays in a reasonable range involving less work than a direct
solve would need.

The total iteration count is not robust on non-affinely deformed cells for any higher than lowest
order discretisation and grows with the condition number, as can be seen in figure 4.5. On this cell
type the total iteration count is growing with the deformation factor due to an increasing number
of iterations on both fieldsplit solvers with the deformation factor, see figure 4.10 and 4.11.

Given the results from the numerical investigation here, new infrastructure has been introduced
in the Slate based preconditioners in Firedrake to enable a) locally matrix-free matrix-vector prod-
ucts and solves see section 4.2.2 and 4.2.3 b) user-defined local preconditioners to support e.g. the
DG Laplacian, see section 4.2.4.1, and c) local preconditioners built with the diagonal of a local

matrix, see section 4.2.4.2.
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0.95- -0.95
0 1 2 3 4 5
RTCF 3, DG 2 (=135x135 DOFS)
quad_degree=(29, 29)
2- 1-000000-000000000000-0 20
1- v -10
0 1 2 3 4 5
RTCF 5, DG 4 (=575x575 DOFS)
quad_degree=(33, 33)
2 - lasasasaaassasesasand _ 60
\/
1 -
0 1 2 3 4 5
RTCF 1, DG 0 (=7x7 DOFS)
quad_degree=(25, 25)
1.05-
1.00- g~ 50
0.95- -0
0 2 4
RTCF 3, DG 2 (=135x135 DOFS)
quad_degree=(29, 29)
aatcsccas -500
7.5-
5.0-
-0
0 2 4
RTCF 5, DG 4 (=575x575 DOFS)
quad_degree=(33, 33)
20-
10-
0 2 4

RTCF 2, DG 1 (=44x44 DOFS)
quad_degree=(27, 27)

RTCF 4, DG 3 (=304x304 DOFS)
quad_degree=(31, 31)

XTCF 6, DG 5 (=972x972 DOFS)
quad_degree=(35, 35)

deformations

Figure 4.9: Affinely deformed cells: Schur complement solver iterations

-30

-20

-75

-50

-2000

condition numbers

77



4.1. AMODEL PROBLEM: A HYBRIDISED, MIXED POISSON PROBLEM

fsp0 ksp iterations

fsp1 ksp iterations

RTCF 1, DG 0 (=7x7 DOFS)
quad_degree=(25, 25)

6- #\ [ﬁw—%# -1.05

-1.00

4- < -0.95
0 1 2 3 4 5

RTCF 3, DG 2 (=135x135 DOFS)
quad_degree=(29, 29)

RTCF 2, DG 1 (=44x44 DOFS)
quad_degree=(27, 27)

20- «\/M
> -4

0 1 2 3 4 5

RTCF 4, DG 3 (=304x304 DOFS)
quad_degree=(31, 31)

0 1 2 3 4 5

RTCF 5, DG 4 (=575x575 DOFS)
quad_degree=(33, 33)

100- -
A 35

-30
-25

0 1 2 3 4 5
deformations

0 1 2 3 4 5

RTCF 6, DG 5 (=972x972 DOFS)
quad_degree=(35, 35)

0 1 2 3 4 5

Figure 4.10: Non-affinely deformed cells: Velocity mass solver iterations

RTCF 1, DG 0 (=7x7 DOFS)
quad_degree=(25, 25)

1.05-
-20
1.00- s
-10
0.95-
0 2 4
RTCF 3, DG 2 (=135x135 DOFS)
quad_degree=(29, 29)
22 -500
25~ M
20- » -250
15-
0 2 4

RTCF 5, DG 4 (=575x575 DOFS)
quad_degree=(33, 33)

50- r,»«"*’iw -2000

25- -0
0 2 4

RTCF 2, DG 1 (=44x44 DOFS)
quad_degree=(27, 27)

i o

0 2 4

XTCF 4, DG 3 (=304x304 DOFS)
quad_degree=(31, 31)
40- W -1000
20- -0
0 2 4

XTCF 6, DG 5 (=972x972 DOFS)
quad_degree=(35, 35) 5000
75-

50-

0 2 4

deformations

Figure 4.11: Non-affinely deformed cells: Schur complement solver iterations

condition numbers

condition numbers

78



4.1. AMODEL PROBLEM: A HYBRIDISED, MIXED POISSON PROBLEM

4.1.2.3 Alocal solver for the mixed matrix in the trace solve

Since the local, mixed matrix ( AOO:‘” ) is indefinite, just like the original, global operator « of the
104311

hybridised problem, a Schur reduction can be applied in a similar way. The explicit form of the
inverse of the Schur decomposition of the cell-local inverse of the matrix on the first line of the
page is denoted by D (for decomposition not for diagonal).

K 'AK K1
oe. [T A ALl Ak o I 0 wo)
0 I 0 SK||-AfAK" 1

SI,; (= S1; in equation (4.7)) is the inner Schur complement, which is formed with respect to the
scalar variable p.

-1
Sy = A}, —Af) Agy Al (4.10)

Replacing the inverse of the mixed matrix in the equations (4.3) and (4.4) for the trace system solve
with the inverse of the Schur complement decomposition D yields the following set of equation.

S)A=E (4.11)
_ +=1r - _ -
AK K AK AK
with  SK=A% —[aK AN ™ Ao %2 | =AK —[AK,AK ] DK | % (4.12)
K AK K K
| A An [ [ A | | A |
- -1
AS, AL FY FY
K _ gk K AK 00 1 0 K K AK1pk| 70
| A An ] | B F)

After introduction of the inner Schur complement decomposition no mixed matrices are inverted
anymore, only the non-mixed matrices Ago and Slp( . Note that the same matrices are involved in
the reconstruction calls in equation (4.5) and (4.6). Therefore, a byproduct of the nesting of the
Schur complements is that the local solvers from the reconstructions, can also be reused in the

trace solve.
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Figure 4.12: Structure of the hybridised mixed Poisson matrix «/ from equation (4.1), outer Schur com-
plement S, from equation (4.2), (4.11), and inner Schur complement $,3, S, from equation (4.7) and
(4.10)

79



4.2. CODE INFRASTRUCTURE FOR LOCAL MATRIX-FREE SOLVERS

4.2 Code infrastructure for local matrix-free solvers

Before the work presented in this thesis, Firedrake already had some support for matrix-free meth-
ods. It also had support for local linear algebra operations and for vectorisation (on development
branches). All of these features were supported standalone. The missing pieces of code infrastruc-
ture for vectorisation and matrix-free methods for FEM involving local linear algebra operations
were, first of all, a compiler which produces code for Slate expressions in the same language as the
vectorised assembly of FE tensors as in the work in [28]. The details about the new Slate compiler
can be found in chapter 3.2. Secondly, fully matrix-free methods were limited to the assembly of
FE one-forms (matrix applications on vectors) and while they were supported for local linear al-
gebra operations on tensors of those forms on a global level, they were not on a local level. For
example inverses and solves on the local assembly tensors were performed in a matrix-explicit
manner. The new code infrastructure to support fully matrix-free FEM which require local linear

algebra operations is presented in this section.

The contributions of new infrastructure can be separated into multiple parts:

1. The optimisation passes for resorting the local linear algebra expressions into the most effi-
cient order, see section 4.2.1

2. The extensions to the Slate and GEM language and further translations to Loo.py to represent
and generate code for
(@) local actions as a replacement for explicit matrix-vector products, see section 4.2.2
(b) local matrix-free solvers, see section 4.2.3

(c) local matrix-free preconditioning, see section 4.2.4

4.2.1 Aseries of Slate optimisation passes

Slate users can define local linear algebra expressions in their preferred form without considering
the order of the operations. It is left up to an optimisation pass' to rewrite the expressions into

their most efficient form.

In our case, an optimisation or compiler pass is an iteration through the nodes in the abstract syntax tree (AST)
transforming each node according to some rules. The AST is the data structure which represents the local linear
algebra expression.
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For high-order FEM, the most efficient order of the operations is the one where no matrices are
assembled, if possible, or at least only the blocks of the matrices used for further operations are
assembled. The term rewriting pass exploits the equivalence of various linear algebra expressions,

building on distributive, commutative, associative, transpose laws and more.

An easy optimisation example would be (A+B)-f — A- f + B- f with A and B being matrices and
f being a vector. This transformation avoids the matrix addition of A and B before a matrix-vector
product in favour of doing two matrix-vector products and then adding them together. While the
term rewriting pass eliminates (or reduces) the cost of storing more than one-dimensional tempo-

raries, it increases the number of operations required to assemble a Slate expression locally.

The new optimiser not only takes care of rewriting the order of the expression for multiplications
and blocks, but also removes double transposes and could potentially replace tensors multiplied
with their inverse with identity matrices (the latter is not implemented yet).

4.2.1.1 Slate optimisations as term rewriting systems

The Slate optimiser can be understood as a term rewriting system [79]. A term rewriting system
consists of a set of terms defined over an alphabet and reduction rules on those terms. Each rule
defines a set of rewrites with help of substitution maps.

The Slate term rewriting system can be defined by the alphabet ~ = {T, F} of the Slate language,
which contains the tensors and their operations, and a set of rules R = {Ry, ..., R;;} on the terms of
the alphabet. The Slate language is defined in section 3.1.1.

4.2.1.2 Multiplication optimisation pass (MOP)

The multiplication optimisation pass serves the purpose of reducing the amount of intermediate
matrix-shaped temporaries required to build up Slate expressions. A multiplication with a vector
is pushed as far inwards as possible. The set of rules in the TRS for pushing multiplications inside
an expression is defined in table 4.2, in application to the Slate alphabet. Some examples of the

application of reduction rules are presented in example 4.2.1 and example 4.2.2.
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Axiom Rule Applicability condition
Distributivity Ri: (+1)C — T1-C+T,-C
Associativity Ry: (IT+'T5)-C — T1-(I-O)
Ry: -Ty-C - —(1-O)
Transpose laws Ry: (+T)T — TIT + TZT
Ry: (I-T)"  — 1f-1f
Rs: (THT - T
Inverse laws R;: (')t — 1,17t if T; and T> are invertible
Rg (T)~'-C — T)\C if Ty is invertible

Table 4.2: Reduction rules in the TRS of the Slate multiplication optimisation pass

Ex. 4.2.1. Application of associativityon Ty -T»-T3-C
Let Ty, T», T3, C € T, where T; € R9%10 are tensors and C € R'? a known function in V},
and - be a dot product. Let the original expressionbe T - T, - T3 - C.

T T T3-C=(T1- T - T3) - C —g, (T1 - T2) - (T3 - C) (4.14)
—g, - (13- (T5-C)) (4.15)

The corresponding transformation of the DAG can be seen in figure 4.13.

Figure 4.13: The temporaries needed for operations involved in a simple linear algebra expression be-
fore (left) and after (right) the multiplication optimisation. Red, continuously lined boxes indicate ma-
trix shaped temporaries and blue, striped boxes indicate vector shaped temporaries.
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Ex. 4.2.2. Optimisation of (Ty - T - T; '+ T3) - C
Let Ty, T», T3, C € T, where T; € R'°*10 are tensors and C € R!? a known function in Vj,
and - be a dot product. Let the original expression be (T, — T2 - T 1. T3)-C, which is close

to a Schur complement.

(T~ To-T{ - T3)-C—p T -C—(T»- T - T3) - C (4.16)
—gT-C-T- T (T3-O) (4.17)
—p,T1-C~Ty-Ti\(T3-C) (4.18)

The corresponding transformation of the DAG can be seen in figure 4.14.

(T() - 1 : Tg inv - 3 )_(Tl : Tg.SOlVB (Tg C))

\/ \ \ ¥

(10}

Figure 4.14: The temporaries needed for operations involved in a Schur complement like expression
before (left) and after (right) the multiplication optimisation. Red, continuously lined boxes indicate
matrix shaped temporaries and blue, striped boxes indicate vector shaped temporaries.

After the optimisation pass there are no matrix-shaped temporaries needed for the operations
on the terminals anymore, as can be seen for example in the visualisation of the DAGs in 4.14.
Though, without some additional work, the temporaries for the terminals in the expression still

need to initialised with some data in a first step, and the terminals can still be matrix-shaped .

It is possible to avoid building the matrix-shaped terminals by replacing multiplications with ac-

tions. Explanations on that can be found in one of following sections 4.2.2.
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4.2.1.3 Block optimisation pass (BOP)

Blocks in Slate are used to index into tensors of forms defined on mixed function spaces. For
example if there is a form defined on W x W with W = U x V and one would build the ten-
sor A = Tensor (form) , then one can get the contributions of the U x U block by asking for
A. _blocks[0,0] .

Previously, the assembly of the kernels corresponding to the blocks happened in the order: assem-
ble first, index later. Firedrake assembled the local TSFC kernels (corresponding to local assembly
A in the example above) and then indexed into the result of the local assembly kernel in a Slate
kernel. Afterwards, further linear algebra operations can be applied. The block optimisation pass
changes the order of assembly and indexing to: first indexing the FE form, then assembling the in-
dexed form locally with TSFC. This is important, because it means that not the whole local tensor

is assembled when only parts of it are needed.

Rule
Distributivity R;: Block((T; + T3), idx) —  Block(T7,idx) + Block(T»,idx)
Associativity R,: Block(—1T17,idx) — —Block(T3, idx)
Transpose laws Rs: Block(Ty,idx) " — Block(T7,reverse(idx))
Terminal tensors R;: Block(T, idx) —  Tigx1

Rs: Block(Vy, idx) —  Vidx1
Nested Blocks Rg:  Block(Block(Ty, idx;),idxs) —  Block(T7, idx, [idx;])
Other Nodes R;: Node(Ty, idx) — Node(T;, idx)

Table 4.3: Reduction rules in the TRS of the Slate block optimisation pass

The change of order in the operations is achieved by pushing the blocking node as far as possible
inside the linear algebra expression. For the corresponding set of rules see table 4.3. Due to dis-
tributivity and associativity, blocks can simply be pushed into additions and negations. In order
to push into a Transpose node the indices need to be reversed. Blocks are not pushed into factori-
sations, inverses, solves and multiplications. When a Block is wrapped around a terminal tensor
or vector, the rule Ry and R5 represent that a new tensor or vector is build from the indexed varia-

tional form or coefficient. Nested blocking is covered by the rule Rg.

The block optimisation, defined in table 4.3, can be neatly turned into code with the singledispatch
functionality of Python and the Memoizer functionality provided by TSFC, see the listing in figure

4.15. The code neatly reflects the rules in the block optimisation pass, each rule has one function.
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24

25

26

27

28

29

32

33

34

35

38

39

40

41

42

43

44

45

46

47

r

def push_block(expression):
mapper = MemoizerArg(_push_block)
ret = mapper (expression, ())
return ret

@_push_block.register (sl.Transpose)

def _push_block_transpose (expr, self, indices):
"""Indices of the Blocks are transposed if Block is pushed into a
Transpose."""
return sl.Transpose (*map(self, expr.children, repeat(indices[::-1])))

@_push_block.register (sl.Add)
@_push_block.register (sl.Negative)
def _push_block_distributive (expr, self, indices):
"""Distributes Blocks for these nodes"""
return type (expr) (*map(self, expr.children, repeat(indices)))

@_push_block.register(sl.Factorization)

@_push_block.register (sl.Inverse)

@_push_block.register (sl.Solve)

@_push_block.register (sl.Mul)

def _push_block_stop(expr, self, indices):
"""Blocks cannot be pushed further into this set of nodes."""
expr = type(expr) (*map(self, expr.children, repeat(tuple())))
return Block(expr, indices) if indices else expr

@_push_block.register (sl.AssembledVector)
def _push_block_assembled_vector (expr, self, indices):
"""Turns a Block on an AssembledVector into the specialized node
BlockAssembledVector."""
return (BlockAssembledVector (expr._function, Block(expr, indices),
indices) if indices else expr)

@_push_block.register (sl.Block)
def _push_block_block(expr, self, indices):
"""Inlines Blocks into each other.
The second time round, (0,0) is stored in indices and the slices are
in expr._indices.
So in the following line we basically say indices = ((0,1,2) [0],
(0,1,2) [0]) "
reindexed = tuple(biglslice(small[0], small[-1]+1)]
for big, small in zip(expr._indices, indices))
indices = expr._indices if not indices else reindexed
block, = map(self, expr.children, repeat(indices))
return block

(further functions)

Figure 4.15: Code of the block optimisation. Note that the optimisation of nodes introduced in later
chapters is not shown here. BlockAssembledVector isa new node to represent blocks on vectors.
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4.2.2 Replacing multiplication by Actions

An action is an assembly of a 1-form, see definition 2.3.1. The benefits of using actions instead of
the multiplications are the same as for the term-rewriting Slate optimisation passes. The reduc-
tion/removal of the load bottleneck in high order FEM. Actions are used to avoid building matrix-

shaped temporaries because of their rank-reducing nature, refer to definition 2.3.1.

There are two levels where actions can be applied in the FEM stack: one is the local assembly,
and one is the global assembly, see chapter 2.1.3. The only difference between them is the size of
the operators the actions work on. The matrices involved in the global assembly are bigger than
the matrices involved in the local assembly. While the size of the matrices for the former is de-
pending on the amount of elements in the mesh, the latter depends on the polynomial order of
the chosen discretisation. While there are usually enough elements in the mesh to make global
actions worthwhile, the order of the approximation must be high enough for local actions to have
a positive effect on the performance of the FEM. As mentioned previously, matrix-free methods
generally store and load less data than matrix-explicit approaches, but need more FLOPS. That is
a trade-off, which only pays off for higher-order FEMs.

In the setting of the Firedrake framework, another difference between the global and local actions
is the component responsible for expressing the action. While global actions are expressed at the
UFL level and work on variational forms, local actions are introduced at Slate level, meaning they
are operations on Slate tensors. The infrastructural changes I introduced are visualised in figure
4.18. The introduction of an Action node in Slate is followed by a translation into a GEM Action
node and further into a Loo.py CallInstruction . These CallInstructions are then resolved
in a separate compiler pass and replaced by the TSFC assembly kernels of vectors (matrix-free ap-
plication of forms).

One difficulty for local actions is that one action depends on the results of another. Previously,
the Slate compiler filled all terminal tensors and vectors of the Slate expression kernel upfront (
with subkernelO and subkernell in line 19 and 20 in figure 4.16), before executing the linear
algebra operations on them. That was only possible, because tensors representing UFL forms were
not dependent on former Slate operations. With the introduction of Actions, this has changed. The
order of the dependencies needs to be respected. One assembly kernel may depend on the results
of another or the result of linear algebra operations on another, so that tensors cannot be filled
through local assembly kernels upfront anymore. This stacking behaviour becomes more clear
in the generated code in figure 4.17 using the new infrastructure for local actions. The function

subkernell takes the result of the local assembly kernel subkernelO as a parameter.
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r

static void wrap_slate_loopy_knl_ 0 (double *__restrict__ output,
double const *__restrict__ coords,
double const *__restrict__ w_0){

/+ Matrix shaped temporaries =/
double T1[10 * 10];
double T2[10 * 10];
double C[10];
for (int32_t id = 0; id <= 9; ++id)
for (int32_t id_0 = 0; id_
T1[10 * id + id_0] = 0.0;
for (int32_t id_1 = 0; id_1 <
for (int32_t id_2 = 0; id_2 <
T2[10 * id_1 + id_2] = 0.0;
for (int32_t id_3 = 0; id_3 <= 9; ++id_3)
C[id_3] = w_0[id_31;

/+ Matrix—explicit local assembly calls =/
subkernelO_cell_to__cell_integral_otherwise (&(T1[0]), &(coords[0]));
subkernell_cell_to__cell_integral_otherwise (&(T2[0]), &(coords[0]));

/+ Call to linear algebra operations x/
slate_loopy_knl_0 (&(output [0]), &(T1[0]), &(T2[0]1), &(C[0]));

static void slate_loopy_knl_0 (double *__restrict__ output,

double const *__restrict__ T1,
double const *__restrict__ T2,
double const *__restrict__ C)

/+* Temporary declaration x/
double tO0[10];

/+ Linear algebra operations =/
for (int32_t i = 0; i <= 9; ++i)

{
for (int32_t i1i_0 = 0; i_0 <= 9; ++i_0)
t0[i_0] = 0.0;
for (int32_t i_1 = 0; i_1 <= 9; ++i_1)
for (int32_t i_2 = 0; i_2 <= 9; ++i_2)
t0[i_2] = tO0[i_2] + T1[10 * i + i_1] * T2[10 * i_1 + i_2];
for (int32_t i_3 = 0; i_3 <= 9; ++i_3)
output [i] = output[i]l + t0[i_3] * C[i_31;
}

Figure 4.16: Non-optimised Slate code for (T; - T») - C. More detailed explanations of the code are given
in the text.
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-

static void slate_loopy_knl_3 (double *__restrict__ output,

1

2 double const *__restrict__ coords,
3 double const *__restrict__ w_0){
4

5 /+ Vector shaped temporaries =/
6 double AO0O[10];

7 double A1[10];

8 double C[10];

9 for (int32_t id_7 = 0; id_7 <= 9; ++id_7)
10 C[id_7] = w_0[id_71];

12 /I« 1st action x/

13 for (int32_t id = 0; id <= 9; ++id)

14 AO[id] = 0.0;

15 subkernelO_cell_to__cell_integral_otherwise (&(A0[0]), &(coords[0]), &(C
[01));

16 for (int32_t id_3 = 0; id_3 <= 9; ++id_3)

17 A1[id_3] = 0.0;]

18
19 /+ 2nd action =/
20 subkernell_cell_to__cell_integral_otherwise (&(A1[0]), &(coords[0]), &(AO

[013);
21 for (int32_t i_7 = 0; i_7 <= 9; ++i_7)
22 output [i_7] = output[i_7] + A1[i_71];

Figure 4.17: Optimised Slate code for (T} - T») - C. More detailed explanations of the code are given in
the text.
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INFRASTRUCTURE-------------- EXAMPLES

User ‘

Slate & UFL Rt Tensor(dot(u, w)*dx)

Slate Compiler

Term Slate

rewriting Optimiser
. Action(Tensor(a) Tensor(x))

Pass Slate2GEM
through Translator Action(

' ComponentTensor(Variable(A), idx),
Translation to Slate2Loopy ComponentTensor(Variable(X), idx))

Loo.py Calls Translator
action(A[:, 3], X[:])

Two-Stage
Form Compiler

Linking Loo.py to Slate Merger
TSFC Calls

------------- subkernel(A[:], coords[:], X[:])

‘ PyOP2 Interface ‘

| ==

‘ C compiler ‘

Figure 4.18: New infrastructure to support local actions in Firedrake. Black and gray colors indicate
modified infrastructure as part of this project. The Slate compiler in black consists of three columns.
The middle column shows different pieces of the Slate compiler pipeline. Left of that is a short explana-
tion about how the corresponding compiler piece treats an action and right of the language produced
by the compiler piece is indicated.

4.2.3 Alocal matrix-free solver and TensorShell nodes

Replacing all multiplications in the local linear algebra expressions by actions is not the end of the
story to achieve high performance for high order FEM. There are still the non-trivial algebra oper-
ations of an inverse and a solve, which need to be rewritten so that no matrix-shaped temporaries
are built anymore. Inverses can be turned into solves through A.inv-b = A.solve(b) . The solve
nodes remain to be changed. Matrix-explicit solve (and inverse) nodes are placeholders which are
passed through the compiler stack until in the final step they are translated to kernels, which con-
sist of a set of instructions in C, see figure 3.3, for an LAPACK factorisation and solve. Replacing
these C kernels with matrix-free, iterative loopy solve kernels completes the process of rewriting a

matrix-explicit expression into its matrix-free form.
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The matrix-free solver presented here is an unpreconditioned Conjugate Gradient method. If pre-
conditioners are supplied, the algorithm switches automatically to the preconditioned algorithm.
There are some technical details to be considered. As previously mention, the matrix-free solver is
implemented in Loo.py. Calling to PETSc solver would cause to much overhead since these solves
are called on every single cell in the mesh. Since Loo.py does not support while loops yet, the iter-
ation runs to a maximum iteration supplied through the user or N times, but has a stop criterion
to abort when convergence is achieved. The iteration is also aborted when the projector is close to
zero. Pseudocode for the algorithm can be found in algorithm 3.

Algorithm 3: A matrix-free solver is CG method for A€ RV*N b e RV,

The function action 4 (f) calculates the matrix-free application of A on f.

Data: actiong, b
Result: x
1 x¢ — Initialise with b;
2 A_on_xq — Call local kernel to calculate A_on_xg = action 4(Xp) ;
3 ro — Calculate initial residual with ry = A_on_xg —b;
4 po — Calculate initial projector with pg = —ryp;
5 ni — Calculate norm of the initial residual with ny = ¥, ro[i]?

6 forkei{0,..., N} do

7 A_on_py — Call local kernel to calculate action 4 (py) ;
8 p_on_A_on_p; — Calculate norm of the i-th residual with
9 p_on_A_on_py =) ; pklil-A_on_pkli] ;
10 if p_on_A_on_py is close to zero abort;
11 a — Calculate the scaling of the search direction with
12 a = ni/p_on_A_on_pg;
13 xk+1 — Calculate solution by moving coordinates in the direction of the
14 scaled projector by Xy ;1 =Xk + @ - px;
15 ri.+1 — Calculate new residual with ri,; =rg+ a-A_on_py;
16 nk+1 — Calculate norm of the new residual with nj.; = ¥, 1.1 [i1%
17 if converged abort;
18 p — Calculate ratio of new and old residual with = ng.;/ng;
19 ny — Reset norm ny = nj.y1;
20 Px+1 — Calculate new projector with py1 = fpx — I

22 return the solution x;
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In the case that the code is generated to support vectorisation, the conditional to abort the loop
is explicitly vectorised through Loo.py. All solves on the cells in the batch abort if one of them is

converged. In order to still get the wished-for accuracy a lower tolerance should be chosen.

Algorithm 4: A Slate kernel for a matrix-explicit solve on a non terminal tensor:

The kernel calculates (A; + Ay).solve(b).

Data: form;, form,, coeffs
Result: x
1 A;, Az — local assembly of form »;
2 b — fill with data from coeffs;
3 A=A +Ay;
4 Function Solve kernel():

5 L solve Ax = b;

6 more Slate operations;

Algorithm 5: A Slate kernel for a matrix-free solve on a non terminal tensor

The kernel calculates (A; + Ap).matfree_solve(b).

Data: form;, forms,, coeffs

Result: x
1 b — fill with data from coeffs;
2 A, A; — initialise;

3 Function Matrix-free solve kernel():

4 Function Tensorshell kernel():

5 L return action(Ay, b) + action(Ag, b);

6 Calculate initial residual rop and initial projector po;

7 while not converged do

8 Function Tensorshell kernel():

9 L return action(A;, po) + action(Az,po);
10 more solve operations;

11 more Slate operations;
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The tensor A that is solved for in Ax = b is not necessarily a terminal tensor. There may be an
addition involved, for example consider (A; + Ay).solve(b). Depending on whether the matrix A is
terminal or not, the action calls in line 2 and 7 of the CG method in algorithm 3 are replaced by
different function calls.

e When the matrix in the encountered action is terminal, it can be directly replaced by a local
assembly call.

* Otherwise, the linked instruction is a call to a linear algebra kernel. A visualisation of the

nesting of kernels for this case is given in algorithm 5

Note that for complicated expressions this can yield many-nested function calls.

In order to support this behaviour another node was introduced into Slate, called a TensorShell ,
which behaves like a terminal tensor even though it is only a placeholder for operations on ten-
sors. A TensorShell is the equivalent of a PyOP2 ImplicitMatrix, justin a local assembly
kernel, or PETSc MatShell in a later stage. The operations represented by a TensorShell are
not translated within the first compiler pass, but later in the merging step of the Slate compiler,
where actions are resolved. Effectively, the new TensorShell moves the evaluation of a set of
operations to where enough information is available. For example (A; + Az) from the previous ex-
ample is moved from an outer kernel (a Slate wrapper kernel) to an inner kernel (the matrix-free

solve), as be seen in the comparison of algorithms 4 and 5.

4.2.4 Matrix-free preconditioning of the local solvers

4.2.4.1 User-defined preconditioners for local solvers

As mentioned in the previous sections, the local solves can be sped up by using local precon-
ditioners. Just to give a motivation, consider that in a discontinuous space the Schur comple-
ment 85 of the mixed Poisson problem is spectrally equivalent to a Laplacian, so that it is a good
idea to use the DG-Laplacian, see figure 4.19 for the implementation, as an approximation to the
Schur complement and use it as a preconditioner for the matrices of the scalar variable, the pres-
sure p. I have introduced new infrastructure in Firedrake, so that users can define a so called
AuxiliaryOperator to declare a form, written in UFL, which is not a part of the original prob-
lem, for the local preconditioner. This is not limited to the example of DG-Laplacian. The operator
is then passed through the stack and used as a preconditioner to the local solve.

Note that only left preconditioning is considered such that any of the local solvers, which solve
for the unknown x with system matrix A and right-hand side b, are changed from an unprecondi-
tioned solve Ax = b into a with P preconditioned system P~! Ax = P~! b. When a preconditioner is

specified, the preconditioned algorithm for the local CG solve is used.

92



4.2. CODE INFRASTRUCTURE FOR LOCAL MATRIX-FREE SOLVERS

Let the equation of the pressure reconstruction (2.37) from example 2.2.2 be considered, where

the Schur complement can be preconditioned with an AuxiliaryOperator . Denote the right

hand side of (2.37) as Ry} := F{' - A[j (A(I)(O)_l Fy — (All(z —-A%, (A{)(O)_IA})(Z) AX and the user-defined

local preconditioner as Pg and Sg =S11

Then, for the reconstructions calls the original equations in example 2.2.2 change from equation

(4.19) to (4.20). Sg DK = Rg 0.19)
o (Pg)_l SKpX = (Pﬁ)_l RK (4.20)

The presented mechanism of user-defined local preconditioners is generic and if users solve other
problems, where different local preconditioners are needed, the same mechanism can be used. All
that needs to be specified on the frontend, is a form for the preconditioning operator and a solver

parameter.

4.2.4.2 Local preconditioners involving diagonals

Instead of, or in addition to, a user-supplied preconditioner one may wish to precondition the
local solvers with Jacobi. Similar to the user-defined operators only left preconditioning is con-
sidered. The difference between user-supplied preconditioners and Jacobi preconditioners is that
for the latter, in a solver environment, only the corresponding option pc_type:jacobi has to be
specified by the user. The local preconditioning operator will then be a matrix, which carries only
the diagonal entries of the operator A it is specified for.

In the case of hybridisation on a mixed Poisson problem, Jacobi preconditioning can be applied
either to the Agg velocity mass block, the Schur complement S, or even to the user-supplied pre-
conditioning operator. The preconditioner can also be used to replace the operator it is applied
to. For a general local solve Ax = b and a Jacobi preconditioner applied in the usual way, the origi-
nal system turns into P"!Ax = P~!b where the preconditioner is the diagonal part of matrix A, i.e.
P = diag(A).

In addition to the infrastructural changes required in the hybridisation preconditioner in Fire-
drake, so that the Jacobi preconditioner is applied in the right equations according to the specified
solver options, the concept of diagonal local tensors had to be introduced in the Slate language
in Firedrake. Further translation of Slate’s DiagonalTensor into the languages on lower levels
in the framework (in particular GEM) and code optimisations have been introduced as well. The
code optimisation replaces any inverse on a diagonal tensor by a tensor, the Slate node of which is
called Reciprocal , which carries the reciprocal values of the original tensor on its diagonal. The
optimisation is introduced so that no local solves are required to build the inverse of the Jacobi

preconditioning operator.
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23

24

25

26

params = {’mat_type’: ’matfree’,
’ksp_type’: ’preonly’,
’pc_type’: ’python’,
’pc_python_type’: ’firedrake.HybridizationPC’,
’hybridization’: {’ksp_type’: ’fgmres’,
’pc_type’: ’none’,
’ksp_rtol’: 1le-8,
’ksp_atol’: 1e-90,
’mat_type’: ’matfree’,
>localsolve’: {’ksp_type’: ’preonly’,
’pc_type’: ’fieldsplit’,
’pc_fieldsplit_type’: ’schur’,
‘mat_type’: ’matfree’,
’fs0’:{’ksp_type’: ’default’,
’pc_type’: ’jacobi’,
’ksp_rtol’: 1le-14,
’ksp_atol’: 1e-90,
’ksp_max_it’: 57},
’fs1’:{’ksp_type’: ’default’,
’pc_type’: ’python’,
’pc_python_type’:’DGL’,
’aux_ksp_type’:’preonly’

’aux_pc_type’: ’jacobi’,
’ksp_rtol’: 1le-12,
’ksp_atol’: 1e-90,
’ksp_max_it’: 5}}}}

DGL (AuxiliaryOperatorPC):
form(self, pc, u, v):
W = u.function_space ()
n = FacetNormal (W.mesh ())
alpha = Constant (6)
gamma = Constant (8)
h = CellVolume (W.mesh())/FacetArea(W.mesh())
h_avg = (h(’+’) + h(’-7))/2
a_dg = -(inner(grad(u), grad(v))x*dx
- dinner (jump(u, n), avg(grad(v)))*dS
- inner (avg(grad(u)), jump(v, n), )*dS
+ alpha/h_avg * inner (jump(u, n), jump(v, n))=*dS
- inner (u*n, grad(v))x*ds
- inner (grad(u), v*n)x*ds
+ (gamma/h) *inner (u, v)*ds)
bcs = None
(a_dg, bcs)

Figure 4.19: Solver parameters for fully matrix-free hyrbidisation. DGL is the class for the DG-
Laplacian.
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4.2.4.3 An example for solver options

For the motivating example of a mixed Poisson problem from section 4.1, the hybridisation pro-
cess is explained in the examples 2.2.1 and 2.2.2. In Firedrake the hybridisation process is encap-
sulated in a preconditioner, however. The frontend user only need to define their mixed (Poisson)
problem in UFL and the rest can be controlled with solver options. A full set of solver options for
globally and locally matrix-free hybridisation is given as an example with a flexible GMRES solver
as the global trace solver, CG methods for the local solves, a Jacobi preconditioner for the veloc-
ity mass solve and a diagonal, user-defined preconditioning operator called DGL for the pressure
Schur complement solve. The formulation of the DG Laplacian operator is problem dependent.
An example for an unextruded 2D problem is given in figure 4.19.

4.3 Results

In this chapter performance results for isolated Slate expressions (without them being used in
a solver environment) are presented. There are four modes of optimisations available accessible
through the infrastructure presented in this chapter. In the baseline runs, the Slate expressions are
not optimised in any way. The baseline runs show the state of the art before the work presented in
this thesis. Further, the new optimisation passes for reordering the Slate expressions are examined
standalone and in conjunction with new local matrix-free solver and also the local preconditioner
infrastructure. Further, results are shown for a vectorisation of the expression. While the perfor-
mance is examined for building blocks of the hybridisation preconditioner in this section, this will

be extended to an examination in a full solver environment later.

4.3.1 Software and Hardware details

For more detailed hardware details, refer to section 3.4.1. The Firedrake version for these experi-
ments is captured in [80]. The PETSc software was built separately. It is published under [73]. The
Zenodo directory for the experimental data and scripts for reproduction of the plots is [74].

Intel(R) Xeon(R) CPU E5-2640 v3

Sockets 2
Cores per socket 8
Threads per core 2
SIMD instruction set AVX2

Theoretical peak performance (double-precision) 665.6 GFLOP/s
Memory bandwidth performance 60 GB/s

Table 4.4: Hardware specification for the dual-socket Intel(R) Xeon(R) CPU E5-2640 v3 architecture
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4.3.2 Problem setup

Performance results are shown for the building blocks of a static condensation solve for a hy-
bridised mixed Poisson problem as presented in example 2.2.1 and 2.2.2. The problem is discre-
tised with a hexahedral mesh. The assembly of the action (matrix-free application) of the inner
(pressure) Sg from equation (4.10) and outer (trace variable) Schur complement Sf from equation
(4.12) on a function f(x1, X2, X3) = X1 - (n—X1) - X2+ (n—X2) - X3 - (n— x3), where the x; are coordinates
in the mesh and 7 is the mesh size parameter, is measured in the following experiments.

There are multiple optimisation modes of the Slate expression available. The expression order is
sorted in the expression optimised mode, see section 4.2.1, the inverse is replaced by a local
matrix-free solve in the matfree mode, see section 4.2.3 and the local matrix-free solve is pre-
conditioned in the preconditioned matfree mode, see section 4.2.4. These modes showcase
the performance of the code infrastructure introduced in this chapter. The best of those modes
is further combined with the vectorisation optimisations presented in the previous chapter 3 in a

vectorised preconditioned matfree mode.

In the preconditioned matfree mode the preconditioners which turned out to perform well
in the investigation in section 4.1.2.2 are used. In the pressure Schur complement action only
the local matrix Agp needs to be inverted. A diagonal preconditioner is used for the matrix-free
solve, as explained in section 4.2.4.2. In contrast, in the trace variable Schur complement action
both Agg and the pressure Schur complement Sg need an inversion. In the preconditioned mode,
again, the solve for Agg is preconditioned with Jacobi, and further, the pressure Schur complement

is preconditioned with a user-defined Laplacian operator, see section 4.2.4.1.

4.3.3 Results

DOF throughput results are presented for different optimisation modes of the inner Schur comple-
ment in figure 4.20 and for the outer Schur complement in figure 4.21. Ideally, the DOF throughput
rates should be presented alongside the FLOPS throughput rates. Unfortunately, it is not feasi-
ble to count the FLOPS with the Loo.py statistics tools. The problem is that when using locally
matrix-free methods, the inner loops are aborted when the local solvers converge and therefore,
the Loo.py FLOP counting algorithm overestimates the amounts of FLOPS for these kernels. One
possibility to overcome this is to run the local solvers to a fixed number of iterations. This will lead
to either over- or underiteration in the loop for the convergence and would therefore not give a
realistic performance measurement since the Schur complements need to be build exactly.
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In the unoptimised, baseline case there is a significant drop in the DOF throughput for both Schur
complements with increasing approximation degree. The reason for that is that the size of the local
matrices in the Slate expressions increases with approximation degree. The processors are waiting
longer for loading the data the bigger the matrices are. In each optimisation mode different steps
are taken to work around this well-known bottleneck.

For the inner Schur complement, see figure 4.20, the throughput increases when improving the
expression order so that less data needs to be stored and loaded, as expected. The DOF processing
rate also drops less significantly when the Slate expression are rewritten into a matrix-free from by
replacing the inverses with matrix-free solves. Further, the preconditioning improves the iteration
count of the matrix-free solves and the runtime is therefore faster than for the unpreconditioned
case. Finally, processing more data at a time with SIMD vectorisation speeds up the rate by around
25 percent. In the best two modes the DOF throughput stays consistent with an increase in the
polynomial order for the inner Schur complement action.

For the outer Schur complement, see figure 4.21 the order of best performing modes is the same,
but compared to the inner Schur complement, the DOF throughput is not as high and is also not
improved as well through the optimisations. The reason for the former is that the expression is
more complex, meaning more operations have to be processed so the kernels take more time to
execute, while the amount of DOFs stays the same. Further, the preconditioned matrix-free op-
timisation does not result in a constant rate for the higher approximation degrees, because the
preconditioner for the pressure variable Schur complement is not as effective as the one for the
Ay block. The vectorisation does not seem to give any speedup, reasons for which are currently
not understood.

For the matrix-explicit optimisation modes, the memory requirement for approximation degrees
higher than what is shown in the figures 4.20 and 4.21 simply becomes prohibitive. The DOF rates
for higher order approximations than that are only shown for the best two optimisation modes,

see figure 4.22 and 4.23. The trends from the figures 4.20 and 4.21 are continued on higher order.

In the performance results here, the accuracy obtained by any of these methods is not shown.
The expression order resorting should not result in a loss of accuracy unless there are inaccuracies
due to floating point precision errors which are more pronounced in one expression order than
another. Switching to the matrix-free mode, however, means that the inverses are approximated
through iterative solves and an accuracy of the methods should be considered. Further, vectorised
matrix-free solves use an unrolled stop criterion. The solve on all elements in a SIMD batch are
aborted as soon as one of them is converging, so that the solves on some elements in the SIMD

batch are underiterated. The accuracies will be examined in the final chapter.
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Figure 4.20: DOF throughput of the pressure Schur complement action discretised with RTCF,,_1-DG,,
and polynomial degrees p on a 32 x 32 x 32 hexahedral mesh with unit step size assembled with different
optimisation modes previously presented in this chapter
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Figure 4.21: DOF throughput of the trace Schur complement action discretised with RTCF,_1-DG,
and polynomial degrees p on 16 x 16 x 16 hexahedral mesh with unit step size assmbled with different
optimisation modes previously presented in this chapter
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Figure 4.22: DOF throughput of the pressure Schur complement action discretised with RTCF,,_1-DG,,
and polynomial degrees p on a 16 x 16 x 16 hexahedral mesh with unit step size assembled with the
locally matrix-free optimisation modes for higher approximation degrees
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Figure 4.23: DOF throughput of the trace Schur complement action discretised with RTCF,_1-DG, and
polynomial degrees p on a 16 x 16 x 16 hexahedral mesh with unit step size assembled for the locally
matrix-free optimisation modes for high approximation degrees
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Chapter 5

Performance evaluation of fully matrix-free

hybridisation of a mixed Poisson problem

While a subset of results has already been presented for building blocks of the model problem
in previous chapters, those results are extended to more realistic solver setups here. As before, a
mixed Poisson problem is considered as the model problem. In section 4.3.3, the DOF through-
put rates for the model problem are compared for different optimisation modes for the action of
both the pressure, defined in equation (4.10), and the trace Schur complement operator, defined
in equation (4.12). These operators are building blocks to a fully matrix-free hybridisation precon-
ditioner, as explained in section 4.1. Good throughput, and in particular scaling, has already been
demonstrated for both operator actions in the fully matrix-free mode in the previous chapter. The
trace Schur complement action throughput in the fully matrix-free mode was shown to slightly
trail off with increasing polynomial degree, however, due to a lack of a polynomial degree robust,
local preconditioner. Instead of only timing building blocks the performance is now investigated

in a full hybridisation solver setup also including accuracy and size information.

In this section, only the expression-order optimised but matrix-explicit, and the matrix-free op-
timisation mode are considered. A mixed Poisson problem is solved with different solver setups,
in most cases with a hybridisation preconditioner, but also with a PETSc fieldsplit preconditioner
for a reference. Further, Gopalakrishnan-Tan multigrid (GTMG), which is expected to be a robust
preconditioner for the trace system solve with respect to an increasing approximation degree, is

investigated. An introduction to GTMG can be found in section 2.2.4.

First, the different solver setups are compared, evaluating both runtime and the iteration count
required for a converged solution, see section 5.3. Further, the solvers are evaluated and compared
with help of the Time-Size-Accuracy (TAS) spectrum [81], see section 5.4. The spectrum is useful
to compare different algorithms and discretisations considering accuracy and throughput rate on
top of time-to-solution.
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5.1 Problem

The problem of interest is a mixed Poisson problem. The definition of a mixed Poisson problem
and how it can be solved with help of hybridisation is explained in the introduction in section
2.2.3. The details on the numerics of the problem are explained in section 4.1.2. In this chapter
the Poisson problem is solved on an L x L x L domain with L =2 and with a 16 x 16 x 16 mesh for
all solvers. The exact solution u(x,y,z2) =x-(L—x)-y-(L—=y)-z-(L—2)- el=**1 with L, the charac-

teristic length of the domain, is known through the Method of manufactured solutions (MMS) [82].

All runs are verified in the actions of the newly introduced performance testing framework in [77].
Data, plots and script are published in the same repository. The Firedrake version required is the

same as in section 4.3.1.

5.2 Solvers

5.2.1 General setup

The solver setups are constructed in a hierarchical way, where parts of a solver are swapped for
what would be expected to be a better choice, one after the other. All cases involve a hybridisation
preconditioner, besides the first one - the native DG solver showcases the performance of a PETSc

fieldsplit preconditioner as a reference.

| (pl) Solver for mixed system |

(p2) Hybridisation [G] |

—| Forward elimination [L] |

\—{ (p3) Pressure Schur complement inverse [L]

(p4) Intra-cell velocity mass inverse [L]

Trace solve[G]

(p5) Conjugate Gradient [G] |
\—| (p6) Preconditioner [G] |
\—| (p3) Pressure Schur complement inverse [L]

(p4) Intra-cell velocity mass inverse [L]

—| Backward substitution [L] |
\—{ (p3) Pressure Schur complement inverse [L]

\—{ (p4) Intra-cell velocity mass inverse [L]

Figure 5.1: General diagram of the Hybridisation solver setup. The forward elimination and backward
substitution are purely local kernels (denoted by [L]), whereas the trace solve involves global kernels
(denoted by [G]) and local ones. Red denotes the outermost solve, gray separates parts of the hybridis-
ation preconditioner.
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From case 2 to case 7, the global solver on the trace system of the hybridisation preconditioner
(for equation (4.2)) is changed from a direct LU solver, to an iterative CG solver, and further, from
a matrix-explicit to a globally matrix-free to a fully matrix-free solver. The preconditioner on the
trace system solve is swapped from Jacobi to assembled Jacobi to GTMG in the hierarchy of the
cases. In addition, for the fully matrix-free setup the local solvers are considered in an unprecon-
ditioned and preconditioned version. For clarity, all cases are listed in table 5.1 with explanation
and links to their corresponding solver diagrams in the appendix. The solver diagrams involving
the hybridisation preconditioner (case 2 - 7) follow the structure in diagram 5.1. Which solvers are
chosen for the trace preconditioner (node (p6)) and the local solves (nodes (p3) and (p4)) depends

on the case and details are explained in section 5.2.2 and 5.2.3.

Solver setup Details Fig.

1 Petsc’s fieldsplit Reference solver 9.6

2 Hybridisation + matrix-explicit CG + Hybridisation with a matrix-explicit, itera- 9.7
Jacobi + local, direct solves tive CG solver preconditioned with Jacobi
on the trace system and direct solves for the
local systems

3 Hybridisation + matrix-explicit CG + Same as case 2, but with a GTMG precon- 9.7
GTMG + local, direct solve ditioner on the trace system

4 Hybridisation + globally matfree CG + Same as case 2, but with a globally matrix- 9.7
Jacobi + local, direct solve free CG solver preconditioned with an as-
sembled Jacobi preconditioner on the trace
system

5 Hybridisation + globally matfree CG + A combination of the trace solver from case 9.7
GTMG + local, direct solve 4 and trace preconditioner from case 3:
a globally matrix-free CG solver precondi-
tioned with the GTMG preconditioner for
the trace system

6 Hybridisation + fully matrix-free CG + Same as case 5, but with a fully matrix-free 9.8
GTMG + locally unpreconditioned CG  global CG solver for the trace system and
unpreconditioned, local CG solvers

7 Hybridisation + fully matrix-free CG + Same as case 7, but with preconditioned, 9.9
GTMG + locally preconditioned CG local CG solvers as explained in section
424

Table 5.1: A summary of the solver setups. Case 1 is a reference solver from PETSc without using Fire-
drake’s preconditioning, the others are using the Hybridisation preconditioner. The Hybridisation pre-
conditioner is the Firedrake equivalent of a PETSc fieldsplit preconditioner with the first split for the
intra-cell velocity and pressure contributions and the second fieldsplit for the velocity trace contribu-
tions, but using local, solves for intra-cell velocity and pressure systems and a global solve for the trace
system.
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In a later analysis, some test cases are considered in groups to simplify the performance evalua-
tion. The cases are grouped by the type of matrices used in the corresponding solver. The groups

are listed in the following.

e Group 1: All cases which are fully matrix-explicit, which are number 1 to 3.
* Group 2: All cases which are globally matrix-free, which a are number 4, 5.

* Group 3: All cases which are fully matrix-free, which are number 6, 7.

5.2.2 Trace preconditioner

In the all cases besides 1, 2 and 4, GTMG preconditions the trace solve (node (p6) in diagram
5.1). Inside the GTMG preconditioner there are two different multigrid algorithms. The GTMG
p-multigrid solves a fine space problem and coarse space problem. On the coarse space problem,
an h-multgrid is used with a fine mesh solve and a coarse mesh solve. A diagram which zooms in
onto node (p6) in diagram 5.1 for a GTMG preconditioner is presented in figure 5.2.

| (p6) GTMG preconditioner for trace system |

—I Fine space level solve [G] |

\—{ (p7) Chebyshev solver [G] |

(p8) Jacobi preconditioner [G] |

(p3) Pressure Schur complement inverse [L]

e el s v (6] | (p4) Intra-cell velocity mass inverse [L]

\—{ (p9) Preonly [G] |

L{ (p10) h-multigrid [G] |

—| Fine space level solve [G] |

\—{ (p11) Chebyshev solver [G] |

(p12) Jacobi preconditioner [G] |

\—{ (p3) Pressure Schur complement [L]
(p4) Intra-cell

—| Coarse mesh level solve [G] | velocity mass [L]

\—{ (p13) Preonly [G] |

L{ (p14) Super-LU [G] |

Figure 5.2: Setup of the GTMG preconditioner. The diagram is zooming into the solver option specified
in node (p6) in diagram 5.1
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The preconditioner presented in diagram 5.2 differs slightly between the groups of cases depend-
ing on the matrix types involved. For group 1, which contains all fully-matrix explicit cases, the
whole GTMG preconditioner setup is matrix-explicit. For group 2 and group 3, the Jacobi pre-
conditioner on the fine space level solve (node (p8) in diagram 5.2) is assembled explicitly and the
coarse mesh level preconditioner is matrix-explicit. In both cases 2 and 4, a matrix-explicit Jacobi

preconditioner is used as a trace preconditioner.

5.2.3 Local Solver

Similar to the GTMG preconditioner the local solvers depends on the type of matrices used and

therefore, differ between the groups.

For group 1 and group 2 the local solvers (nodes (p3) and (p4) in all solver diagrams) are direct
solves. For group 3 the solves are locally matrix-free, iterative solves, in particular the matrix-free
Conjugate Gradient method, and depending on the case the local solvers are unpreconditioned
(case 6) or both the intra-velocity mass system and the pressure Schur complement system are
preconditioned (case 7). Which local preconditioners are used is explained in section 4.2.4.

5.2.4 Tolerances

In this performance evaluation, the domain of the problem stays unchanged while the amount
of elements in the mesh and the approximation polynomial degree changes. All solvers are iter-
ated to an accuracy that is sufficient for convergence on the finest mesh and finest approximation
degree. This is the easier setup, but not ideal, because on coarser problems the solvers iterate to
an accuracy which is not actually necessary and are therefore not achieving the performance they
could. In a physical application it should only be iterated to an accuracy that is required and not
more. The interest here lies in a comparison of different solvers in particular on the highest order,
however, and a setup which is the same across all solver parameter test cases, is considered as un-
problematic.

In the parameter setups, there are multiple solvers nested into each other and which accuracy the
outer solvers can achieve depends on the inner solvers. Therefore, convergence of the iterative
solver is chosen solely in terms of relative tolerances. The outermost solver is iterated to a relative
tolerance of 1e — 9, the inner solvers are chosen in dependence of the outer solver tolerance. The

exact solver tolerances can be found in the solver diagrams in the appendix in E.

5.2.5 Parallelism

In this section all simulations are run in serial and without vectorisation. The matrix-explicit im-
plementations have a distinct advantage in sequential runs since they get more bandwidth than

on a fully populated node. Therefore, further experiments are needed.
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5.2.6 Hardware specification

For a full account of hardware specifications refer to section 3.4.1.

Intel(R) Xeon(R) CPU E5-2640 v3

Base Frequency 2.6
Theoretical peak performance (double-precision) 665.6 GFLOP/s !
Memory bandwidth performance 60 GB/s 2

Table 5.2: Hardware specification for the dual-socket Intel(R) Xeon(R) CPU E5-2640 v3 architecture
used for the experiments

5.3 Performance comparison of the different solvers

To give an overview, first, the set of solvers is considered with regards to runtime and iteration
count. Both the iterations of the outer solver (node (p17) in diagram 5.1) and the trace solver

(node (p5) in diagram 5.1) are taken into account.

All numbers are presented in heatmaps, see figures 5.3 and 5.4. In both heatmaps, performance
numbers are shown for all solver test cases and various approximation degrees, but the amount of
cells in the mesh are fixed as explained in section 5.1. For the cases where GTMG preconditions
the trace solve (node (p6) in diagram 5.1), the coarse (space) solve of the GTMG preconditioner
(node (p10) in diagram 5.2) is solved with an h-multigrid, and the coarse mesh level solve of that
(node (p15) in diagram 5.2) is solved on a 4 x 4 x 4 mesh. Heatmaps generated for a smaller mesh,
an 8 x 8 x 8 mesh (and 2 x 2 x 2 mesh on the coarse mesh solve), can be found in the appendix F.

In Group 1, the group of fully matrix-explicit cases, the reference solver is performing the worst
in terms of the time and iteration count of the outermost solver for higher order. For lower or-
der (p =0,1) the reference solver is highly competitive, but with increasing polynomial degree the
number of solver iterations grows faster for the reference solver than for the other solver setups in
group 1. The reference solver in case 1 has no iterations in the trace iteration heatmap, because
inter and intra-cell velocity are solved at the same time. There is no hybridisation preconditioner
used in this case. In contrast, all hybridisation preconditioners are run to convergence so that the
outer solver converges in one iteration. Therefore, the outer iterations of case 1 are compared to

the trace iterations of case 2 and 3.

ICalculated as base frequency x cores x doubles per simd vector x fma x ports as proposed in [28]
2Maximum bandwidth achieved on this architecture by STREAM triad benchmark on a variety of cores. For details
on the measurement see section B.
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Figure 5.3: Heatmap of runtime performance measurements in seconds for solving the mixed Poisson
problem on a fixed mesh (refer to section 5.1). The cases for different solver setups can be found in
table 5.1. Gray, unannotated cells correspond to a solver which is not able to solve the problem.
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Figure 5.4: Heatmap of outer solver iterations (for case 1) and trace solver iterations (for the other cases)
for solving the mixed Poisson problem on a fixed mesh (refer to section 5.1). In case 1, the reference
solver, is not using hybridisation and has therefore no trace iterations, but outer iterations. The map-
ping from the cases to the different solver setups can be found in table 5.1. Gray, unannotated cells
correspond to a solver which is not able to solve the problem.
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Both, hybridisation with a Jacobi preconditioned (case 2) and a GTMG preconditioned CG (case
3), perform better in terms of the runtime compared to the reference solver. This is not surprising
and an argument for using the hybridisation preconditioner as suggested in [21]. In fact, for the
highest order approximation the reference solver in case 1 ran out of resources before a solution
could be found. The Jacobi preconditioned CG has a strongly increasing iteration number with
approximation degree, which is the reason why the GTMG preconditioner is considered instead.
Even though the GTMG preconditioner iteration count grows much less with approximation de-
gree, the runtime of the full solver is approximately equal to the one where Jacobi preconditioned
CG is used on the trace solve. Possibly, there is a cross-over point at high order, where GTMG out-

performs Jacobi.

In group 2, the group of the globally matrix-free solvers, the solver where Jacobi is used (case 4) has
a much stronger increase in iteration count with approximation degree for the trace solve, com-
pared to the case where the GTMG preconditioner is used. This is an equivalent observation to the
one where case 2 and case 3 are compared. The difference to group 1 is, that the runtime of case 4
is much worse than the runtime of case 5. In addition, it can be noticed that the runtimes in this

groups are in general many multiples higher than the ones in group 1.

The problem in group 2 is twofold. First, there is some effort put into setting up the global matrix-
free infrastructure (and many global actions are calculated instead of storing the global matrix
once), but the local matrices are still matrix-explicit and solving the local systems with a direct
solve is a dominating cost in the full solver. Second, currently there is no way to assemble a diag-
onal (point-diagonal, not block-diagonal) of the operator on the trace solve, see equation (2.35),
in a matrix-free way. That is because the expression which represents the diagonal of the trace
Schur complement contains complex linear algebra operations and cannot be transformed such
that the diagonal acts on a terminal tensor. Therefore, the diagonal of the trace operator has to be
assembled in a matrix-explicit manner which is expected to come at a similar cost to assembling
the operator itself. A quantification of the cost for the assembly of the diagonal in case 7 can be
found in figure 5.11. This is a big problem, which is also encountered in group 3. Both of these
issue justify why case 5 performs much worse than case 3. Possibly computing and storing the
diagonal upfront and reusing it would resolve some of this runtime bottleneck. Further, one could

consider using a block-Jacobi methods on the smoother [23].

Case 6 in group 3 is the first case where a fully matrix-free solver setup is considered, but the lo-
cal solves are unpreconditioned. The runtime of this case is worse than its globally matrix-free
equivalent case 5. The iterations count at the highest order is also about 20 percent higher which
might be the reason for the unexpected increase in runtime from case 5 to case 6. For case 7,
which is using preconditioned local matrix-free infrastructure, the solver ran out of resources be-
fore it could find a solution. One of the reasons for that is likely the lack of a matrix-free diagonal

preconditioner on the matrix-free, fine space levels of the GTMG preconditioner.
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Further, while the fully matrix-free application of the trace Schur complement operator, the oper-
ator of the smoother in the GTMG algorithm, showed better throughput than the matrix-explicit
version in the previous chapter, many more operations are required and in terms of runtime, the
matrix-free application may well perform worse. Further, the matrix-free solver for the trace Schur

complement is not robust with respect to the polynomial degree.

The reason for why assembling the diagonal of the trace Schur complement in a matrix-explicit
way breaks the solver in case 7, but not in 6, is that the local expressions become more complex
as soon as local preconditioners are introduced and therefore more storage is required for the
assembly. For the next-to-highest order runs the preconditioned fully-matrix hybridisation is out-
performing both the global-matrix free and the unpreconditioned fully-matrix-free cases (case 5
and 6), but not the fully matrix-explicit version.

In summary, as expected matrix-explicit Jacobi preconditioned hybridisation outperforms the ref-
erence solver and matrix-explicit GTMG preconditioned hybridisation outperforms Jacobi pre-
conditioned hybridisation. Switching to either globally matrix-free or fully matrix-free GTMG pre-
conditioned hybridisation does not currently pay off, even on higher order approximations, due
to a lack of a matrix-free preconditioner on the levels of the fine space solve on the trace system.
Further, the matrix-explicit implementations have a distinct advantage in sequential runs since
they get more bandwidth than on a fully populated node. More work is needed.

5.4 The Time-Accuracy-Size spectrum

In the following, accuracy and size are taken into account in the investigation, in addition to the
runtime. The Time-Accuracy-Size (TAS) spectrum, developed in [81], is useful for comparing the
performance of different numerical discretisations and the solvers for their corresponding equa-
tion systems simultaneously. This is made possible by linking the traditionally presented perfor-
mance in form of convergence and scaling analysis in two new plots evaluating the so-called effi-
cacy and true static scaling of the algorithm.

Measure Acronym Definition

Degrees of Freedom DoFs number of unknowns
Error err lup—ullr,

Digits of Accuracy DoA —log,, (err)

Digits of Size DoS log,, (DoFs)

Digits of Efficacy DoE —log,, (err-time)
Throughput rate DoFs/s DoFs/time

True throughput rate True DoFs/s DoFs/time - (DoA/DoS)

Table 5.3: Measures for the TAS spectrum with an approximation u;, and an exact solution u
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5.4. THE TIME-ACCURACY-SIZE SPECTRUM

In table 5.3, the measures involved in the TAS spectrum are introduced. Further, the plots in the
TAS spectrum, their definition and what question they answer, can be found in table 5.4. Details
on the interpretation of the TAS spectrum can be found in [81]. The spectrum is designed such

that having a higher value on the y-axis means a better performance in all plots.

A difference compared to the original publication [81] is that here, the TAS spectrum is adapted
to mixed FEM. The errors of velocity and pressure are considered separately, while the time-to-
solution for each is the time for the mixed solution. Further, while it is later shown that the work
scales linearly with the mesh size, this is not true when methods on approximations of different
orders are compared. Therefore, the slope of the efficacy does not match the prediction in [81].

Plot Definition Answers the Question
Convergence DoA versus DoS How much accuracy can be achieved given a
discretisation of a fixed size and at what rate?
Static scaling Throughput rate At what rate is a solution computed at a given
versus time time-to-solution?
Efficacy DoE versus Time How well does the spent time translate into
the accuracy of the solution?
True static scaling True throughput How fast s the algorithm if the DoFs are scaled
rate versus time by the accuracy they contribute?

Table 5.4: Plots in the TAS spectrum

5.4.1 Comparison across approximation degree and mesh sizes

In figure 5.5 and 5.6, the TAS spectrum is presented for velocity and pressure for case 3, the case
of the best performing fully matrix-explicit solver. The increase in size for a fixed polynomial ap-

proximation degree (per line) is achieved by refining the mesh.

As expected mesh convergence is achieved. The finer the mesh, the higher is the accuracy achieved,
across all polynomial approximation degrees. The slope of the different lines scale with the con-
vergence rate a, defined through err <= Ch%, where C is a constant and « is dependent on the
polynomial degree p. The optimal convergence rate is stated as @ = p +1 [83], [84]. The highest
amount of accuracy is achieved in the approximation of the pressure on an RTCF5-DG4 discretisa-
tion on the finest mesh. This accuracy is dictating the solver tolerance required. For case 3 for the
finest run the solver tolerance was not low enough. As previously mentioned , the solvers across
all orders iterate to the same tolerance, see section 5.2.4.

Evaluating the static scaling plot, a constant line is expected. The trailing off on the left hand side
is indicating that the solver is acting in a bandwidth limited regime. The static scaling is showing
a lower performance for higher order approximation due to a lower throughput rate, even if it is
scaled by the accuracy as shown in the true static scaling plot. This matches the expectations since

the solver is fully matrix-explicit and loading the data becomes a bottleneck in the algorithm.
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5.4. THE TIME-ACCURACY-SIZE SPECTRUM

While the throughput rates indicate a lower performance of higher order approximations, the ef-
ficacy increases with approximation degree. While the time-to-solution increases with increasing
approximation degree, if the same time is spent, a high order approximation will yield better ac-
curacy than a lower order approximation on a problem of the same size.

All these results are equally reflected in the TAS spectrum for case 7. The only difference is that
the reason for the decreasing throughput rate with polynomial degree is due to the lack of a fully
matrix-free preconditioner for the smoother on the coarse space level of the GTMG algorithm and
the lack of a robust local preconditioner for the pressure Schur complement. This means that
the work does not scale linearly with the approximation degree. Further investigation into the

performance per polynomial degree on a fixed mesh is presented in the following section.

5.4.2 Comparison across solver algorithms and approximation degrees

In figure 5.9 and 5.8, a TAS spectrum is shown considering different solver algorithms. Each line
represents one of the previously listed test cases. The focus is set on case 3, 5, 6 and 7. Each point
in the lines presents the performance on a different approximation. While the mesh is fixed to
4 x 4 x 4 on the coarse mesh, and 16 x 16 x 16 on the fine mesh, the polynomial degree p in an
RTCF-(p +1) and DG-(p) discretisation ranges from 0 to 4.

Given that setup, the accuracy rate scales with polynomial approximation degree and is exponen-
tial, as expected. The DoA is the same for each test case because the solvers are iterated to conver-
gence.

All test cases show a trailing off in the throughput rate with increasing polynomial degree. For the
fully matrix-free cases, this is due to the lack of both a matrix-free preconditioner on a global level
and the lack of an approximation degree independent preconditioner on the local pressure Schur
complement solves. The lack of p-robustness of the local pressure Schur complement solves is e.g.
shown in table 4.1. A better local preconditoner has to be found. If the global assembly of the diag-
onal trace Schur complement operator would not exceed the storage requirements, case 7 would
possibly beat the global matrix-free case, case 5. The local preconditioning in case 7 improves the
runtime and equally the throughput rates, compared to the locally unpreconditioned case, case 6.

Both the true static scaling and the efficacy plots show a superiority of the matrix-explicit, GTMG
preconditioned hybridisation compared to its globally and fully matrix-free counterparts. More
work on finding good preconditioners is required. It has to be mentioned that the TAS spectrum
does not account for the arithmetic intensity of the algorithm. There are many more FLOPS pro-

cessed in fully matrix-free methods.
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Figure 5.5: Case 3: Full TAS spectrum for velocity: mesh convergence, static scaling, efficacy, true static
scaling (left to right, top to bottom). The increase in size between the points on each line is achieved by
refining the mesh as follows: 4 x4 x4,8x8x8,12x12x 12,16 x 16 x 16.

10 o 0 .
8 —— p:1 10 //‘—"'
—=— p=2 \———7

DoF/s

10°

%:6 +p=3
D4+pj4/v//v

2
— 10°
0 1 2
3 4 5 6 10 10
DoS Time [s]
8
/ 104 //*/4‘—_:—‘*_—*
6 &
e 3
W, 810
o ©
=
2 I/v F 10
o &
10" 107 10 10°
Time [s] Time [s]

Figure 5.6: Case 3: Full TAS spectrum for pressure: mesh convergence, static scaling, efficacy, true static
scaling (left to right, top to bottom). The increase in size between the points on each line is achieved by
refining the mesh as follows: 4 x4 x4,8x8x8,12x12x 12,16 x 16 x 16.
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Figure 5.7: Case 7: Full TAS spectrum for velocity: mesh convergence, static scaling, efficacy, true static
scaling (left to right, top to bottom). The increase in size between the points on each line is achieved by
refining the mesh as follows: 4 x4 x4,8x8x8,12x12x 12,16 x 16 x 16.
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Figure 5.8: Case 7: Full TAS spectrum for pressure: mesh convergence, static scaling, efficacy, true static
scaling (left to right, top to bottom). The increase in size between the points on each line is achieved by
refining the mesh as follows: 4 x4 x4,8x8x8,12x12x 12,16 x 16 x 16.
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Figure 5.9: Full TAS spectrum for velocity for all cases on a 16 x 16 x 16 mesh: mesh convergence, static
scaling, efficacy, true static scaling (left to right, top to bottom). The increase in size between the points
on each line is achieved by refining the mesh by increasing the approximation degree from 0 to 4
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Figure 5.10: Full TAS spectrum for pressure for all cases on a 16 x 16 x 16 mesh: mesh convergence, static
scaling, efficacy, true static scaling (left to right, top to bottom). The increase in size between the points
on each line is achieved by refining the mesh by increasing the approximation degree from 0 to 4.
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5.5 A performance profile

A runtime profile gives another perspective on the performance of locally preconditioned, fully
matrix-free hybridisation (case 7). The exact timings of the profile are neglected in the evaluation
here, only the relation between timings of different parts of the solvers are considered. The per-
formance profile is used to clarify that there are two problems left to solve to achieve high perfor-
mance for fully matrix-free hybridisation. In figure 5.11, it can be seen that while the assembly of
the diagonal of the trace Schur complement operator (green) contributes a big part to the time-to-
solution and is certainly the storage bottleneck, the local solvers (blue and purple) in the smoother
on the coarse space level of the GTMG preconditioner (yellow) are contributing a big part to the
time-to-solution, too. A similar result has been observed in the previous chapter, in section 4.3.3

in figure 4.21, the pressure Schur complement solve is not robust with the polynomial degree.

[Time spent on fully matrix-free hybridisation (1313s total) |
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Figure 5.11: A flamegraph of locally preconditioned, fully matrix-free hybridisation (case 7) for a mixed
Poisson problem discretised with RTCF4-DG3 on a 16 x 16 x 16 mesh
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5.6 On vectorisation

It has been demonstrated in the results section of the previous chapter, section 4.3.3, that it ought
to be possible to present some runtime results for vectorised, fully matrix-free hybridisation. But
the PyOP2 compilation times of the kernels in the trace solve is so high that one needs to investi-
gate a way to improve the compilation before.

While it takes 71 percent of the run of the lowest order in case 6 for no vectorisation, it takes 95
percent for vectorisation. Instead of 280 seconds, 2400 seconds are spent in total on the compila-
tion. The time in the compilation is mostly spent in loopy functions. The problem is that all local
kernels in the global kernel need to be inlined into each other by Loo.py before vectorising, which
takes a lot of time in itself. Cross function call vectorisation is currently not supported by Loo.py.
Further, the inlining blows up the local kernels and generating the C code from loopy becomes an
even bigger bottleneck in the compilation for the vectorised trace solve than for the unvectorised

one.
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Chapter 6
Summary and future work

In this thesis, the code generation for vectorised, local, matrix-free linear algebra operations on Fi-
nite element tensors was developed. The new code infrastructure is used to solve the hybridisation
of a mixed Poisson problem fully matrix-free. In chapter 3, vectorised local linear algebra opera-
tions have been proven to achieve a high amount of the peak performance and good scaling was
shown for fully matrix-free local linear algebra expressions in chapter 4. High performance in a full
solver setup as presented in chapter 5 requires more work on the preconditioners to the systems.

In the following, I summarise my contributions and how I envisage my work to be continued.

6.1 The Slate compiler and vectorisation

As a stepping stone to my later work on vectorised matrix-free methods, I have rewritten the Slate
compiler to compile from Slate to Loo.py rather than to Eigen. Besides a more consistent code
generation across the different components of the Firedrake framework, this a) paved the path to
the reutilisation of the vectorisation as employed in [28] and b) gives easy access to the code opti-
misations, in particular sum-factorisation, established in [34]. The new Slate compiler translates
the linear algebra operations to GEM in a first stage, and accesses TSFC technology to translate

GEM to Loo.py in a second stage.

The inherent structure of finite element methods, in particular the repeated application of the
same kernel to the elements of the mesh, makes vectorisation an obvious choice for speeding up
the solve of the resulting equation systems. High-order FE methods, as they are considered in this
thesis, are data-intensive methods. Only for operations on a reasonable amount of data, the vec-
torisation overhead through resorting loops diminishes.
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6.2. SUM FACTORISATION AND FULLY MATRIX-FREE METHODS

A cross-elemental vectorisation strategy has been implemented in Firedrake with help of Loo.py in
[28]. The results in the study in [28] are extended to local linear algebra expressions in this thesis.
The vectorisation of a simple linear algebra expression has been shown to achieve a high amount
of peak performance on a variety of finite element forms. Further, in section 4.3 vectorisation has
shown to improve the DOF throughput rate for a fully matrix-free linear algebra expression.

In section 5.6, I pointed out the slow compilation times for Slate kernels. While the wait times are
tremendously long for vectorised kernels, they are also unacceptably slow for unvectorised ker-
nels. In the future, it should be investigated if the compilation time can be improved.

Currently, vectorisation is only supported for CPU targets. Extending the support to other targets
would be a valuable step to take in the future. In fact, there is ongoing work to introduce general
GPU support in Firedrake, see the development branch https://github.com/0P2/Py0P2/tree/
gpu. Therefore, an extension of vectorisation to GPU targets should become more than feasible
soon. Vector extensions in CPUs and the registers in GPUs differ a) in the length of their registers

and b) in their memory capacities. Dependent on the target the vectorisation strategy might vary.

6.2 Sum factorisation and fully matrix-free methods

Using matrix-free methods implies a trade of storage for operations. In order to deliver higher
performance than matrix-explicit methods, it is crucial to make the calculation of matrix-vector
calculations, including an instant assembly of the tensors, faster than loading them from mem-
ory and executing the operation. A key factor for performance is the sum factorisation compiler
optimisation , which was introduced in TSFC in [30]. This is of particular importance for high or-
der elements. With sum factorisation the work of a matrix-vector product operation reduces from
G (p*?) to G (p?*) [30], where p is the polynomial degree and d is the dimension.

In Firedrake, sum factorisation has only been established for quadrilateral and hexahedral ele-
ments. Sum factorisation for simplicial elements is more complicated, since their bases are not
straightforwardly decomposed into a tensor product. In [24] it was proven, that there are still pos-
sibilities to achieve an efficient matrix-free solver using sum factorisation for simplicial elements,
when using the right basis functions. This might give a direction for future extensions of the sum
factorisation optimisation in TSFC.

Generally, globally matrix-free methods in Firedrake result from [85]. Introducing matrix-free
methods for the local tensors in the linear algebra operations expressed in Slate involved more

infrastructural and numerical work.
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6.3. PERFORMANCE INVESTIGATION

A change in the compiler strategy, the introduction of new components to Slate and GEM and
a new compilation pass from Loo.py to Loo.py to resolve local actions had to be implemented.
Some of the new components in Slate and GEM are representing an action, a placeholder for a
unassembled tensor, a matrix-free solve and a local preconditioner. Furthermore, a numerical
investigation had to be performed to single out a highly-performant local solver for the mixed

Poisson problem.

6.3 Performance investigation

After introduction of the infrastructure in Firedrake, the performance of fully matrix-free hybridis-
ation for a mixed Poisson problem discretised with a high order, compatible FEM was investigated

as a model problem. Firstly, the investigation should be extended to a parallel setting.

While I have found an acceptable solver and preconditioner for the local equation systems, it is
crucial to investigate a new preconditioner for the solver of the global trace system. As expected,
the results in section 5.3 show that the Golapakrishnan-Tan multigrid (GTMG) preconditioner is
approximately p-robust as long as there is a Jacobi preconditioner on the fine space level solve. An
exact Jacobi preconditioner cannot be applied in fully matrix-free form for mathematical reasons,
however, and its assembly turns out to introduce a prohibitive storage bottleneck. A better fine

space solve preconditioner needs to be found.

Further, a better local preconditioner should be considered for the local pressure Schur comple-
ment solve, as explained in section 4.3.3 and 5.3. The pressure Schur complement solve takes
too much time with an increasing approximation degree because is not robust with the degree.
Alternatively, a block preconditioner, e.g. a Riesz map, could be considered for the solver of the
mixed inverse in the trace Schur complement. Local block preconditioners are supported by the
infrastructure in this thesis and a Riesz map could be provided with alocal AuxiliaryOperator,
similar to the Laplacian in figure 4.19.

The local matrix-free infrastructure is implemented in an extensible way. The local solvers can
be used in a different setting from the one presented in this thesis. A primal Poisson problem
can be discretised with a continuous Galerkin method. It can be rewritten into a mixed form by
separating interior and exterior contributions, and further solved with static condensation. The
method in [86] discretises the mixed operator with basis functions that diagonalise the interior
blocks and Firedrake allows fast matrix-free evaluation of the statically-condensed operator with
the element proposed in [86]. The local linear algebra expressions in the static condensation can
be rewritten into a fully matrix-free form through the work presented in this thesis. With the basis
presented in [86], good convergence of the local matrix-free interior solves is expected, because

under certain conditions the interior blocks become diagonal.
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6.4. AN APPLICATION

6.4 An application

While high-order methods generally require a sufficient regularity on the solutions, they have been
used with great success to simulate turbulent flow with low regularity. Oscillations can be con-
trolled by limiters. For example, in [87] an high-order incompressible Navier-Stokes solver was
successfully applied to a turbulent jet with help of flux reconstruction [88], [89].

Ideally the performance should be tested for the full, incompressible Navier-Stokes equations. As
explained in section 4.1, for the time-dependent version of the Navier-Stokes equations Predictor-
Evaluation-Corrector-Evaluation (PECE) schemes are frequently used [76]. In PECE schemes the
velocity is calculated first without being constrained to a zero divergence, but afterwards corrected
with help of a pressure solution. In order to calculate the pressure for the correction, a Poisson
equation has to be solved. Therefore, the work in this thesis provides a stepping stone to bet-
ter performance of the solvers for the full Navier Stokes equations if solutions to the outstanding
problems are found.

For a more realistic application, it would be interesting to perform a direct numerical simula-
tion (DNS) for inhomogeneously density-stratified, shear-generated turbulence similar to [90]. It
would be interesting to see if we can simulate the evolution of Kelvin-Helmholtz instability, in a
highly performant manner with the methods developed in this thesis. The governing equations
are the Boussineq equations. This problem would be very suitable to our purposes as it is in
demand of high resolutions [90], which could be achieved through high order FEM. Simulating
Kelvin-Helmholtz instabilities can help to characterise the mixing efficiency in the ocean. The
mixing efficiency is important, because its variations due to internal wave breaking in the abyssal
ocean can have a big impact on the ocean’s overturning circulation [91]. The faster the waters in
the ocean are circulating, the faster the tracers in the water are transported. Carbondioxide, for ex-
ample, could be released a lot faster by the ocean into the atmosphere, than is currently predicted
with a constant mixing efficiency, which in turn can have a big impact on the world’s carbon bud-
get.
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Acronyms

BOP Block optimisation pass

CG Conjugate Gradient

COFFEE Compiler For Fast Expression Evaluation

CPU central processor unit

DAG directed acyclic tree

DNS direct numerical simulation

DSL domain specific language

FEEC Finite Element Exterior Calculus

FEM Finite Element Method

FFC FEniCS Form Compiler

FIAT Finite Element Automated Tabulator

FInAT smarter library for finite elements, called Finite Element not Automated Tabulator
GEM Tensor Algebra Language

GMRES Generalized Minimal Residual

GPU graphic processor unit

GTMG Golapakrishnan-Tan multigrid

KSP Krylov Subspace Method

MOP Multiplication optimisation pass

PDE partial differential equation

PECE Predictor-Evaluation-Corrector-Evaluation

PETSc Portable, Extensible Toolkit for Scientific computation
PyOP2 High-level Framework for Performance-portable Simulations on Unstructured Meshes
SIMD single instruction multiple data

Slac Slate Compiler

Slate System for Linear Algebra on Tensor Expressions

TSFC Two-stage Form Compiler

TSSLAC Two Stage Linear Algebra Compiler

UFL Unified Form Language
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Appendix

A Contributions: Pull requests (PR)
The contributions of the thesis listed in 1.3 are linked to the corresponding pull requests in the
main codebase.

1. TSSLAC: Firedrake PR #1651.

2. Slate Vectorisation: PyOP2 PR #654

3. Matrix-free methods in Slate

(a) Change of the assembly strategy of blocks: Firedrake PR #2111
Reordering of the Slate expression: Firedrake PR #2233.

(b) Local preconditioners: Firedrake PR #2259.

(c) Local actions and local matrix-free solvers: Firedrake PR #2288.
4. Nesting of Schur complements in the Hybridisation preconditioner: Firedrake PR #2237.

5. Local profiling infrastructure: PyOP2 PR #658.
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B Bandwidth benchmark

In order to get a realistic peak bandwidth limit for the machine used in section 3.4, I ran the
STREAM triad benchmark. The code was provided by Jack Betteridge and can be found in https:
//github.com/sv2518/system_profiling/tree/my-results/stream. The benchmark is run
for a variety of cores to make sure to get a realisitic limit. For example, running with 2 cores only

would not give a realistic peak, as becomes clear from figure 9.1.

Streams

AEsEEEsEEEsEEssEEssEEsEEEsEEssEEssEEsEEEEEEs

100

80

60

Rate GB/s

40

20

2 4 6 8 10 12 14 16
Cores

Figure 9.1: STREAM triad benchmark on the hardware specified in section 3.4 run on a variety of cores.
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C Slate vectorisation

C.1 Setup

All experiments are run in parallel with hyperthreading by driving the runs with the following com-
mand. mpiexec -np 32 -bind-to "hwthread" -map-by "hwthread" . The scriptis run with
32 cores since there are 2 sockets with 8 cores each of which has 2 hardware threads.

The amount of elements in the mesh depend on the polynomial degree of the approximation and
the type of mesh.

p tri quad tet hex
p<=2 2048 2048 64 64
2<p<=4 1024 2048 64 64
4<p<=7 512 1024 32 64
7T<p<=9 512 1024 32 32
9<p 256 512 32 32

Table 9.1: The size N of the meshes used for the vectorisation results in chapter 3.4. 2D-meshes are
generated as N x N mesh and 3d-meshes as N x N x N mesh, both of length N
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C.2 Results in table for vectorised Slate expressions

tri quad tet hex
P Al S Al S Al S Al S
1 1.8 1.7 5.1 1.7 4.0 15 | 176 1.2
2 2.0 1.7 42 1.6 6.4 16 | 1.1 11
2 3 3.2 1.6 4.1 15 9.0 1.2 8.7 1.5
E 4 5.8 13 4.1 19 | 394 10 7.6 1.4
5 7.7 1.2 4.1 12 | 560 08 7.2 15
6 9.9 1.0 43 17 | 814 12 7.0 1.5
1 8.7 17 | 31 15 | 220 15 | 1381 15
Ny 2 178 19 | 324 11 | 838 21 | 1050 13
S 3 292 20 | 318 14 | 1136 15 | 88 13
£ 4 537 23 | 316 22 | 4928 17 | 735 20
< 5 703 15 | 315 20 | 6902 20 | 694 19
6 900 13 | 328 22 | 9939 36 | 680 20
1 5.6 17 | 248 17 | 196 14 | 1146 14
L2 8.6 17 | 266 11 | 325 18 | 8l4 15
g 3 125 19 | 254 13 | 728 20 | 647 12
T 4 | 209 24 | 251 21 | 949 24 | 576 17
= 5 | 382 19 | 249 21 | 3729 23 | 5.1 17
6 507 19 | 259 26 | 5679 22 | 548 17
1 6.7 17 | 318 17 | 240 15 | 1452 14
o2 9.7 17 | 310 11 | 363 19 | 954 15
3 3 136 19 | 286 12 | 776 21 | 733 12
Z 4 221 24 | 277 20 | 987 24 | 640 17
© 5 | 399 19 | 271 21 | 3824 24 | 604 16
6 524 19 | 280 23 | 5777 22 | 593 17
1 115 17 | 969 14 | 412 15 | 5481 09
£ 2 | 2090 20 | 943 17 | 1908 27 | 4121 17
Z 3 808 30 | 921 12 | 9420 26 | 3549 11
B 4 | 1224 26 | 920 26 | 18008 25 | 3301 21
5 5 | 1687 23 | 916 25 |27438 22 | 3236 22
6 | 2239 20 | 954 28 | 42822 21 | 3257 23

Table 9.2: Arithmetic intensity (Al) and speedup (S) of explicit vectorisation over auto-vectorisation
for a Slate expression for a variety of operators discretised with CG on different meshes. The setup is
explained in 3.4.2.
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C.3 Results in table for vectorised actions

tri quad tet hex
P Al Q S Al D Q S Al D Q S Al D Q S
1 1.5 3 3 2.1 4.8 2 3 0.5 3.5 4 4 1.2 17.3 2 3 1.1
2 1.8 6 1.0 4.0 3 4 0.6 6.1 10 14 1.3 10.8 3 4 1.0
§ 3 3.0 10 12 1.1 3.9 4 5 0.5 8.8 20 24 1.0 8.5 4 5 1.5
g 4 5.7 15 25 1.7 3.9 5 6 1.4 39.2 35 125 1.0 7.4 5 6 1.5
5 7.5 21 36 8.4 3.9 6 7 1.6 55.8 56 216 0.8 7.0 6 7 1.5
6 9.7 28 49 1.4 4.1 7 8 1.1 812 84 343 1.1 6.9 7 8 1.6
1 2.8 3 3 1.6 10.9 2 3 1.3 7.2 4 4 1.2 45.9 2 3 1.2
N 2 5.9 6 6 1.7 10.7 3 4 1.0 278 10 14 1.8 34.9 3 4 1.1
E 3 9.7 10 12 1.7 10.5 4 5 1.0 378 20 24 1.3 27.9 4 5 1.2
TE.) 4 179 15 25 2.1 10.5 5 6 1.8 164.2 35 125 1.7 245 5 6 1.6
- 5 234 21 36 1.3 10.4 6 7 2.1 230.0 56 216 1.7 23.1 6 7 1.8
6 30.0 28 49 1.2 10.9 7 8 1.9 3313 84 343 1.6 22.6 7 8 2.0
1 1.7 3 1 1.4 8.2 2 3 1.5 6.2 4 1 1.2 38.0 2 3 1.2
o 2 2.8 6 3 1.5 8.8 3 4 0.9 10.7 10 4 1.4 27.0 3 4 1.3
% 3 4.1 10 6 1.5 8.4 4 5 1.0 241 20 14 1.7 21.5 4 5 1.2
% 4 6.9 15 12 1.8 8.3 5 6 2.1 31.5 35 24 2.2 19.1 5 6 1.5
- 5 127 21 25 1.5 8.2 6 7 2.1 1242 56 125 2.3 18.3 6 7 1.6
6 16.9 28 36 1.5 8.6 7 8 2.2 189.2 84 216 2.1 18.2 7 8 1.6
1 2.1 3 1 2.4 10.5 2 3 1.5 7.7 4 1 1.1 48.2 2 3 1.3
2 3.1 6 3 1.5 10.3 3 4 1.2 119 10 4 1.5 31.7 3 4 1.2
:5 3 4.5 10 6 1.0 9.5 4 5 1.1 25,7 20 14 1.7 244 4 5 1.2
g 4 7.3 15 12 1.9 9.2 5 6 1.9 328 35 24 2.2 21.3 5 6 1.7
® 5 13.2 21 25 1.5 9.0 6 7 1.9 1274 56 125 23 20.1 6 7 1.6
6 174 28 36 1.6 9.3 7 8 2.0 1925 84 216 2.1 19.7 7 8 1.7
1 3.7 3 1 1.3 32.2 2 4 1.1 13.5 4 1 1.2 182.6 2 4 0.9
% 2 9.9 6 6 2.0 31.4 3 6 1.8 63.5 10 14 2.1 1373 3 6 1.7
é 3 269 10 25 2.7 30.6 4 8 1.2 3139 20 125 2.5 1182 4 8 1.1
g 4 40.8 15 49 2.6 30.6 5 10 24 600.2 35 343 2.5 110.0 5 10 2.3
E 5 56.2 21 81 2.2 30.5 6 12 2.2 9146 56 729 2.1 1078 6 12 2.3
6 746 28 121 1.9 31.8 7 14 2.7 1427.3 84 133 2.0 1085 7 14 2.3

Table 9.3: Arithmetic intensity (AI) and speedup (S) of explicit vectorisation over auto-vectorisation for
an action on variety of operators discretised with CG on different meshes through TSFC. The setup is
explained in 3.4.2
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D Numerical investigation: Outer iterations

RTCF 1, DG 0 (=7x7 DOFS) RTCF 2, DG 1 (=44x44 DOFS)
quad_degree=(25, 25) quad_degree=(27, 27)
1.05- -300 1.05-
- -500
1.00- R e 200 1.00- ¢ 0-0-0-0-0-0-0-0-0-0-0
-100 -250
0.95- 0.95- —
) 1 2 0 1 2
2 RTCF 3, DG 2 (=135x135 DOFS) RTCF 4, DG 3 (=304x304 DOFS)
L quad_degree=(29, 29) quad_degree=(31, 31)
E 1.05- -2000
2
';_1_00— 00000000000 -1000
n
-
« 0.95-
% 0 1 2
RTCF 5, DG 4 (=575x575 DOFS) RTCF 6, DG 5 (=972x972 DOFS)
quad_degree=(33, 33) quad_degree=(35, 35)
1.05- 1.05- -10000
-5000 100
1.00- +-0-0-0-0-0-0-0-0-0-0-00 .00- « 00000000000 _
-2500 5000
0.95- 0.95-
0 1 2 0 1 2
scaling

Figure 9.2: Cell scalings: Outer iterations

condition numbers
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outer ksp iterations

outer ksp iterations

RTCF 1, DG 0 (=7x7 DOFS)
quad_degree=(25, 25)

RTCF 2, DG 1 (=44x44 DOFS)
quad_degree=(27, 27)

1.05- -75 1.05-
-200
1.00- *ooo00000000 » -50 1.00- (--0-0-0-0-0-0-0-0-0-0-0-
- 25 - 100
0.95- 0.95-
0 2 4 0 2 4
RTCF 3, DG 2 (=135x135 DOFS) RTCF 4, DG 3 (=304x304 DOFS)
quad_degree=(29, 29) quad_degree=(31, 31)
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9’4 -500 /»‘4 om0
0.95- 0.95-
0 2 4 0 2 4
RTCF 5, DG 4 (=575x575 DOFS) RTCF 6, DG 5 (=972x972 DOFS)
quad_degree=(33, 33) quad_degree=(35, 35)
1.05- -5000 1.05-
-7500
1.00- 00000000000 >_2500 1.00- 0000000000000 -5000
0.95- 0.95- ~2500
0 2 4 0 2 4
deformations
Figure 9.3: Affine cell deformations: Outer iterations
RTCF 1, DG 0 (=7x7 DOFS) RTCF 2, DG 1 (=44x44 DOFS)
quad_degree=(25, 25) quad_degree=(27, 27)
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Figure 9.4: Non-affine cell deformations: Outer iterations

condition nuumhers

condition niimbhers
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E Matrix-free hybridisation: Solvers Diagrams

E.1 GITMG

| (p6) GTMG preconditioner for trace system |

4 Fine space level solve [G] |

(p7) Chebyshev solver [G]
maxit=3

4| (p8) Jacobi preconditioner [G] |

Pressure Schur complement [L]

Intra-cell
velocity mass [L]

ﬂ Coarse mesh level solve [G] |

L{ (p9) Preonly [Gl |

(p10) Matrix explicit h-multigrid [G] |

4 Fine space level solve [G] |

L (p11) Chebyshev solver [G]

maxit=3

\—{ (p12) Jacobi preconditioner [G]

(p13) Pressure Schur
complement [L]: direct solve

(p14) Intra-cell
velocity mass [L]
direct solve

H Coarse mesh level solve [G] |

L{ (p15) Preonly [G] |

(p16) Super-LU [G] |

Figure 9.5: Setup of the GTMG preconditioner. The diagram is zooming into the solver option speci-
fied in node (p35), (p41) and (p47) in following solvers diagram 5.1. The matrix types in green nodes
changes depending on the case. For case 2 node (p11) and (p12) are matrix-explicit. For case 4, 5 and 6
node (p11) is matrix-free and (p12) is matrix-explicit. The local solvers on the fine space level solve are
specified in the following, full solver diagrams and depend on the case.
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E.2 Solver for case 1

(p17) Solver for mixed system
GMRES
rtol=1e-9

4| (p18) Full Schur complement fieldsplit preconditioner [G]

Fieldsplit 0 [G]

(p19) preonly [G] |

L{ (p20) Block Jacobi|

Fieldsplit 1[G]

(p22) preonly [G] |

L| (p23) GAMG

Fine-level solve

(p24) Chebyshev
maxit=3

4| (p25) Block-Jacobi |

—| Coarse-level solve |

p27) Preonly

(p28) Block-Jacobi |

Figure 9.6: Solver setup for the case 1. Red denotes the outermost solve, gray separates parts of the
fieldsplit preconditioner. Note that all solves are global.

137



E.3 Solver for case 2 to 5

(p30) Solver for mixed system:
FGMRES

rtol=1le-9

maxit=2

[ (p31) Hybridisation [G] |

—| Forward elimination [L] |

L (p32) Pressure Schur complement inverse [L]:
direct solve

(p33) Intra-cell velocity mass inverse [L]:
direct solve

Trace solve[G]

(p34) Solver [G]:
Matrix-free CG
rtol=le-11

4| (p35) Preconditioner [G]

L (p32) Pressure Schur complement inverse [L]:
direct solve

(p33) Intra-cell velocity mass inverse [L]:
direct solve

—| Backward substitution [L] |

L (p32) Pressure Schur complement inverse [L]:
direct solve

(p33) Intra-cell velocity mass inverse [L]:
direct solve

Figure 9.7: General diagram of the solver setup for the case 2-5. The forward elimination and backward
substitution are purely local kernels (denoted by [L]), whereas the trace solve involves global kernels
(denoted by [G]) and local ones. Red denotes the outermost solve, gray separates parts of the hybridi-
sation preconditioner, blue denotes the trace preconditioner. For case2 the node (p35) is a Jacobi pre-
conditioner,for case 4 it is assembled Jacobi, and for case 3 it is matrix-explicit GTMG and for case 5 it
is globally matrix-free GTMG 9.5.
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E.4 Solver for case 6

(p36) Solver for mixed system:
FGMRES

rtol=1e-9

maxit=2

| (p37) Hybridisation [G] |

—' Forward elimination [L] |

(p38) Pressure Schur complement inverse [L]:
unpreconditioned CG

rtol=1.e-12

maxit=2000

(p39) Intra-cell velocity mass inverse [L]:
unpreconditioned CG

rtol=1.e-14

maxit=2000

Trace solve[G]

(p40) Solver [G]:
Matrix-free CG
rtol=le-11

| (p4D) Fully-matrixfree GTMG [G]

(p38) Pressure Schur complement inverse [L]:
unpreconditioned CG

rtol=1.e-12

maxit=2000

(p39) Intra-cell velocity mass inverse [L]:
unpreconditioned CG

rtol=1.e-14

maxit=2000

—| Backward substitution [L] |

(p38) Pressure Schur complement inverse [L]:
unpreconditioned CG

rtol=1.e-12

maxit=2000

(p39) Intra-cell velocity mass inverse [L]:
unpreconditioned CG

rtol=1.e-14

maxit=2000

Figure 9.8: General diagram of the solver setup for the case 6. Red denotes the outermost solve, gray
separates parts of the hybridisation preconditioner, blue denotes the trace preconditioner in its fully
matrix-free form 9.5.
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E.5 Solver for case 7

(p42) Solver for mixed system:
FGMRES

rtol=1e-9

maxit=2

| (p43) Hybridisation [G] |

—' Forward elimination [L] |

(p44) Pressure Schur complement inverse [L]:
CG

preconditioned with diagonal of the Laplacian
rtol=1.e-12

(p45) Intra-cell velocity mass inverse [L]:
Jacobi preconditioned CG

Trace solve[G] rtol=1.e-14

(p46) Solver [G]:
Matrix-free CG
rtol=le-11

| (p47) Fully-matrixfree GTMG [G]

(p44) Pressure Schur complement inverse [L]:
CG

preconditioned with diagonal of the Laplacian
rtol=1.e-12

(p45) Intra-cell velocity mass inverse [L]:
Jacobi preconditioned CG
rtol=1.e-14

—| Backward substitution [L] |

(p44) Pressure Schur complement inverse [L]:
CG

preconditioned with diagonal of the Laplacian
rtol=1.e-12

(p45) Intra-cell velocity mass inverse [L]:
Jacobi preconditioned CG
rtol=1.e-14

Figure 9.9: General diagram of the solver setup for the case 7. Red denotes the outermost solve, gray
separates parts of the hybridisation preconditioner, blue denotes the trace preconditioner in its fully
matrix-free form 9.5.
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F Matrix-free hybridisation: Heatmaps

Groupl Group 2 Group 3
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Figure 9.10: Heatmap of runtime performance measurements in seconds for solving the mixed Poisson
problem on a fixed mesh (8 x 8 x 8). The cases for different solver setups can be found in 5.1. Gray,
unannotated cells correspond to a solver which is not able to solve the problem.
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Figure 9.11: Heatmap of outer solver iterations (for case 1) and trace solver iterations (for the other
cases) for solving the mixed Poisson problem on a fixed mesh (8 x 8 x 8). In case 1, the reference solver,
is not using hybridisation and has therefore no trace iterations, but outer iterations. The cases for dif-
ferent solver setups can be found in 5.1. Gray, unannotated cells correspond to a solver which is not
able to solve the problem.
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