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ABSTRACT OF THE DISSERTATION

A Study on Discontinuous Petrov-Galerkin Finite Element Methods in Semi-linear Problems and
Adaptivity

Jor-el Thomas Caparas Briones

Doctor of Philosophy in Mathematics with a Specialization in Computational Science

University of California San Diego, 2022

Professor Michael Holst, Chair

In numerical analysis, finite element methods are a method of approximating solutions to
differential equations on a domain. In such methods, the solution function is approximated by partitioning
the domain into a mesh of elements, and testing candidate functions in a discrete trial space on that mesh
against a discrete space of test functions. We explore certain classes of finite element methods called
discontinuous Petrov-Galerkin (DPG) finite element methods, where the test space functions are allowed
to be discontinuous across elements, and test spaces are selected specifically to optimize stability.

Because we are concerned with the accuracy of our approximation, we place focus on how the
error behaves in DPG methods. We explore how DPG methods in semi-linear problems, as well as how
DPG problems can interact with adaptive methods, a different framework for finite element methods. In
addition, we establish some results about the error of DPG approximations, particularly the error using

the subspace dual norms that arise from the construction of the test spaces.
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Chapter 1

Introduction

We often model real world phenomena with differential equations, since behaviors of phenomena
often change over time and space. In solving differential equations, we can simulate these phenomena in
specific settings or over some period of time. In mathematics, there are often modeling equations whose
exact solutions cannot be obtained analytically, even if it is known that solutions exist. In such situations,
we often attempt to approximate solutions numerically, to be able to better understand the behavior of
the physical phenomena that the equations themselves model. To that end, different numerical methods
were developed to approximate solutions to these equations. In particular, this paper focuses on the

specific aspects of one such method known as the finite element method.

1.1 Weak Formulation for Finite Element Methods

In the most general case, we consider the problem in which given some differential equation F' on
some domain 2, contained in some space X, and some forcing function f. Our goal is to find a function

x € X that solves the differential equation:

F(z) = f (L1)

Often, the original problem (1.1), known as the strong formulation, is intractable, or it cannot
be solved analytically, so we look toward approximating the solution using the weak formulation of the
problem. While we may not be able to find a solution directly, we can instead create some approximation
by comparing the differential equation to some test space Y. So, we compare the residual F(z) — f against

some test space Y. In other words, we try to find a function x € X such that, for all y € Y:

(F(z) = f,y)=0 (1.2)



Under certain conditions, the solution ,, to the weak formulation (1.2) would coincide with the
solution to the strong formulation (1.1). The weak form is an analogue to dot products in inner product
spaces: If the inner product of some element x = F(x,,) — f and every other element y in the space is
0, then x must itself be 0, and therefore F'(x) = f. However, in general, the comparison of the residual
F(z) — f and every element of some space Y is not guaranteed to be an inner product. It could be the
case that neither the test nor trial space is an inner product space, or that the norm of interest is not the
inner product norm, or that the test and trial spaces themselves are not equal. Nevertheless, the idea is
preserved for these methods.

In many applications, we may use integration to compare the residual to the test space. This

involves first integrating the equation against functions y in a test space Y as follows:

[ F@w= [ 1 (1.3)

Our goal is then to find some function x € X for which the equation above holds for all y € Y.
For finite-dimensional spaces and under some other assumptions, the function that solves this system
would also solve the strong formulation. Otherwise, the solution to this weak formulation (1.3) serves as
an approximation to the solution to the original problem (1.1). In this paper, we are largely concerned
with linear and semi-linear problems, in which the weak formulation can be reduced to forms that are

linear in Y, and contain some part that is linear in X.

1.2 Discrete Weak Formulation and Convergence of FEM in
the Linear Problem

For linear problems, we integrate the residual F'(x) — f against a test space Y, as in (1.3). The
differential equation is then reduced to a bilinear form that is linear in both the X and Y parts, and a
forcing function that acts as an element of the dual of the test space Y.Then, the weak formulation for
the linear problem is as follows: For some bilinear form a(-,-) : X x Y — R, and some forcing functional

f €Y’ we find some x € X such that

a(z,y) = fly) VyeY (1.4)

Because the trial and test spaces themselves are often infinite-dimensional, we cannot solve
even this weak form exactly through numerical methods. So instead, we approximate solutions using

finite-dimensional subspaces of the trial and test spaces.



We have the following similar weak formulations using the finite-dimensional subspaces for our
trial and test spaces. We have discrete subspaces X}, and Y}, of our trial space X and our test space Y,
respectively. For some bilinear form a(-,-) : X}, x Y}, — R, and some functional f € Y}, we find some

xp, € X}, such that

a(@n,yn) = f(yn)  Vyn € Y (1.5)

With the formulation in place, one must define the functions on the test and trial spaces to
approximate the solution function. This is cumbersome on large, or strangely shaped domains, and there
would not be an easy way to define said functions over arbitrary domains. In order to have a methodical
approach to approximating the solution function we turn to finite element methods. In finite element
methods, we break the problem domain €2 into a mesh of elements, onto which we define functions. In
doing so we can have some kind of partition for a number of domains, and we can approach each domain
with the same method.

We can, for example, split the domain into a uniform mesh of triangular elements, and define a
basis of linear functions on each element. For each element K, we define a set of basis functions, often
comparable for each element. Then, we attempt to find, using some algorithm built to solve the problem,
the best approximation to the solution. The resulting function would approximate the whole solution,
and would be the result of combining the approximations made on each element.

Because the discrete function spaces are finite-dimensional and the discrete weak formulation
relies on a bilinear form, we can solve the weak formulation by solving a linear system. We take X,
and Y,, to be finite dimensional subspaces of dimension n of the trial space X and the test space Y,
respectively. We let X, have basis {¢;} and Y,, have basis {1/;}. Then the problem (1.5), in which we find

an approximation x, reduces to solving the well-posed matrix problem:

Aa=b, AeR™™ abeR", =) aipi(a).

i=1
We solve the system to find a vector of coefficients «; for our basis functions ¢;, to construct
our solution function x,. The matrix A is known as a stiffness matrix, where A;; = a(¢;,1;), while b
corresponds to the forcing function f and b; = f(+;). In practice, linear solvers would be used to solve
the resulting linear system and generate the Galerkin solution function.
For classical finite element methods, the solution functions x5 x on each element must agree with

the functions of adjacent elements along any shared boundaries or corners, thus the resulting approximate



solutions are continuous, which affords them the advantages of continuity. As will be discussed in chapter
2, it may be the case that the solution functions do not agree on the element boundaries, and in particular
for discontinuous finite element methods.

Once the solution function is constructed, we use tools to estimate the error of the approximate
solution function against the true solution for the weak formulation. If the error of the approximate
solution function is too large, then the test and trial spaces are refined, either by refining the mesh into yet
smaller elements, or enriching the function space in which the functions reside with more basis functions.
The hope is that with a more refined function space or a finer mesh, parts of the solution that may
not be easily approximated—such as discontinuities, rapid oscillations, or other non-smoothness—may be
approximated more accurately. This process is repeated until the error is within some tolerance, and the
result is an approximate solution to the weak form of the differential equation.

Classical finite element methods relied on the following assumptions about the problem:

(A1) The bilinear form is continuous, i.e. for some constant M > 0,

la(z,y)| < M|z|y]

(A2) The bilinear form is coercive, i.e., for some constant m > 0

la(@, )| = ml]

(A3) For all yj, € Yy, we have for our approximate solution z;, and the exact solution z, that:

a(xn, yn) = a(w,yn)

which results in Galerkin orthogonality, i.e.

a(x —xp,yn) =0

In particular, the second assumption of coercivity (A2), along with the forcing function f being
in Y, are sufficient conditions for the problem to be well posed, in that a solution that exists must be

unique. We reprove this result below:

Theorem [Coercivity Implies Uniqueness]. If a bilinear form is coercive (A2) in the discrete weak



formulation above (1.5), then any Galerkin solution to the system must be unique.

Proof. Suppose x1 and x5 are both Galerkin solutions for the discrete weak formulation (1.5):

a(xn,yn) = f(yn)  Vyn € Ya

In other words, we assume that for all y, € Y},

a(z1,yn) = a(z2,yn) = f(yn)

Then we have, for all yp, € Yj:

a(ry — x2,yn) = a(x1,yn) — a(w2,yn) = f(yn) — f(yn) =0

But z1 — x5 € Y}, since the discrete trial and test spaces are equal. And therefore, by coercivity

(A2) and the above:

0 = |a(zy — 20,21 — 22)| = m|z; — 22 = 21, =22 a.e.

The uniqueness of the solution follows. [J

The well-posedness of this problem, including the uniqueness of the solution, follows from the
coercivity condition with the restriction on the forcing function f. this result is better known as the
Lax-Milgram Theorem [11].

Also, from the assumptions (A1)—(A3), we establish a very important quasi-optimality result
for finite element methods, known as Cea’s Lemma. In this result, reproved below, we establish that
the approximate solution found with the finite element method is within some scalar factor of the best

approximate solution within the discrete space.

Lemma [Cea’s Lemma]. Given the three assumptions (A1l)-(A3) above, there exists some constant
C > 0 such that, for the Galerkin solution z, to the discrete weak formulation (1.5), and for the exact

solution x for the weak formulation (1.4):

|z —xn| < C inf [z — &
En€Xn



Proof.

|z — zn)? < %‘a(ﬁﬂ — T, T — Tp))| (by coercivity (A2))
= %\a(z —ap,x— &) +alx —xp,& —x)|  (Due to linearity of the bilinear form)
= %\a(w —xp, T — &) (Due to Galerkin orthogonality (A3))
< %Hﬂf — x|z — &l (by continuity of bilinear form (A1))

— ool < oo~ &l

Letting C' = %, and taking the inf over all &, € Y},, we establish the desired result. [J

Or in other words, the Galerkin approximation found by this method is no worse than the best
approximation multiplied by some factor, that is ideally small. If we refine the discrete subspaces so that
the error between the weak solution and best approximation in the discrete subspace goes toward 0, then
the error between the discrete weak Galerkin solution and the weak solution must also go to 0. Hence, if
the weak solution x is approximable, and if we can refine the space indefinitely to the point that the best
approximation error converges to 0, then we guarantee that the error from the Galerkin approximation
may also converge to 0. We show these results with an example below.

The classical model problem in finite element methods is the Poisson equation. For some forcing

function f, and over some domain 2, we find some function x € X such that:

—Az = f

Converting this to the weak formulation, we have, for some test space Y, and for all y € Y:

[ [

And integrating by parts and with appropriate boundary conditions on the boundary of the

domain €2, such as Dirichlet boundary conditions:

[erso- o

We take f(y) = {, fy, and a(x,y) = §;, Vz - Vy, which we call an energy inner product, which



induces an energy norm for the finite element method, with the bilinear form a, namely:

lzll = v/a(z,z)

If X and Y were both H!(), we have that:

la(w, z)| = [|Va|Z

And in particular, by the Poincare inequality and by definition of the H' norm, for some constants

Cl,CQ > 0:

Cillaln < [Valis < Colzlin

In other words, for this specific case, the energy norm is equivalent to the H' norm, and error
estimation in the energy norm can be seen as comparable to a error estimation in a standard error norm.
In particular, for equivalent norms | - ||n, and | - ||, we have that convergence of the error in one norm

implies convergence of the error in the other:

|z —an|n, =0 <= |z —zp|n, =0

However, there are limitations to the classical method that have led others to alter the method
by weakening the initial assumptions of the method. Solutions may belong to a space that is different
than the test space, and are better approximated with a different space. If the solution is not an H*(2)
function, for example, then H!(2) may not be an appropriate choice for the trial space, but it may be
useful to exploit the fact that H'(£2) is an inner product space by using it as a test space. Even if one
could in theory indefinitely refine the mesh to get an accurate approximation, the number of elements in
a uniformly refined mesh increases exponentially. For practical uses, the computational power required
to perform computations on the mesh is a limiting factor to how much the mesh can be refined, and
therefore, how accurate a numerical solution would be. And in most cases, real world applications would
rely on differential equations that result in a non-linear form, rather than a bilinear form, and addressing

non-linear problems is a widely researched topic for finite element methods [13].



Convergence of Finite Element Methods

We are interested as well in the convergence of finite element methods, and in particular that the
error of our approximation tends to 0 as we continue refining the mesh.

One way we can do this is to exploit orthogonality or quasi-orthogonality in a symmetric bilinear
form. While bilinear forms are not necessarily symmetric, as they are in the example of the Poisson
equation above, we consider the following. Should the bilinear form be symmetric, and if we had a
classical finite element method, in which continuity, coercivity, and Galerkin orthogonality (A1)-(A3) are

maintained, we can establish contraction if we also have the following:

lzn — 2nsa|? = Cla — x4

For some constant C' € (0,1). In other words, the true error between the Galerkin solution and
the regular weak solution is bounded above by some factor times the distance between two successive
solutions.

Proof. By Galerkin Orthogonality (A3) and the symmetry of the bilinear form, we have:

lz — zhsall” + llzher — zall® = al@ — Ths1, @ — Tps1) + A(Thir — Tn, Thar — Tn)
= a(T — Th41, @ — Tht1) + a(The1 — Th, The1 — Tn)

+a(r — pi1, Thor — 2p) + (T — Tpo1, Thyr — Tp)

=a(T — Th41, @ — Tht1) + a(The1 — Th, The1 — Tp)

+ a(The1 — Th, @ — Tpy) + a(T — Tpo1, Ty — Tn)

= a(e —an,x —ap) = lo — 2]

Then we have, from the extra bound on the error, and the above Pythagorean-esque identity:

lo = 2niall® = llo = 2l = lznss — 2all® < lo = 2nll* = Clla — @l* = (1 = Ol — an?

Since 0 < 1 —C' < 1, the error in each successive iteration is smaller than the error of the previous

iteration, by a factor of 4/1 — C' and the error contracts toward 0. [J



1.3 Variations on the classical method

As problems become more challenging, we turn to weakening our assumptions to broaden the
scope of which classes of problems we can approach. For the rest of the chapter, we focus on doing so in a
number of ways. To address cases where the trial space needs to be of broader scope than the test space,
we turn to mixed methods, also known as Petrov-Galerkin methods, in which the trial and test space
differ. To address cases in which indefinite uniform refinement becomes computationally expensive, we
turn to adaptive finite element methods. For adaptive finite elements, the mesh is only refined in regions
of the domain where the error is estimated to have a higher error, whereas regions where error is estimated
to be low are only refined to maintain mesh regularity. And finally, to address cases in which the discrete
weak formulation does not result in a bilinear form, we turn to nonlinear cases that semi-linear. In such
cases, there is still a bilinear form, but the discrete weak formulation has some non-linear part that needs

to be controlled.
Petrov-Galerkin Finite Element Methods

In one such variation, we find that solutions to the problem may not exist in our test space, so we
expand our trial space to include more functions. In such methods, known as Petrov-Galerkin methods,
the trial and test spaces differ, and we can no longer assume coercivity. Instead, we have a new assumption
that offers a similar stability result,- known as the inf-sup condition. For our bilinear form a, in lieu of
coercivity, we assume that a satisfies the continuous inf-sup condition and the discrete inf-sup condition,

ie.:
(A2-1) Continuous inf-sup condition: For the trial and test spaces X and Y, and for some constant 8 > 0,

0< B < inf supM

2eX\0 yev\o ] [ly]
(A2-2) Discrete inf-sup condition: For discrete trial and test spaces Xj, and Yy, and for some constant
Bh > Oa

0<B< mf sup DRI _gp sy AR

2neXn\0 ey, \0 ||y anexn\o [Znl[Ynl

In particularly, we assume that the bilinear form satisfies both conditions (A2-1) and (A2-2)
with a shared positive constant, which will be referred to as 8. Much like the coercivity assumption in
classic finite element methods, the inf-sup condition implies that any Petrov-Galerkin solution to the weak

formulation must be unique. The result is proven below:



Theorem [Inf-Sup Implies Uniqueness]. If a bilinear form satisfies the discrete inf-sup condition
(A2-2) in the discrete weak formulation (1.5) above, then any Galerkin solution to the discrete weak

formulation must be unique.

Proof. Suppose x1 and x5 are both Galerkin solutions for the discrete weak formulation (1.5):

a(xn,yn) = flyn) Yyn €Yy

In other words, we assume that for all y, = inY}

a(x1,yn) = a(z2, yn) = f(yn)

Then we have, for all y;, € Y},:

a(ry — x2,yn) = a(z1,yn) — a(z2,yn) = f(yn) — f(yn) =0

By our inf-sup condition (A2-2) and Galerkin orthogonality (A3), since z; — x93 € X}, and if

1‘171'27’502

0<B< inf sup LZmIn) a(@ —22,9n) _
X < _
2reXi\0 g evi\0 [ZallYnll ~ yrevino 121 — z2f|ynl

This is a contradiction, and hence it must be the case that z; = z2. The uniqueness of the
solution follows. O

Much like in the classical case, where the test and trial spaces are the same, it is of great interest
to show that the same quasi-optimality result of Cea’s Lemma holds, a generalization known as the
Ladyzhenskaya-Babuska-Brezzi (LBB) Theorem. Rather than assume that the bilinear form is coercive,
which is not defined for a bilinear form where the trial and test spaces are different, we assume that the

continuous and discrete inf-sup conditions (A2-1) and (A2-2) hold.

Lemma [Ladyzhenskaya-Babuska-Brezzi (LBB) Theorem]. If the assumptions (A1), (A3), (A2-
1), and (A2-2) are met, then the Galerkin solution to the discrete weak formulation (1.5) satisfies the

following quasi-optimality estimate:

— < inf —
2~ < C jnf |z~ &l

for some constant C' > 0. A short proof of this lemma is provided below:

10



Proof.

|z = xn|| < llz—&nll + [6n — 2l

1
<z =&l + sup a(&n, — xh, yn) (Due to inf-sup stability (A2-2))
Yn€Yn, ynly =1
1
=z =&l + = sup a(&n —x,yn) (Due to Galerkin orthogonality (A3))
B ynevilnly =1
< e =&l + FHx — &) (Due to continuity of bilinear form (A1))
M
=(1+ > xTr — fh
(143 ) Ie- &l

Since &, was chosen arbitrarily, we can take the inf over all £, and establish quasi-optimality:

M
r—zxp|| <1+ — ) inf ||z —
o= anl < (14 3) it o~ o]

In a paper by Jinchao Xu and Ludmil Zikataov , it was proven that if X is a Hilbert space, then

the stability constant can be sharpened even further, and we can achieve [16]:

M.
Jo =zl < 75 ok o~ €]

Discrete Weak Formulation Semi-Linear Problem

Because many problems are nonlinear, there is great interest in solving nonlinear PDE’s. One
such solution is to linearize such differential equations, and then to solve the resulting discrete weak
formulation with bilinear form. However, the linearization does not remove any of the issues posed by
the nonlinear problem, and instead inherits them. It is therefore useful to consider nonlinear problems
without linearization, and what problems can be solved when involving a nonlinear part. Given certain
assumptions, it may be the case that arguments to address the non-linear parts of the problem can be
addressed separately from linear parts, using useful properties of the non-linearity.

The weak formulation for the semi-linear problem is similar to the linear one, but includes a
term that is not linear in X, but is linear in Y. That weak formulation is as follows: For some bilinear

form a(-,-) : X x Y — R, some nonlinear form (b(-),-) : X x ¥ — R that is only linear in Y, and some

11



functional f € Y’, we find some x € X such that

(c(z),y) :=a(x,y) + (b(x),y) = fly) VyeY (1.6)

Much like in the linear problem (1.4), we deal with finite-dimensional subspaces X}, and Y}, of the
trial and test spaces, and discretize the formulation. The weak formulation for the discrete semi-linear
problem is as follows. We have discrete subspaces X} and Y} of our trial space X and our test space Y,
respectively. For some bilinear form a(-,-) : X, x Y3 — R, some nonlinear form (b(-), ) : X x Y, - R

that is only linear in Y}, and some functional f € Y}, we find some x5, € X}, such that

(c(zn)syn) = a(xn,yn) + (0(xn),yn) = f(yn)  Yyn €Y (1.7)

When dealing with semi-linear problems, it is often the case that nonlinear parts can be treated
separately from the linear parts. If, for example, the nonlinear part obeyed some kind of controllable
property, we can bound the error similarly to how we would bound it in the linear case.

In one such case, if the nonlinear part obeyed some sort of maximum principle, we can use some
kind of a priori bounds to bound the error [5, 14]. First, as above, we can break the weak form into a
linear and nonlinear part, with the linear part obeying the assumptions, as above. Then, using the a
priori bounds, we can create error bounds comparable to those found in the linear part. An example is
given below.

Problem Statement: Find z such that

~Az+a2=f

z=0 ondé

Weak Formulation: Find x € H{ () such that, for all test functions y € H;

f —yAx+x3y=f VmVy—l—m?’y:J fy
Q Q Q

Because the problem is nonlinear, the resulting weak formulation does not lend itself easily to a

bilinear form. Instead, we break down the function into a linear and nonlinear part:

(F(x),y) = (L(x) + N(z),y) = {Va, Vo) + &, 2 = e

12



The linear part being the standard bilinear form for the Poisson equation, and the nonlinear part
being the L? inner product between the nonlinear term and the test function.
If we can show that the nonlinear term obeys some sort of Lipschitz property, i.e. {x®—y3, 2) L2Q) <

K|z — y||z|, then we can control the nonlinear term so that we satisfy a strengthened Cauchy inequality:
la(z — 21,22 — 21)| < Cllw — 21|22 — 24|

for some C > 0 that we can make as small as we like. In doing so, we can establish orthogonality in the
energy norm | - || induced by a.
Given x, x1, T2 solutions to the weak formulation and the PG approximation in X, X, and Xo,

successive subspaces in a finite element refinement algorithm, respectively, we have:

|z — 21| = |2 — 22]® + |21 — 22|* + a(®1 — 29, & — T2) + a(x — 29, 21 — T2)

If we could establish the above strengthened Cauchy inequality, we would have:

|z —21]? = ||z — 22| + |21 — 22]* — 2C| 21 — 2|2 — x4
> |z — za® + |21 — 22)® — C(|z1 — 22| + |z — 22)
_ 2 2
= (1= CO)(|z — 22| + |21 — 22[7)
= Az —z1|* = |z — 22 + |21 — 22,
1
where A = ——

1-C

For this semi-linear example, contraction of the error and error indicator can be achieved, which

is proven in [9] and restated here.

Theorem [Quasi-Orthogonality and Contraction of Error]. We define the following;:

e1=|r—m|x ex=|r—22x E1= 12— 71]x

With corresponding error indicators:

m=m(z1) ~er n2=mn(x2)~ e

13



Let the following assumptions hold:

(Q1) (Quasi-Orthogonality) For some A > 1 for (A sufficiently close to 1),

2 2 2 2 2 2
1 + B < Ae = ey < Aej — B

(Q2) (Upper Bound on Error using Error Indicator) 3C; > 0 s.t.

2 2
e < Cimy,

(Q3) (Error Indicator Reduction) 3Cs > 0 and w € (0,1) s.t.

Mepr < C2E} + (1 —w)ni

Let X7 € X5 < X be a triple of Banach spaces, let z € X, 1 € Xy, and x5 € X5, with the
errors defined as above. Let 8 € (0,1) be arbitrary, and assume the constant A in the quasi-orthogonality

assumption satisfies the following bound:

Bw

1<A<1
< +0102

With the constants as defined in the above assumptions. Then there exists v > 0 and a < 1

where:

&5 +m; < o®(ef +ni)
Adaptive Finite Element Methods (AFEM)

In another variation to the method, we address a problem in the computational intensity of the
finite element algorithm. For a number of problems, it may be the case that certain parts of the domain
would be well approximated at earlier refinements of the mesh, whereas other parts of the domain would
take many iterations to arrive at a suitable level of accuracy. Each uniform refinement of a mesh would
greatly increase the number of elements, and therefore the computational time.

Adaptive finite element methods are a variation of this method that aims to cut the computational
time and resources by focusing mesh refinements on areas of the domain where error would be high, while

not refining the mesh as readily where the error is already low.

14



These methods present their own issues that are not present in uniform refinement schemes. In
particular, maintaining some degree of regularity over the mesh, and estimating the relative error of the
individual elements of the mesh proves to be problematic.

If such issues can be resolved, the basic algorithm for adaptive methods is as follows:
(AFEM-1) Find the Petrov-Galerkin approximation xj; for the discrete subspace Xp,.
AFEM-2) Estimate the error i for each element K of the mesh, for this approximation xj,.
Ui

(AFEM-3) Mark some subset of elements to be refined using some kind of marking scheme, such as the
Dorfler marking scheme [7]. This is the main difference between an adaptive scheme and a standard
refinement scheme. Which elements are refined and which ones are not is dependent on the error

estimators on the elements in the domain, and the algorithm adapts to address those errors.

(AFEM-4) Refine the mesh at the marked elements, and any surrounding elements as needed to maintain

the desired regularity of the mesh.

Once the mesh is refined, we repeat the process, much like in classical finite element methods,
until the approximated error is below some level of tolerance. Within this algorithm would be some kind
of error estimator n that can be used to estimate the error on each element. Such error estimators would
be useful if they possessed properties that made them comparable to the true error € [15]. In particular,
for error indicators 7y, on elements K (n,(K)), and the sum total of such errors on the whole domain,

n (), and for some constants Cy, Cy > 0:

(EI-1) Error indicators form an upper bound on the true error.

lo = 2n|* < Crn(Q)?

(EI-2) Each error indicator on an element K forms some kind of lower bound on the true error on that

element.

n(K)? < Ca(ep (K)? + osc(wn(K))?

where osc(wy, (K))? is an oscillation term.

With these assumptions, the error indicators are roughly equivalent to the true error, in such a

way that marking elements for refinement based on such error indicators can produce meaningful results.
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1.4 Standard issues in FEM problems

While we can establish these results with the assumptions above, establishing the assumptions
themselves proves to be difficult, particularly the stability conditions. In Petrov-Galerkin methods, for
example, even if the continuous inf-sup condition is established, that does not immediately imply the
discrete inf-sup condition is held, nor does it imply that each discrete subspace could share the same
stability constant. For a problem unstable enough, it could be the case that the stability constant goes to
0 as we continue to refine our discrete subspace.

Establishing the stability assumptions at all is itself a challenge, and often relies on assumptions
to be made on the mesh, such as angle conditions, or on the problem itself. And even if stability is
established, we may not know what the constants themselves are. If, for example, the inf-sup or coercivity
constants are small, and the continuity constant is large, then the Galerkin solution to the problem, while
some constant factor away from the best approximation to the problem, may be very far from the best
approximation. Even if the problem was well posed in such a scenario, Galerkin approximations to the
solution may not converge to the weak solution as quickly as needed. Thus, we turn to methods that

would enforce some sort of stability inherently, as closely to an optimal level of stability as possible.
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Chapter 2

Discontinuous Petrov Galerkin Methods

We are interested in a problem that is well-posed, in that a unique solution to the problem exists,
and that the solution’s behavior depends continuously on boundary conditions. Thus the existence of a
inf-sup constant or a coercivity constant is vital to showing the problem is well posed. Moreover, the
quasi-optimality quasi-stability constant depends on the continuity and inf-sup or coercivity constants.
Even if an inf-sup constant existed for both the whole space and the discrete trial and test spaces, if it is
small, then the resulting quasi-stability constant would be large, and the Galerkin solution to the problem
could potentially have a comparably large error to the best approximation in the trial space. Establishing

the existence of an inf-sup or coercivity constant at all requires careful selection of test and trial spaces.

2.1 The Ideal DPG Method: Formulation 1 (Trial to Test
Operator)

In order to address the problem of stability, we consider a different formulation of the problem.
In particular, we select the discrete test spaces specifically to establish well-posedness and a better
quasi-stability constant. We consider a mixed finite element method on a linear problem, with some

Hilbert trial space X and some Hilbert test space Y. We are trying to find some z € X such that:

a(z,y) = fly) VyeY (2.1)

A method was proposed by J. Gopalakrishnan and L. Demcowicz [6], in which we use a semi-norm, in
which the Petrov-Galerkin approximation we find is one that is optimally efficient, with continuity and

inf-sup constants equal to 1. The method is described below.
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First, we define an energy norm on X as follows:

||z = sup la(z,y)| (2.2)
lyll=1yey

This energy norm, if the assumptions of the inf-sup condition and the continuity assumption hold, is

equivalent to the associated norm on our trial space X. The result is proven below:

Theorem [Conditions for Equivalence of the Energy Norm)]. If the bilinear form a(-,-) follows
the above assumptions with continuity constant ||a| and with inf-sup constant v, then the energy norm as

defined above is equivalent to the norm on X for which the assumptions hold

Proof. From the continuity assumption, we have:

lz|lz = sup Ja(z,y)| <  sup |al|z|x]yly = lallz]x
lylly=1,yeY [yly=1,y€Y

And from our inf-sup assumption, we have:

lzle = sap  a(z,y)[= sup [z|x
lylly=1,yeY lylly=1,yeY

a\ 7Y
=] x

sup a(z,y)| = v]z]x

> [lx ~ inf
jolx=1,2€X |y]y —1 yey

So we have:

Yzlx < lzle < laflz]x

O

By the Riesz representation theorem, since a(:,) is bounded and linear in the second component,
we have that there is some operator T': X — Y’ such that for each x € X, there is some Tz € Y such that
a(z,y) = (Tz,y) for all y € Y. We define a seminorm in X, which coincides exactly with the above sup
norm [6], as follows:

2| =/ (Tz,Tz) = |Tz|y (2.3)

The equivalence of the energy norm (2.2) and the trial-to-test seminorm (2.3) is shown below:
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|z|z = sup a(z,y)l= sup |(Tzy)y[< sup |Tz|y|yly = |Tz|y

lylly =1,yeY lylly =1,yeY lyly =1,yeY

But for y = HTTﬁv we have:

Tz |Tz|3
a(x, = || Tz, = = |Tx
lala, )| ‘( |T9€|Y)’ Ty [Tzl

So the energy norm attains its sup at a specific value of y, and moreover, that sup is precisely the
seminorm defined above. With this seminorm we have the following.

First, the continuity constant is 1, since:

a(z,y) = (Tw,y) < |Tx|y lyly = l=llyly

Second, the inf-sup constant is also 1, since:

inf sup a(x,y)| = inf sup Tx,y)y
xex"”‘:lyEY,HyHY:ll @) ’”EX7|’”‘:1y€Y7HyHy:1|( )|
Tx, T
> inf T, To)y | _ inf  |Tz|y = inf |z|=1
zeX,|z|=1 HTIHY zeX,|z|=1 zeX,|z|=1

Under this semi-norm, using the results from above, we get that the Petrov-Galerkin approximation
xy, abides by:
r—1xp| <2 inf |z —&,
o —an| <2 _inf |z -l

However, since X and Y are Hilbert spaces, we have from the result proven by Xu and Zikatanaov

[16] that

ol = inf o —
|z — an] ghlgth &nl

In other words, the Galerkin solution to the discrete weak formulation is the best approximation
in the discrete trial space, under the seminorm as defined above. For each discrete trial space X} with
basis {e1, ea, ..., e,}, if the corresponding discrete test space had basis {Te1, Tea, ..., Te,}, the test space

basis is called a basis of optimal test functions, since the test functions guarantee the optimal inf-sup and
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continuity constants are achieved, and the best approximation property is realized.
To that end, for a practical implementation of the method, Gopalakrishnan and Demcowicz have

the following steps:

1. A mesh with a variational formulation and an underlying test space Y} that allows for inter-element

discontinuities is developed.

2. The trial subspace X, is selected to have good approximation properties, as is the case for many

finite element methods.

3. The optimal test functions are approximately computed on an element by element basis. This is
accomplished by approximating the trial to test operator T on each element, and finding some

T, : X, — f’n such that for all y,, € 57",

(Tnxnv gn) = b(ﬂ?»,“ gn)

and T, is injective on X,

Y,, in this case would be a space of computationally convenient discontinuous functions used to
construct the optimal test functions. Such a space must itself be selected prior to constructing the
test space basis, and it must have dimension at least as large as X,, to enforce the injectivity of T,.
If the trial subspace X,, has basis {ey, eq, ..., e}, then the corresponding discrete test space Y,, has

vectors {Tnhe1, Thea, ..., Tner} = {t1,t2, ..., tx}, which form a basis, since T, is injective.

4. Finally, given the trial to test operator approximated in the subspace, the resulting system, which
corresponds to a symmetric positive definite stiffness matrix, is solved. We prove that the system is

symmetric positive definite below.

Theorem [Stiffness Matrix is SPD]. Using the injective operator T}, as described above, the resulting

stiffness matrix formed with the bilinear form b(-, ) is symmetric positive definite.

Proof. We have that the basis for the discrete trial space X,, is given by {ei, ..., er}, while the basis
for the discrete trial space Y;, is given by {T,e1, Thea, ..., Tner} = {t1,t2, ..., tx} The (i, j)th entry of the

resulting stiffness matrix M is therefore given by b(e;,t;). But we observe by the construction T5,:

M;; = b(es, t;) = (Thei tj)y = (ti,tj)y

= (tjvti)Y = (Tnejati)Y = b(@j,ti) = Mj‘

20



So M is symmetric.
We used the fact that T;, is injective to conclude the vectors {t1, s, ..., tx} formed a basis, and are
therefore linearly independent. Given stiffness matrix M whose (i, j)th entry is given by b(e;, t;), and

some nonzero vector v = (vy,va, ..., v,)7, we have:

v Mo = (v1, v, ey U ) M (v1, 2, ---,’Un)T

k k k k
= Z Z ijVilVj = 2 Z b 62, UZUJ Z Z T elvT e] Y Vi U5
i1=17=1 i=17=1 i=1j=1
k k k k k
= Z Z vits, vt Z (Z Vit;, thj> = (Z vits, Z vjtj>
i=1j=1 j=1 \i= v i=1 j=1 v
k
(Letting t= Z vlti>
1=1

=ty =t} >0

The last inequality holds, since by the linear independence of the basis, ¢ must be non-zero
whenever v is. This shows that M is also positive definite. In particular, since t = ¢t = Zf=1 v;t;, this
implies that t = Bv, where B is a matrix whose columns are the basis for Y}, and M = BT B.

O

It is especially useful that the DPG stiffness matrix is symmetric positive definite, as such matrices

have convenient properties that make solving linear systems less computationally intensive.

2.2 DPG Method: Formulation 2 (Minimizing the Residual)

In practice, the trial to test operator 7' is not an explicitly defined operator, or even one that is
easily approximated over an entire mesh. In order for the problem of finding optimal test functions to be
computationally feasible, it is better to compute some approximation to this operator on each element
separately. To that end, we allow the functions in the test space to be discontinuous between elements, so
that the approximate operator T}, can be computed per the basis functions on each element of the test
space independent of the other elements in that space.

Not much is known about this theoretical trial-to-test operator, so we look to another formulation
of the problem to define the operator more explicitly, by following the method outlined in [6]. Consider

the following, where we view the bilinear from and the forcing function as operators in Y’. (As before,

Uyn) = {f yn))
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Bxyp(yn) = l(yn) Yyn € Ya

where B : X — Y is defined for each z}, € X}, as:

Bxp(yn) = {Bxn,yn) = b(xn,yn) Yyn € Ya

We try to minimize the following residual:

1
arg min — | Bxy, — 1|3
athXh

Consider the Riesz Operator on Y, Ry : Y — Y’ defined for all y € Y as:

(y,0y) = Ryy(dy) VoyeY

Since the Riesz operator and its inverse is an isometry, we have:

1 1
argmin —||Bzy, — 1|3, = argmin — | Ry (Bxy, — )|
zheXp 2 ThEXR 2

Taking the Géateaux derivative of 1| Ry (Bz, — )3 at zy, for all 6z), € X),, and setting the

result to 0, we have:
0= (Ry'(Bzn — 1), Ry' Béay), = (Bxy, — 1)(Ry Boxy)

We define T' = R;lB and yp = R;lB&rh for each dxp € X;. Minimizing the residual then

amounts to finding x5, such that:
Bzxp,(yn) = Uyn) Yyn = Ry Béxy, = Téxy €Yy,

And this is exactly the original problem, but with more explicitly defined test functions using well-studied
operators. Note that, for the remainder of the paper, we define the following operators. We define some
operator B : X — Y’ where for some z € X the trial space, and for all y € Y the test space, and for some

weak formulation linear in y (and possibly in x):
Ba(y) = (b(x),y) (2.4)
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And then as above, we will refer to the operator T': X — Y, the trial to test operator, using the

inverse of the Riesz operator on Y and the above defined operator B (2.4):

T:=R,'B (2.5)

We also similarly define T}, as a discrete approximation to 7" which would be in practice the
operator that is computed for this method. For each element K in the mesh, we similarly define
Tk = Ry (K)™'B and T}, k := R,:ly(K)B as the trial to test operators restricted to these elements, with

corresponding restricted inverse Riesz operators. Thus, given these operators, we have an error estimator:

1, -
NK = §HRy%K)<Bmh - Z)H%’(K) (2.6)

While the Riesz operator itself is a better known operator in mathematics, it is still the case that
problems associated with using the trial to test operator are also problems with using the Riesz operator.
It is difficult to compute the Riesz operator Ry explicitly over the entire mesh, due to sheer compuational
complexity. Literature has indicated that such an operator can be approximated across an entire mesh [6].
This however, requires a large amount of computational overhead. In one paper, a multigrid preconditioner
for the Laplace operator is used to approximate the Riesz operator Ry : H~(Q) — HJ(£2). This however
required a multigrid mesh and global computation and other computational overhead [1, 2].

Instead, we attempt to approximate Ry element by element, allowing for discontinuities between
elements in the test space. In doing so, the element-wise Riesz operator becomes simpler to compute, since
computations are localized rather than global across the entire domain. However, even if we go element
by element, the Riesz operator is still an infinite-dimensional operator, and thus difficult to approximate.
Thus each element my element operator must be given some sort of discretized approximation. By allowing
for these discontinuities and discretizing this trial to test operator, we are able to generate a test subspace

that would, under the seminorm

2.3 Existing DPG Approaches to Nonlinear problems: Lin-
earization

A standard approach to nonlinear problems is to linearize the problem, as in with some derivative,
and then to solve the linear problem.
A number of papers [10, 12, 13] approach nonlinear problems as follows. The algorithm begins

with some guess for the solution xy. Then the linearized problem is used to find some solution increment
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function Az € X such that:

bin[T0](Az,y) = fun[zo](y) YyeY

by is the derivative of the nonlinear form, and by, [20](Az,y) = Dybni[zo](Az,y). fiin is the
forcing term, which represents the nonlinear residual, and fin[20](y) = f(y) — bni(x0,y). Then, the
solution zg is incremented by the optimal increment AzSP*, which is found my minimizing the following

residual, similar to minimizing the residual in the linear problem:

Az = arg min | By, [vo] Az, = frinlzo]|y
Azxn,eX,

where By, [xo] is defined using the bilinear form by, [zo] and the Riesz representation theorem.
Once the solution is incremented, if the test space norm is the graph norm, then the test space norm is
also updated, and the process is repeated once the spaces are refined. In updating the test space norm in
each iteration, discrete stability can be established for the linearized problem [10].

Linearizing a nonlinear problem is a common approach to nonlinear problems, but linearizations
inherit the problems of their nonlinear counterparts. Thus it is of interest to approach nonlinear problems
without linearization of the nonlinear parts, and instead treating the nonlinear parts separately. Through
exploiting certain properties of certain classes of problems, we may be able to approach nonlinear problems
without having to linearize them.

For example, in a paper by Carstensen, DPG is also applied to nonlinear problems, by exploiting
problems in which the nonlinear part is differentiable. The problem now has two parts: a bilinear part
b(-,-) with b:Y xY — R, and a nonlinear, differentiable part n(- ;) with n: X x ¥ — R, which is linear

in the second part [3]. The goal is to find some (zp,yr) € Xp X Y}, such that:

b(Yn, mn) + n(xn;nn) = Lnn) Vnn € Yy

’I’L/(J?h; Ehv yh) =0 th € Xh

Like the linearized example above, this method does rely on the nonlinear part to be differentiable
and uses that differentiability in finding the weak solution. However, unlike in the Linearized examples
above, this method approaches the nonlinear problem by having a form that specifically includes some

nonlinear part that is only linear in the second part.
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Given some regular solution to the weak formulation z, for some € > 0 and for z;, € B(x,¢):
(CAR-1) The inf-sup condition holds for the derivative, i.e.
inf sup [n'(zn; &, yn)| = B
En€Xn yLeYy,

(CAR-2) We can establish quasi-stability in that:

|z —anlx + |ynly < C(z,€) inf [z—&lx
EneXn

(CAR-3) We can establish equivalence of the error indicator (Residual norm) and the norm in X:

Cillz — zn]|x <[l = Baply < Co|x — x4

In particular, this approach to a nonlinear problem is such that the Galerkin Solution x; produced
by the method is required to be within some small € > 0 of the regular weak solution z, to guarantee the

existence of the inf-sup constant for the nonlinear part. The theorem is restated below:

Theorem [Stability of non-linear solution (Carstensen)]. Given a regular solution x to B(x) = F,
there exists an open ball B(xz,¢€) := {Z € X : | — Z||x < €}, of radius € > 0 around z such that, for all

Zn € B(x,€) n X}, © Dy, the following discrete inf-sup condition holds:

z; Xp, Y - ; T
Blas Xn, Yi) B(@n; Xp, Yp) :=  inf  sup b (Zn; Ensmn)

0<
2|1 €neS(Xn) yyes(vs)

N

Much like the standard assumption that a mesh be sufficiently fine for approximations to converge,
Carstensen’s approach requires the solution itself to a priori achieve some level of accuracy for the DPG
method to be well posed.

Similarly, Carstensen requires that x; to be sufficiently close to the regular weak solution x for

the standard quasi-stability result from linear DPG methods. That theorem is restated below:

Theorem [Quasi-optimality of Non-linear DPG (Carstensen)]. Given a solution z to B(z) = F,
there exist constants € > 0 and C(x,e) > 0 such that any solution (zp,ys) to the nonlinear weak

formulation above with | — x| x < € satisfies:
|z —2nlx + lynlly < Clze) inf |z —&nlx
En€Xn

25



2.4 Problems with DPG and Criticisms

When viewing DPG through the idealized DPG method, where we approximate a trial to test
operator by choosing functions specifically, a number of issues arise. First, the seminorm (2.3), based on
the trial to test operator T': X — Y determines the optimal convergence of the Galerkin approximation
to the weak solution. However, this semi-norm itself is constructed based on the selection of functions
for a test subspace Y,,, and, in the idealized method, the initial underlying subspace Y,, from which the
operator T is approximated. Demcowicz and Gopalakrishnan assert that in certain schema, the selection
of the underlying subspace to select optimal test functions could be automatic with hp adaptivity, but
leaves to question how a such an underlying subspace can be selected in other cases [4].

Even if an appropriate underlying subspace Y,, is selected, there is the issue of the seminorm itself,
which is exactly the sup norm on the discrete test subspace Y,,. Because the sup norm takes the sup of
the bilinear form across all unit vectors in the discrete subspace, the sup norm of any x,, would depend on
the selection of such a subspace. But this means that, because the mesh and underlying function spaces
are repeatedly refined, the nature of the energy norm itself changes at every iteration of the method.

This brings into question how meaningful the convergence is, since the seminorm and sup norm
are not consistent throughout. One could have a best approximation under some semi-norm, but that may
be itself not comparable to the best approximation in a later iteration. It is true that the sup norm is
itself equivalent to any norm on the trial space, but only when the continuity and inf-sup conditions hold
for that sup norm. And because the subspaces from which the sup norm is defined will change at every
iteration of the method, it may not be known that the inf-sup constants relating the sup norm to the
trial space norm do not also change. Should the continuity constant hold for the continuous problem, the
discrete problem inherits the same constant, but the same is not true of the inf-sup constant. Thus we
return to the same problem that motivated DPG in the first place: stabilizing the method by guaranteeing
discrete stability. We can guarantee discrete stability per iteration, but since the seminorms at each
iteration are not the same as norms in any containing spaces, we do not know if the discrete stability is
meaningful.

Outside of that, should a desirable underlying subspace be selected, the method still requires
one approximate the operator T,, for each trial subspace X,,. The success of the ideal method depends
on how well this operator is approximated. The method offsets this by allowing for element by element
computations, but still requires a very careful selection of functions on some underlying subspace of the

test space.
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So, in order for the method to be meaningful, the error estimates at each iteration and error
indicators for any adaptive methods must correspond in some way to some error norm on the whole trial
space. Should the discrete sup norm error estimates not be equal to the sup norm on the whole space,
then we aim for the errors to be equivalent or near equivalent to those errors. Moreover, we would like
some way to quantify the difference between the discrete residual error norms, based on a discrete test
subspace Y}, and its dual Y}, and the standard residual error norm, based on the whole test space.

To that end, we look to the second formulation of DPG, where we consider refinements based on
minimizing the residual of the discrete weak formulation. In that framework, when we are computing
error, we are trying to find a function ¢ € Y}, such that, for our DPG approximation xj,, and for all

Vp € Yh [4]

(en,vn) = A(xp,vn) — L(vp) (2.7)

Or in other words, we find our error estimation function €5, = R;hl (Azp, — L), and then compute
its discrete dual norm.

In doing so, the error converges to 0, with the optimal stability constants. However, much like in
the idealized method, rather than being a standard error norm, the error norm for the method is one
based on test functions specifically selected to generate the optimal convergence rate. Thus, while the
method uses the Riesz operator, which is more studied and well understood than a so-called trial-to-test
operator, a common criticism of the method is still that the convergence in this error norm does not
necessarily imply that the approximate solutions converge to the exact solution at all. The error norms
are themselves are sup values based on the subspace selection for Y}.

If compared the the exact solution to the problem using a standard norm, such as H' or L?, it
may be the case that the approximate solution could be very inaccurate. It is therefore important to
relate the DPG error norm with the standard norms and norms that remain consistent throughout each
iteration, as such norms are the most commonly studied and regarded as the baseline for convergence

arguments.

2.5 Addressing the Criticisms to DPG

The error estimation function for DPG is tied to a method that is stable but is generated
specifically to converge, and depends on the discrete test function subspace. Even if the solution could be

approximated using the norm that resulted from these functions, that may not necessarily imply that the
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solution converges in a norm of interest. The error estimator |ep|y; should be itself equivalent to the
error in a more standard norm that is not dependent on the functions in the space, and can therefore be
applied to all discrete subspaces. Below is a set of assumptions that allow for the DPG error indicator to
exhibit the same behavior as a standard error indicator in an adaptive algorithm, presented by Carstensen
et al in [4].

We begin by making several assumptions on the linear problem, namely:

(B1) The bilinear form is continuous in the sense that

la(z,y)| < M|z|x|yly VeeX,yeV

Discrete continuity automatically follows from the continuity from the continuous problem.

(B2) The bilinear form satisfies the continuous inf-sup condition:
inf  sup J|a(z,y)|= inf sup |a(z,y)|=v>0
llly =1z x =1 Ilx =1 ]y =1

(B3) For discrete subspaces Xj,, Y3, There exists some linear operator Il : Y — Y}, such that for all

& e Xp and for all ye Y

a(€n,y) = a(én,y) = a(p,y —y) =0

This operator is known as the Fortin operator, and its existence in the context of DPG is proven in
[8]. We also see operators with this property in other Petrov-Galerkin contexts, referred to as a

Galerkin projection operator [9].

The discrete inf-sup condition follows from the second and third condition above. A proof of this

is below:

Theorem [Galerkin projection implies discrete inf-sup]. Given the continuous inf-sup condition
assumption above and the existence of the projection operator II, the following discrete inf-sup condition

holds:

0<C(y,|HO]) < inf sup |a(xn, yn)l

lznll X, =1 yn v, =1
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In other words, the discrete inf-sup condition holds for all discrete trial and test subspaces, with

a constant that depends only on the continuous inf sup constant and the projection operator |II|.

Proof. From the continuous inf-sup condition:

v< inf sup |a(z,y)] < inf sup |a(zp,y)|
lzlx=1y|y =1 lznlx, =1 yly =1
II 1T
= inf sup |a(xp,y)| = inf My |lazn, Ty)|
lenllx, =1 Jyjy =1 lenllx, =1 Jyfy =1 |TLy||
< |} —inf  sup |a(@a,yn)l

lznlxn, =1 yn |y, =1

nf sup ‘a(x}u yh) |

— 0< L < i ;
”HH ”thXhzl HthYh:l

It follows that, if the Fortin operator exists for each iteration of the algorithm, that we can
establish discrete stability. If the operator norm is bounded below by some [II|| across all iterations of
the algorithm, then this discrete stability is held throughout each iteration. Since in that case there
would be both discrete continuity and a discrete inf-sup condition, by Cea’s lemma, we have the following

quasi-optimality estimate:

M

|z — x4 x, < |z — &nlx

inf
En€Xhn

So if we may choose discrete test spaces to allow for the existence of a Fortin operator, we can
maintain discrete stability under the semi-norm and under the norm over the overall space. Moreover,
if such an operator exists, by using similar proofs as in the previous chapter, we can establish that the
problem is well-posed, even while using the DPG semi-norm.

We can also extend this equivalence argument if we use the error indicator function in the residual
method as an element by element error indicator for adaptivity. Given the assumptions above, as well
as the discrete inf-sup condition that follows, we show that the residual from the discrete dual norm is
roughly equivalent to the norm in the trial space X, similar to standard equivalence arguments for a
posteriori error for adaptive finite element methods.

First, we define the error estimation functions ¢ and ¢, as follows. € € Y is the function such

that, for the solution x; € X} to the discrete weak formulation:

<57y> = a(xhay) - f(y) Vy ey (28)
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In particular, this residual error function norm coincides exactly with the residual error. In other

words, |e|y = |Azp, — F|y’, which we prove below:

Lemma [Error function norm is equal to residual dual norm]. The norm of the residual error

function defined above is equal to the residual dual norm:

lelly = [Azn — Fly

Proof.

|Azp, — Flyr = sup a(zn,y) = f(y) = sup {&yy < sup  |ely|ylly = llely
yeY,|yll=1 yeyY,|ly[=1 yeY,|yll=1

But the sup is attained with y = HZ—”, so the two norms are equal. In particular, we proved that
the residual dual norm is equivalent to the trial space norm if the bilinear form is continuous and abides

by the inf-sup condition, so this error function norm would be equivalent to the error in the trial space.

O

Similarly, e, € Y}, is the function such that, for the solution zp € X} to the discrete weak
formulation, as in [2.7]:
<5h7yh> = a(xhayh) - f(yh) VZ/h € }/h

Both functions exist by the Riesz representation theorem. The norm of the latter function is used
to approximate the residual error. We also define a difference function § = & — €. We notice that § L Yy,

since for any yp, € Yj:

(6,yn) = <€ = €nyyn) = (&, Yn) — {enYn) = [a(@n, yn) — f(yn)] = [a(zn, yn) — f(yn)] =0

With these functions as defined above, we also define an error indicator function 1 below, restricted

to each element:

nk = | L= Aznly; k= lenlvi x (2.9)

Because convergence in the DPG norm is dependent on the norm of the dual space or the discrete

test spaces, rather than the continuous test space, it is important to prove that the discrete dual norm of
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the residual error is comparable to the error on the discrete space. For the linear problem, Carstensen,
Demcowicz, and Gopalakrishnan prove that the error indicator function would be equivalent to the error
in the trial space norm, in the same was adaptive finite element algorithm error indicators are equivalent
to the error in the trial space [4]. In adaptive finite element theory, it is the case that error indicators are
desired to be equivalent in that it is bounded above and below by some scalar multiple of some standard

error norm, with some controllable oscillation term that may affect the reliability of the error indicator.

Theorem [Linear DPG error indicator equivalence to standard error norm]. With the above
assumptions, with L € Y/, x = A7'L, and ), € X},, and with n = |L — Azply; = lenly, and osc(L) =

|L o (I —1I)|ys we can establish the following:
1 5 < |Allz — anlx (cficiency)
2. Vo —zn|% < n? + (0sc(L) + ||II|n)? (reliability)
3. osc(L) < |A||I — I ming, ex, |z — &nllx (controlling oscillation term)

Proof. Efficiency follows immediately below:
n=|L— Azp|ly; = [Ax — Azply; = [A(z —zn)ly; < [Alle —zalx

Reliability requires the use of the continuous inf-sup condition, the fact that 6 =& —¢ep, L Y}, and

the third assumption regarding the projection II:

16]% = (6,8) = (6,6 — T8y = (e, 8 — II8) + ey, I15)
< Lo (I =TD[10] + flenl1T]o]

= [o] < [Lo (I =TD)[ + [en[TT]

Reliability then follows by using the Pythagorean theorem, so that ||| = |6]|* + |ex|?, and,

with the inf-sup condition:

Vo —znl® < lel* = lenl® + 1617 < llenl® + (|L o (I — )] + [enl[1T])?

And finally, we control the oscillation term. For any y € Y with [ly| = 1 and for any &, € Xj:
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Lo(I-1)(y) = L(y — 1ly) = a(z,y — y) = a(z — &,y — [y)

< [A[IT =10z = &|

The result follows from taking the minimum over all &, € X, O
Because the functions are allowed to be discontinuous in DPG, given some mesh or triangulation
of elements T, with elements K € T, we can define a total error indicator by the sum of element-wise

error indicators.

ﬁ:ZnK

KeT

And the above proof also follows for each element’s error indicator. Because of this, these
element-wise error indicators can be used as error indicators for an adaptive algorithm, with potential to

combine adaptive finite element theory with DPG theory.
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Chapter 3

Applications to DPG Methods

3.1 Setup to the Semi-Linear Approach for DPG

DPG methods for nonlinear problems often involve the linearization of the original nonlinear
problem, or rely on approximated Galerkin solutions to be within a small neighborhood of the weak solution
to converge [3, 13]. This often results in the common assumption that the initial mesh is sufficiently
fine [3]. However, we are interested instead in dealing with approaching in non-linear problems without
relying on linearization, or on Galerkin solutions to be specifically within some ball of the weak solution.
Much of existing DPG theory, including the optimal efficiency constant, relies on the problem itself to be
linear or linearized [6, 3, 10, 13]. Our aim for this section is to show that, for certain classes of semi-linear
problems, we can also achieve some of the stability stability results of the linear problems.

The setup for the semi-linear approach is similar to the linear one. There is some trial space X
used to approximate the solution function, and some test space Y against which the trial space functions
are compared. The semi-linear form has two parts: a bilinear part a(- ,-) witha: X xY > R, and a
nonlinear part (b(+) ,-) with b: X x Y — R, which is linear in the second part, Y. Much like in the linear
function, there is some forcing function L € Y’. There is the weak formulation in which the goal is to find

some x € X, where:

(c(x),y) s alz,y) + (b(z),y) = L(y)  VyeY (3.1)

Because the trial and test spaces are infinite dimensional, we approximate the solution using
some finite subspaces X, ¢ X and Y, c Y, thus resulting in a discrete weak formulation. The goal for

the discrete weak formulation is to find some x5, € X}, such that:
(c(xn)syn) == al@n,yn) + (0(zn),yn) = L(yn)  Vyn € Ya (3.2)
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For the semi-linear for, we define corresponding operators C : X — Y’', A : X — Y’, and
B:X —>Y' sothat forall z € X,y €Y, Cz(y) = (c(z),y), Az(y) = a(z,y), and Bz(y) = (b(x),y). In
doing so we can develop analagous results using the residual of the semi-linear problem. And we also
make the following assumptions to the linear part of the semi-linear problem and on the whole problem,

similar to those made to approach the linear problem:

(C1) cis a bounded nonlinear form, with continuity constant |c|:

(c(x), y)

el = sup sup ~—+—* < o
zeX\0 yeY'\0 Iz [y]

This implies that b is similarly bounded, with some norm ||b]

(C2) For the linear part of the nonlinear problem, a satisfies the continuous inf-sup condition:

0< B:= inf sup a(w.y) _ | S a(z,y)

2€X\0 yey\o [l yev\o zexvo [Z[lyl

(C3) X, € X and V), €Y are closed subspaces that admit a bounded linear operator Il : Y — Y}, with

operator norm |II|| < co and the property a(Xp, (I —II)Y) =0, i.e.

v&heXhayEK a(fh?@/) = a(gh,Hy)

We also note that, due to the Riesz representation theorem, we can, even for the semi-linear
problem, define the following functional: Because the semi-linear problem is still linear in Y, a Hilbert

space, for each x € X, there exists some unique Cx € Y such that, for all y € Y:

(Cx,y) = (c(x),y) = a(z,y) + (b(z),y) (3.3)
Error Representation Function

We also define the error representation similarly to the linear problem, by using the Riesz
representations of the residuals. To do this, te define the error estimation functions ¢ and ¢;, as follows.

€ €Y is the function such that, for the discrete Galerkin solution xj;, € X}, to the discrete weak formulation:
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(e,v) = a(zn,y) + (b(xn),y) — L(y) VyeY (3.4)

Similarly, for the problem, we define a €, € Y}, as the function such that, for the solution x; € X}

to the discrete weak formulation:

(ensyny = alxn,yn) + (0(zn),yn) — L(yn)  Yyn € Ya (3.5)

Both functions exist by the Riesz representation theorem. Because Y is typically infinite dimen-
sional, we typically do not use ¢ to approximate the residual error, and instead use its discrete dual
approximation € € Y;,. Much like in the linear case, that means the error representation function and its
norm depends on our selection of discrete test space, as we are approximating its norm using the discrete

subspace dual norm | - HYA.

3.2 A Semi-linear DPG Problem Example

Let our domain  be a Lipschitz domain, and let X =Y = H}(Q2). We allow our discrete test

spaces Y}, to be piecewise discontinuous. We want to find some x € X such that:

a(z,y) + (b(x),y) = L(y) VyeY = Hy(Q) (3.6)

Or rather, for our discrete formulation, we want to find z;, € X;, = HZ(2) such that:

a(@n,yn) + (b(xn),yn) = Llyn) Vyn € Y © Hy(Q) (3.7)

We also assume that the solution must abide by Dirichlet boundary conditions, i.e. x = 0 on 2.

As is the case with many approaches to nonlinear problems, we will attempt to exploit properties
of linearity to show that the problem is well posed and to develop error estimates for the problem.
However, rather than just linearizing the nonlinear problem, and rather than restricting ourselves to a
small ball about the weak solution, we instead turn toward approaches to semi-linear problems for which
the nonlinear part exhibits exploitable properties that are like a linear problem, without being linear. By
weakening our assumptions to allow for a nonlinear part, we extend the class of problems the method
can account for, but establish comparable results to the linear problems. To that end, we also make any

number of the following additional assumptions.
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Semi-linear Problem Assumptions

(S1) Maximum Principle: Suppose that the weak solution u is bounded, in the sense that if u is real

valued, u_ < u(z) < uy

(S2) Critical Growth: Suppose the domain 2 = R?. There exists some integer n such that for 1 < n < %

(when d > 3) or 1 < n < o (when d = 2), that the semi-linear form abides by:

‘c(")(n)‘ <K

for some constant K < oo. In other words, the non-linear form has some number of bounded

derivatives.

(S3) Strong Cauchy: For all 27 and z2 in the trial space z,
[(b(z = 21), w2 — 21)| < Cllo — 21| w2 — 24

for some C' > 0 that we can make as small as we like.

(S4) Strong Monotonicity: The non-linear form b(-,-) is strongly monotone, i.e. for all z,y € Hg:
(b(z) = b(y),z —y) =0
(S5) Lipschitz Constant for the nonlinear form: For all z,y € X, and for some constant kj, > 0
Ib(z) = b(y)| < kel —ylx

We also include the continuity assumption and the existence of the projection operator for the

nonlinear problem. In addition, we may make the following assumptions:

(C2-1) The residual operator, Cx — L, has a bounded derivative and its derivative has a bounded inverse

for all x € H&

(C2-2) Coercivity: There is some ¢ > 0 such that for all x € H}:

c|z|? < a(z, )

36



(C2-3) Like in (S4), b(-,) is strongly monotone in H}(Q), i.e. for all z,y € H}:
(b(z) = b(y),z —y) = 0

(C2-4) The bounded operator B corresponds to a nonlinear term in the weak formulation (3.6) that is

bounded by a polynomial that satisfies critical growth conditions (S2).

3.3 Semi-Linear DPG Stability and Optimality Results

From the above assumptions, we can establish a number of stability and optimality results. In
particular, for these semi-linear problems, we would like to establish an equivalence with the residual

norm of the error to the error norm in the trial space, as well as prove some quasi-optimality results.

Theorem [Semi-linear Case 1: Strongly Monotone, Lipschitz]. Suppose the semi-linear formula-
tion is has the Lipschitz property (S5), with continuity constant kj,, non-linear part (b(-),-) is strongly
monotone (S4), and the linear part a(-,-) is coercive with coercivity constant m (A2). Then we have
that the residual error norm abides by the following stability estimates. For some constants Cj; > 0 and
¢m > 0, the norm of the error indicator function ¢ is equivalent to the error of the Galerkin approximation

in the trial space in that:
emle —zal < ey < Cmlz — |
Moreover, for some constant C' > 0, the error of the Galerkin approximation has the following
quasi-stability result:
|z — 2l < C inf o — &
En€Xh

Proof.
Lipschitz Continuity (S5) of the non-linear form gives us an upper bound to the residual error

norm, since we have:
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lely = sup  (c(zn),y) — f(y)
yeY,Jyl=1

= sup (c(zp)—c(z),y)
yeY, |lyll=1

N

sup  krlzn —z||y| = kr|z — 24|
yeY|y|=1

We also have a lower bound:

lely = sup  (c(zn),y) — f(y) = sup (Cxp— F,y)
yeY,|y[=1 yeY,|y[=1
= sup {(Cxp—Czx,y)=> <th —Cux, Eh T
veY,lyl=1 lzn — =
_ <c(xh> O, W) . (xh o w) > mllz — 2]
lzn — 2| |lzn — |
So we have:
|z — :ch||2 < ia(ac —Tp, & —xp) < l(C(az) —C(xp),z — xp)
x m 5 x m 5

1 1
E<Cx—th,w—xh> = %<Cx —Czxp,x— &)

1 1
—(Cx — Crp, v — &) < —||Cx — Caplly |z — &uly
m m
kr,
< |z — x|z = &
m

kr .
“Loinf e — &l

= [z -] <
m EneXp

O

It should be noted that while we have this estimate when the non-linear part is globally Lipschitz,
this would imply that the linear part is essentially bounded by some linear function, and thus grows
slower than a linear function. This class of non-linear forms is limited and are very close to linear. It
is therefore of interest to consider a larger class of non-linear functions, and achieve comparable error
estimate results. To that end, we consider Sobolev spaces, which are well studied, as a setting for a specific

class of nonlinear functions that follow the critical growth assumption.

Theorem [Critical growth assumptions imply local Lipschitz condition]. Let  — R" be a Lip-

schitz domain, with n > 2. Let X = H'(Q) be the trial space.

Suppose that the nonlinear form b follows the critical growth assumption (S2), with bounded
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derivatives up to some k > 0. Suppose that z € X is the galerkin solution to the weak formulation (3.6),
and has some Ly, bound, and let x; be some function in the discrete trial space X,. Then for some
constant C' > 0, the following Locally Lipschitz condition holds:

(b(z) = b(zn),y) < C[Ve = V[ |[Vy|

Proof.

Expanding b(z;,) with a Taylor expansion, we have:

(@)

(zh —z)'

F b
b(zn) = blz) + Z

Since b follows critical growth assumptions, and x is Lo, b (z) is bounded for all n < k and

b*) (€) is bounded for all £ € X. So we have, from the above, and for some constant K; > 0:

0]
(x —an)"|

k
|b(z) — b(x)| 2
=1

p(®)

k
Z f—xh) |

o
Z (@ —zn)']p = ZKlH — )|

By the Poincare-Sobolev inequality, there is some Ko > 0 such that |(x—x)[ip < K2|V(z—2p)]2.

So we now have:

k
[b(z) — b(zn)| ZKlH Wiy < D K| V(@ — )}

i=1

e (L IVG sl o
=K (1 e xh>|2> IViw=zn)lz

We have that for some constant R > 0:

1— V(@ — )5
1= V(e —an)2 ~

<R

So it follows that for some C > 0:
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Ib(z) = b(zn)| < C|V (2 — 21) |2
And the result follows. [

Theorem [Semi-linear Case 2: Non-linear part with critical growth]. Let Q@ < R™ be a Lips-
chitz domain, with n > 2. Let X =Y = H{(Q) be the trial space and test space.

Suppose that the nonlinear form b follows the critical growth assumption (S2), with bounded
derivatives up to some k > 0. Suppose that € X is the galerkin solution to the weak formulation (3.6),
and has some Ly bound, and let x;, be some function in the discrete trial space Xj. Suppose also that
the linear part a(-,-) is coercive (C2-2) with coercivity constant m. Then we have that the residual error
norm abides by the following stability estimates. For some constants Cj; > 0 and ¢, > 0, the norm of
the error indicator function ¢ as defined by (3.3) is equivalent to the error of the Galerkin approximation

in the trial space in that:
emle = zn| < ey < Cmlz — x|
Moreover, for some constant C' > 0, the error of the Galerkin approximation has the following

quasi-stability result:

|z —an| < C inf |z — &
EneX)

h

Proof.
Critical growth assumptions for the non-linear form and L., bounds on w imply that there exists

some constant kg > 0 such that:

(b(z) = b(zn),y) < kg Ve — Va2 Vyl2

give us an upper bound to the residual error norm, since we have:
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lely = sup  (c(zn),y) — f(y))
yeY,|ly|=1
= sup  (c(zn) —c(x),y)
yeY, |lyll=1
< sup kgl V(zn — 2)[[|Vyl < kglz — x|

yeY[y|=1

We also, with the same proof as in case 1, have a lower bound:

lelly =

(c(zn),y) — f(y)

sup

yeY,|y|=1

=a

So we have:

|z — =

So the results follow. [J

Tp — &

(xh -, ) = m|z — x|
|zn — |

N

1
—a(x — xp,x —xp)
m

N

~(elw) — elan)w — 1)
1

—[Cz = Caplly |z = &nlly
m

N

N

ka
— |z — xallfz — &
m

ka

— o] <
m £

el
inf [ — &l

3.4 Proof of Strang’s Lemmas for DPG

Because the DPG method requires the approximation of the Riesz operator, as well as norms
that are reliant on the discrete subspace upon which the discrete formulation is solved, it is useful to

quantify the effect such approximations would have on the error of the approximation. To that end, we

prove analogues to Strang’s lemmas below, for linear DPG.

Theorem [Strang’s First Lemma (linear DPG, classical)]. Suppose we have a coercive bilinear
form a(-,-) = {T(-),-) as in the weak formulation and similarly coercive discretizations ap(-,-) = (Tr(-), ).
Suppose also that we have the continuous and discretized forcing functions f and f;. Then for some

constant C' > 0 independent of the mesh, the residual error in the approximation assumes the following
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bound:

|z —anly <C <|Th$h — Taly; + inf (||96 —&nlly + (T - Th)é“hIIy,;))

Proof.
We have, from the coercivity and continuity of the bilinear form a:
alzn — &3
< lan(xn — &nyon — &)
= lan(xn — &nyon — &n) + alx — En,xn — &) — alx — &, o — &)
= |a(x — &, xn — &n) + (al&nyon — &n) — an(Ens n — &n))
+ (an(@n, xn — &n) — a(x, zp — &)
= la(x — &, xn — &n) + (T = Th)én xn — &n) + (Than — T, xp, — &)l
< Mz = &plllzn — &nll + (T = Th)En, xn — En)| + K(Th% — T,z — &)l
M 1 —
= |lzp —&nl < —llz =&l + = '<(T Th €h7 > ’< Thrn — Zh — Eh >'
a a - th Hxh —&nll
M 1
< —fv =&l +—=  sup (T —Th)én, yn)l + 1 sup  [{(Thn — Tz, yn)|
«a YhEYn,|lynll=1 @ yneYy,|ynl=1
M

«

1 1
| =&l + (T = Th)énllv; + ~|Than — Ty,

Since, by the triangle inequality,

|z — znlly < |z —&uly + llzn —Enly

We have the following:
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|z —znlly <o —&uly + lzn —&nly
M 1 1
Sz =&nly + —lz =&y + (T = Ta)énlly; + ~[Thaen = Taly;

M 1 1
_ (1 " ) e~ &nlly + 21T = Téaly; + - 1Then — Taly;
« « «

1 . M 1
— lo—zaly < 21T~ Talyy + ut (1475 ) lo— &l + 21T - Teuly; )

The conclusion follows.

O

Theorem [Strang’s Second Lemma (linear DPG, classical)]. Suppose we have a coercive bilinar
form a(-,-) = {T(-),-) as in the weak formulation and similarly coercive discretizations ap(-,-) = (Tr(-), ).
Suppose forcing function f is not approximated and is instead exact. Let u be the solution to the weak
formulation, and wj, the discrete solution using some subspace of the trial space X}, and some subspace of

the test space Y, Then the residual error in the approximation assumes the following bound:

2 — anly, < C (|Th<x—xh>|y4 T inf x—shuyh)
EneYy

Proof. Because the bi-linear forms are coercive, we have:

allzn — &Y, < lan(zn — & on — &)
= lap(zn — &nyxn — &) + an(x — Thyxn — &n) — an(x — Thyxn — &n)|
= lan(z — &n, xn — &) + (an(@n, Tn — &) — an(zn, T — &n))| + lan(@ — zn, 20 — &)
= lan(x = &, xn — &n)| + KTn(z — zn), 20 — &n)l
< Mz = &nlllzn = &nll + K(Th(z — 1), 20 — &n))
— lon =l < o -l + 5 (Do - o). 22 )

"k — &

M 1
< lo—Gl+= s (Tilw— o) m)

Yr€Yrh,|ynl=1

M 1
= e =&l + I Th(z = zn)ly;
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Since, by the triangle inequality,

|z —znly, <z =&y, + |zn = Enlly,

We have the following:

|z —znly, <z =&y, + |zn = &nllyvs,

N

M 1
lo &l + L — €l + 11T - 3l
M 1
= (145 o=l + 31T = ol

1 . M
— lo-auly, < 4Tt~y + i ((1+ 3 ) I -l )

The conclusion follows.

O

For cases above, bilinear forms can only be coercive if the trial and test spaces are the same, so
that the trial space functions can be in the second part of the bilinear form. The Petrov-Galerkin part of
the simplest case comes from the fact that test subspaces are allowed to be discontinuous, and subspaces
could be different but still have a well defined inner product. However, Petrov-Galerkin methods like
DPG would typically have different function spaces for the trial and test functions, where a bilinear form
related to an inner product would not be defined. In which case, we also consider Strang’s lemmas for

mixed methods, in which the trial and test spaces are different.

Theorem [Strang’s First Lemma (linear DPG, mixed)]. Suppose we have a bilinear form a(-,-) =
(T(-),-), as in the weak formulation 1.4, that fulfills the inf-sup condition (A2-1) and the discrete inf-sup
condition (A2-2), with inf-sup constant 5. Suppose we also have discretizations with the same inf-sup
constants, ap, (-, ) = (Tn(-), ). Suppose also that we have the continuous and discretized forcing functions
f and fr. Then for some constant C' > 0 independent of the mesh, the residual error in the approximation

assumes the following bound:

|z —anlx < C (Tm ~Taly; + inf (lo = &lx + (T~ Th>sh|y,;)>
© o &ne€Xn '

Proof.

We have, from the inf-sup condition and continuity of the bilinear form a:
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sup an(xzn —&n, yn)

1
lzn — &nllx < =
B yeYi lynly =1

1

== sup an(xn —En,yn) + ale — Enyyn) — a(r — &, yn)
B yelynlly =1
1

= — sup  a(x — &n,yn) + al&nyyn) — an(én, yn) + a(z,yn) — an(n, yn)
B YEYn,|ynly =1
1

< = sup la(x — &y yn)| + [T = Th)én, yn)| + [KTx — Thén, yn)l
B yevu lynlly =1
1

<5 sup Mz =&l xlynly + (T = Th)énly; + T2 — Thénly,
B yevi lynly =1
M 1 1

= FHx —&nlx + B”(T = Ty)nlly; + EHT»T = Tnénly;

Since, by the triangle inequality,

|z — 2nllx <[z —&nlx + |on — &nlx

We have the following;:

[z —2n|x <z —&nlx + [on — &nlx

M 1 1
<z —&lx + ?Hx —&nlx + BH(T —Th)énlly; + BHTw = Thénlly;
M 1 1
_ (1 " ) Iz — Ealx + 21T — Twénly; + =1Tnzn — Taly,
B B B '
1

M 1
— |z— < =|Tpan —Taly + inf ((1+2) [z — ~ (T = To)nlly
|z — x5 x | Thwn — Ty, + nf (( + 3 ) lz — &nllx + 5”( h)gth>

B

The conclusion follows.

O

Theorem [Strang’s Second Lemma (linear DPG, mixed)]. Suppose we have a bilinear form, as
in the weak formulation (1.4), a(-,-) = <{T'(-), -), that fulfills the inf-sup condition (A2-1) and the discrete
inf-sup condition (A2-2), with inf-sup constant 8. Suppose we also have discretizations with the same
inf-sup constants, ay(-,-) = {Th(-), ). Suppose forcing function f is not approximated and is instead exact.

Let u be the solution to the weak formulation, and wj the discrete solution using some subspace of the
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trial space X}, and some subspace of the test space Y, Then the residual error in the approximation
assumes the following bound for some constant C' > 0:
Jo = anllx < € (ITuGe —on)lyg + int o~ il )
En€Xn

Proof.

We have, from the inf-sup condition and continuity of the bilinear form a:

1
len —&nllx < = sup an(zn, — &n,yn)
B yeYalynly =1
== sup an(xn —&n,yn) + an(@x — zn, yn) — an(x — Tn, yn)
B yevilynly =1
1
== sup  ap(x — & yn) — an(x — xh, Yn)
B yeYnlynlly =1
1
< — sup la(x — &y yn)| + [KTh(x — 21), yn)l
g YEYh,|yn |y =1
1
<< sup Mz —&lx|ynly + [Th(z —2n)ly;
g YEYn,|lyn vy =1
M 1
= —llz = &nlx + S |Th(z — z4) |y
3 [ I BH My

Since, by the triangle inequality,

|z —2nllx <[z —&nlx + |on — &nlx

We have the following:

|z — znllx <z —E&nlx + |zn — &nlx

M 1
Sl =&ulx + Zzlz = &ulx + FThlz = o)l

B
M 1
_ (1 + ﬂ) |z = &ullx + ZlTu(@ —an)ly;
— Jo—anlx < =|Th(z — o) +<1+> nf I =&l
r— X XX 5 r— . 1 T
hllx 3 h h)llYy, B ) enexy X

The conclusion follows. [J
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We then are also interested in how to characterise the effect of this approximation in the context
of semi-linear problems under the conditions listed in the second section of this chapter. We prove those
results below as well. An important difference is that while the Riesz operator may still exist, it is no

longer a linear operator in this context.

Theorem [Strang’s First Lemma (semi-linear DPG)]. Suppose we have a semi-linear form as in

the weak formulation 3.1:

with a bilinear part a(-,-) that is coercive as in (A2) and continuous as in (Al), and a non-linear part
(b(+),-) that is strongly monotone as in (S4) and abides by some Lipschitz condition (S5) or the condition
proven with the discrete maximum and critical growth conditions (S1) and (S2), with some boundedness
constant k. Suppose we similarly have discretizations (cx(+),-) = (Th(*), ), an(-,-), and (bx(-),). Suppose
also that we have the continuous and discretized forcing functions f and fj. Then for some constant

C > 0 independent of the mesh, the residual error in the approximation assumes the following bound:

|z —znly <C <|Th$h —Tz|y; + inf <||l" —&nly + (T - Th)fh“y,;))
EreY

Proof.
We have, from the coercivity of the bilinear part a, and the strong monotonicity of the nonlinear

part b:
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allen = &uly < lan(zn — &nyon — &) < lan(zn — &nszn — &) + (bn(xn) — br(€n), o — &)
= |(en(@n) = cn(€n)son — &) + (c(@) — c(&n), xn — &n) — (c(@) — c(&n) xn — &n)
= |(c(@) — c(&n), xn — &n) + (c(€n) — cn(&n), xn — &) + (enl@n) — c(x), zn — &)
= [(c(z) = c(&n), xn — &n) + (T = Th)éns on — &) + (Than — T,z — &n)l

< (M +k)|x = &nlllzn — &nll + (T = Th)én, xn — En)l + |< (Than — Ta,zn — &p)l
Mtk |z —&nll + — ! K(T Th) ffu >‘
*5hH

1 zh —&n >‘
+ — Thxy — T,
K( A

M + k 1 1
lz =&l +=  sup KT —=Tw)én,yn)l + = sup  [(Thzn — T, yn)
@ ey, |ynl=1 @ yneYn,|ynl=1

= fan =&l <

M+k:

1
|z —&nll + *H(T Ti)nlly; + 2 Iz — Ty

Since, by the triangle inequality,

|z —znly <[z —&nly + [on — Enlly

We have the following:

|z —znly <z —&nly + Hﬂ?h —&nly

M +
< o —=&nlly +
( M+ k
1+

1 1
Hl’ =&nly + (T = Th)enly; + —[Thaen — Taly;

1 1
)l =&l + 21T~ Tl + % 1T~ Taly,

M+ k

1 . 1
— fo=anly < 3Than - Talyy + inf, (14225 ) o= &l + 21T - Tealsg )

The conclusion follows.

O

Theorem [Strang’s Second Lemma (semi-linear DPG)]. Suppose we have a semi-linear form as

in the weak formulation 3.1:



with a bilinear part a(-,-) that is coercive as in (A2) and continuous as in (Al), and a non-linear part
(b(+), -) that is strongly monotone as in (S4) and abides by some Lipschitz condition (S5) or the condition
proven with the discrete maximum and critical growth conditions (S1) and (S2), with some boundedness
constant k. Suppose we similarly have discretizations (¢ (-),-) = {Th(-), ), an(-,-), and (bx(-),-). Suppose
forcing function f is not approximated and is instead exact. Let u be the solution to the weak formulation,
and uy, the discrete solution using some subspace of the trial space X}, and some subspace of the test

space Y}, Then the residual error in the approximation assumes the following bound:

2 — anly, < C (|Th<xxh>|y4 i xghuyh)
EneYy

Proof. We have, from the coercivity of the bilinear part a, and the strong monotonicity of the nonlinear

part b:

afzn — &y < lan(@n — & on — )| < lan(zn — &y zn — &) + (bn(zn) — ba(&n), o — &)
= |(en(@n) — cnlén), on — &n) + (cn(x) — cnl(@n), on — &n) — (en(®) — cn(@n), zn — &n)l
= |(cn(®) — cn(€n)szn — &n) + (en(@n) — cn(@n), on — &n)| + |(en(®) — cn(@n), zn — &n)|

= |(en(®) = cn(€n)s zn — )| + KTh(z) — Th(zn), zn — §n)l

< (M + B)le — &l [on — &l + K(The) — Tilen),on — &)
o ; <<Th<””> = Tilen). _§h>‘

an — &

= fon =&l < |z = &nl + ~

M+ k 1
< lz =&l + = sup  [((Th(z) — Thlzn), yn)|
Yr€Yn,|yn =1

M-l—k
HCU—EhHJr*HTh( ) = Th(xn)ly;

Since, by the triangle inequality,

|z —znly, <z —<&lly, + |zn = &nlly,

We have the following:
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|z —znly, <z —&llvi + |20 — &nlvs
M+ k
«

1
<z —&nlvi + & = &l + ~1Tn (@) = Tlan)

- (1 + M; k) |z — &nlly, + éHTh(x) = Tn(zn)ly;

1 . M+ Ek
— o=k, < 2T - Tatonlg + nf, ((1+ 225 -l )

The conclusion follows.

O

We are, moreover, interested in how the dual norm error in the test space Y differs from the
discrete test space Y. We defined above the difference function, § = € — ¢, between the residual error ¢

and the approximate residual error €;. By the triangle inequality, we have:

lell < 18]l + llenll

Hence controlling the difference would keep the error estimation function €; comparable to the
residual error. For the linear problem, we can show that the error estimator function ¢j is the best

estimator for the residual error, in the following way.

Lemma [ in the linear problem]. Given the error estimator functions € and the approximate function

€n, for fixed e, ¢ is optimized by the error estimator function e, in that:

Ol = inf |e—
91 = inf e —mly

Proof. We use the fact that by construction, § € Y;-, hence {5,y = 0 for any y;, € Y},. We have for any

arbitrary n, € Yj,

163 = <6,8) = (0,e —eny = (b,e =) < [0]y e — mully
= 6]y <lle=nnly VnneYn

— = 16] = inf |e—mly
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In the DPG method, discrete test spaces are constructed to allow for the problem to have specific
properties, such as an SPD stiffness matrix, or the existence of a projection operator. Because § and the
bounds above by Strang’s lemma are affected by the subspace of Y}, the selection of the discrete test

space has a significant impact on the error bounds.

3.5 Adaptive Error Estimator for Semi-Linear Problems

Classical finite element methods would involve a mesh in which the basis functions and mesh
were refined uniformly across all elements. This, however, is computationally intensive, as the number of
elements may increase exponentially at each refinement iteration.

In particular, this amount of refinement would not be necessary for certain problems. If the
solution to an equation was easily approximated except at a few specific points, refining the mesh in the
easier to approximate areas would not improve the error of the approximated solution by much, while still
increasing the problem size. Thus, it may be more useful to only refine areas of the mesh where the error
is large.

This gives way to a posteriori error estimators, which estimate the error on each element after
each refinement step. After the spaces are refined, the space is refined specifically at elements where the

error estimator indicated high error.

Theorem [A Posteriori Error for Semi-linear DPG problems]. Given the assumptions above, we

can establish similar equivalence arguments as in the linear case. i.e. we have:

1. Efficiency: n < kif|z — 2p| g

2. Reliability: |z — ap| g < C(c, A, B) infe,ex,, |© — &n|

3. Control of the oscillation term: |(L — Bzp) - (I —II)| < C(c, A, B, I —II)inf¢, cx, |@ — &l
Proof.

n=|L=Cunly; <|L—Canlp—r < kil — znf

Since the residual operator has a bounded derivative, efficiency follows from Taylor expansion,
and ki above depends on the norm of the derivative operator in {2
We again use the fact that § = € — ), L Y},, and the third assumption regarding the projection II,

and acquire the same result:

[0) e < (L = Ban) o (I =) [ g1 + llenlm [T g
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Since the residual operator has an invertible derivative and the inverse of that derivative is

bounded:

kollz — 2l < |L = Canlf- = lelin = 1817 + lenlZn

<lenln + (L = Bap) o (1 = I -1 + len]| [0 1)

Where ko depends on the norm of the inverse of the derivative

We use the coercivity, monotonicity, and critical growth assumptions to establish the following

result:
¢z — Ih”iﬂ <a(r —xp,x —xp)
= a(r —zp,x — &) + a(z — zn, §p — 1)
=a(x —xp,x — &) + (b(x) — b(xp), xn — &)
=a(x —xp,x — &) + (b(x) — blap),x — &)
— (b(x) = b(zp),® — 1)
< alx —xp,x— &) + (b(x) — blap),x — &)
< C(A, B)|z — zn| |z — &l m
It follows that: |z — zp||g: < C(e, A, B) infe,ex, | — &nlm
Using the result above, we can bound |[(L—Bxy,)-(I—1II)| by C(c, A, B, I —II)inf¢, ex, |2 —&n | pr:
(L — Bxy) - (I =) (y) = (Az + Bz — Bay)(y — Iy)
= (Ax — A&, + Bx — Bxy,)(y — Iy)
= (Az — A&,)(y — y) + (Bx — Bay)(y — 1y)
= (L — Bxy) - (I —1ID|| < |All|z — &l [T — II|| + k3| — @[l — 11|
< C(e, A, B, I —TI) inf |z — &l
En€Xn
O

52



References

[1] J. H. Bramble, R. D. Lazarov, and J. E. Pasciak. A least-squares approach based on a discrete minus
one inner product for first order systems. Math. Comp., 66:935-955, 1997.

[2] J. H. Bramble and J. E. Pasciak. A new approximation technique for div-curl systems. Math. Comp.,
73:1739-1762, 2004.

[3] C. Carstensen, P. Bringmann, F. Hellwig, and P. Wriggers. Nonlinear discontinuous Petrov—Galerkin
methods. Num. Math., 139:529-561, 2018.

[4] C. Carstensen, L. Demkowicz, and J. Gopalakrishnan. A posteriori error control for dpg methods.
SIAM Journal on Numerical Analysis, 52(3):1335-1353, 2014.

[5] P. G. Ciarlet and P. A. Raviart. Maximum principle and uniform convergence for the finite element
method. Computer Methods in Applied Mechanics and Engineering, 2:17-31, 1973.

[6] L. Demkowicz and J. Gopalakrishnan. A class of discontinuous petrov—galerkin methods. ii. optimal
test functions. Numer. Methods Partial Differential Eq., 27:70-105, 2011.

[7] W. Dorfler. A convergent adaptive algorithm for Poisson’s equation. SIAM J. Numer. Anal.,
33:1106-1124, 1996.

[8] T. Fiihrer. Ultraweak formulation of linear pdes in nondivergence form and dpg approximation.
Computers & Mathematics with Applications, 95:67-84, 2021. Recent Advances in Least-Squares and
Discontinuous Petrov—Galerkin Finite Element Methods.

[9] M. Holst, G. Tsogtgerel, and Y. Zhu. Local convergence of adaptive methods for nonlinear partial
differential equations. Available as arXiv:1001.1382 [math.NA].

[10] B. Keith, P. Knechtges, N. Roberts, S. Elgeti, M. Behr, and L. Demkowicz. An ultraweak dpg method
for viscoelastic fluids. Journal of Non-Newtonian Fluid Mechanics, 247:107-122, 2017.

[11] P. Lax and A. Milgram. Ix. parabolic equations. Contributions to the Theory of Partial Differential
Fquations, 33:167-190, 2016.

[12] N. V. Roberts, T. Bui-Thanh, and L. Demkowicz. The dpg method for the stokes problem. Comput.
Math. Appl., 67:966-995, 2014.

[13] N. V. Roberts, L. Demkowicz, and R. Moser. Galerkin methodology for adaptive solutions to the
incompressible navier—stokes equations. J. Comput. Phys., 301:456-483, 2015.

[14] V. Santos. On the strong maximum principle for some piece-wise linear finite element approximate
problems of non-positive type. Journal of the Faculty of Science, University of Tokyo: Mathematics,
29:473, 1982.

[15] R. Verfiirth. A posteriori error estimation techniques for finite element methods. OUP Oxford, 2013.

[16] J. Xu and L. Zikatanov. Some observations on Babuska and Brezzi theories. Num. Math., 94(1):195-
202, 2003.

53


http://arxiv.org/abs/1001.1382

	Dissertation Approval Page
	Dedication
	Table of Contents
	Acknowledgements
	Vita
	Abstract of the Dissertation
	Introduction
	Weak Formulation for Finite Element Methods
	Discrete Weak Formulation and Convergence of FEM in the Linear Problem
	Variations on the classical method
	Standard issues in FEM problems

	Discontinuous Petrov Galerkin Methods
	The Ideal DPG Method: Formulation 1 (Trial to Test Operator)
	DPG Method: Formulation 2 (Minimizing the Residual)
	Existing DPG Approaches to Nonlinear problems: Linearization
	Problems with DPG and Criticisms
	Addressing the Criticisms to DPG

	Applications to DPG Methods
	Setup to the Semi-Linear Approach for DPG
	A Semi-linear DPG Problem Example
	Semi-Linear DPG Stability and Optimality Results
	Proof of Strang's Lemmas for DPG
	Adaptive Error Estimator for Semi-Linear Problems

	References



