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UNIVERSITY OF SUSSEX

BLAKE ASHWORTH, DOCTOR OF PHILOSOPHY

SUMMARY

There is a growing interest in studying nonlinear partial differential equations which
constitute gradient flows in the Wasserstein metric and related structure preserving
variational discretisations. In this thesis, we focus on the fourth order
Derrida-Lebowitz-Speer-Spohn (DLSS) equation, the thin film equation, as well as
other fourth order examples. We adapt the minimising movement schemes from
implicit Euler (BDF1) to higher order schemes, i.e. backward difference formulae and
diagonally implicit Runge-Kutta (DIRK) methods.

We prove numerical convergence of discrete solutions of the DIRK2 scheme using a
comparison principle type approach with semi-convex based conditions. With basic
assumptions including semi-convexity of our energy, verifying that the energy is
monotonic in time normally yields convergence of its discrete solution for decreasing
time step. However, as in the BDF2 example, for the DIRK2 scheme considered here
the energy was not verified to be monotonic (it might be), yet with additional
assumptions, convergence is obtained as well as other basic properties of gradient
flows.

We propose fully discrete schemes which preserve positivity for the DLSS equation,
the Thin Film equation and other nonlinear partial differential equations. We present
results of numerical experiments confirming improved rates of convergence for higher
order schemes. Furthermore, numerical results with non-constant time steps are

presented, improving the efficiency of the proposed schemes.
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1 Introduction

The aim of this thesis is to propose and discuss variational discretisations of nonlinear partial differential
equations (PDEs) which constitute gradient flows in the Wasserstein metric [17, 19].

As demonstrated in recent articles, [12, 26, 30, 32, 39], mathematicians are particularly interested in
studying evolution equations (in particular diffusion equations) with underlying gradient flow structures
[2, 19]. There have been many breakthroughs over the last quarter of a century on how to analyse the
behaviour of the dynamics or solutions of evolution equations.

Although analysing the variational forms of evolution PDEs are of interest at present, the main
focus nowadays are the study of higher order nonlinear PDEs, which are difficult to compute, due to

range restrictions and the inability to linearise the system.

1.1 Gradient Flow Problems of PDEs

We introduce the literature and how the variational form (gradient flow) can help solve numerical
solutions of high order nonlinear PDEs.

Over recent years, mathematicians are interested in nonlinear fourth order equations that provide
non-negative solutions, i.e. the solution can be interpreted as some physical quantity. Most notably
the Derrida-Lebowitz-Speer-Spohn (DLSS) equation, introduced in 1991 (see [15, 16] from Derrida
Lebowitz et al.):

Byulz,t) = —20, (u(x,t)@m<W)), >0, (1)

and the Thin Film equation, introduced in 1995 (see [5]):
Opu(z,t) = =0y (u(x, t)02u(z,t)), t>0, (2)

which can be shown to be variationally formulated as gradient flows with respect to the L2-Wasserstein
metric.

There is a growing interest on identifying an underlying structure to these equations, where many
have been identified as having underlying gradient flow structures (see [2, 19] for some examples).
The discretisation approach to PDEs with gradient flow structures, called the minimising movement
scheme, originally for the finite-dimensional case, was introduced back in 1990 by E. De Giorgi, at a
conference in Lecce, Italy before being formally published in 1993 [14].

Gradient flow problems can be expressed with respect to the Euclidean space or the L? (Lebesgue
2-norm) space.

But since the linear Fokker-Planck equation was first applied twenty one years ago by Jordan,

Kinderlehrer and Otto [26] in 1998, the main interest involves the variational formulation of evolution



equations as gradient flows with respect to the L2-Wasserstein metric, also defined as the optimal
quadratic transportation distance.

The global existence of non-negative weak solutions to the DLSS equation was proved by Jiingel
and Pinnau in [27]. Otto applied this variational formulation as Wasserstein gradient flows, that same
year [39], for the porous media equation. Carrillo et al. [12] applied this to conservation equations for
interacting gases.

From 2006 onwards, a Lagrangian approach which explores the spatial behaviour of the density,
firstly demonstrated by Gosse et al. [21], then Carillo and Moll [6, 13] where the authors applied
“optimise-then-discretise” and “discretise-then-optimise” approaches, respectively.

Jiingel and Violet [29] constructed a semi-discrete in time scheme for the DLSS equation, which is
also known as the Quantum drift diffusion equation or the “nonlinear logarithmic” equation due to the
logarithmic term in the vector field part of the equation. This was shown to preserve non-negativity
of the solution for all initial states commencing as this.

The variational form of the DLSS equation was proved by Gianazza et al. [20]. They not only
showed the Wasserstein gradient flow structure of the energy functional (Fisher information) but also
verified that taking the limit of the temporal discrete scheme preserves non-negativity of the solution,
which is essential for ensuring global existence of the solution.

Our aim is to construct new schemes which obey the gradient flow structure. Gradient flows travel as
to minimise the associated internal energy functional, hence we wish for the energy at the time discrete
level to be monotonically decreasing. The scheme, defined as the minimising movement scheme, has
been studied in the Euclidean case, in the probability space, and now by Carillo and Moll [13] in
the Lagrangian case. Indeed, they introduced a scheme for various nonlinear evolution equations,
rewritten in terms of Lagrangian coordinates which simplify the calculation of the transportation
distance between two densities (Wasserstein distance) and guarantees mass preservation and non-
negative solutions [3, 18].

This work was considering second order nonlinear equations, but with Gianazza and Toscani et
al. [20], this prompted Diiring and Matthes et al. [17] to investigate fourth order equations. In this
case, they successfully applied a full discretisation to the fourth order DLSS equation (we will formally
introduce it in Section 3). They not only created a numerical scheme, derived in line with the structure
(Wasserstein gradient flow (WGF) formulation) of the already established PDE from [26], they derived
a fully discrete scheme, in space as well as time, where its spatially discrete form covers limitations
on the solution space e.g. singularities exist, only non-negative solutions exist. In addition to this
the scheme, which is equivalent to the implicit Euler case, guarantees conservation of mass and is
unconditionally stable.

The benefits of variational forms, for example, evolution equations with respect to gradient flow

structures have been discussed, but more also are other important properties of the solutions, see [17],



including the dissipation of internal energies or preservation of mass. The nonlinearity of these equa-
tions have been confronted with a construction of a numerical solution, with these built in properties.
As well as just analysing the dynamics of evolution equations, we are interested in equations with high
nonlinear structures and of high order due to their rich and interesting behaviour, as well as their well

known use in theoretical physics and mathematical analysis.

1.2 Higher Order Discretisations of Fourth-Order PDEs

Now an extension of the skeleton of what we want to achieve in this thesis i.e. analysis of gradient
flows have been applied only to first order BDF schemes (vaguely for BDF2) and now we adapt the
temporal discretisation for BDF3 to 6 then DIRK schemes of orders 2,3 and 4.

We investigate and propose new discretisations for evolution PDEs that carry an underlying L2-
Wasserstein gradient flow structure. Examples of other well known equations are shown in [19, 40, 41],
including the Heat equation and the Porous Media equation. In this thesis, the focus will be towards
evolution equations of fourth order, rather than second order. With articles [17, 20], introducing the
fully discrete scheme for the fourth order DLSS equation with built in constraints, which is well posed,
this can be implemented to other fourth order equations with underlying Wasserstein gradient flow
structures, by altering the internal energies, and will also be the forefront of this thesis. The challenge is
to investigate numerical schemes providing an improved level of accuracy, at the time discrete level. As
a consequence of the strong non-linearity of these equations, obtaining an analytic solution is difficult,
but our investigations, especially with motivation from previously published results, help provide an
improved approximation (numerical solution), shown by a higher numerical order of convergence in
time. As from the implicit Euler scheme, we implement a well known, iterative approach called the
minimising movement scheme.

Variational formulations provide us with a deep, clearer understanding of the qualitative behaviour
of solutions and within the probability space of measures. But more importantly, the minimising move-
ment scheme is a popular tool for implementing a temporal (semi-discrete) approach for approximating
the evolution of solutions, [14, 17, 19, 35, 41, 42], called the semi-discrete gradient flow problem. Some
basic assumptions and mathematical tools [35, p. 11] can verify the uniqueness of a minimiser of a
functional, a necessary condition for a well-posed problem, derived from our numerical schemes that
we discuss in this thesis.

The numerical schemes applied for the PDEs we consider were of first order in time originally and
little consideration was given for schemes of high order, mainly of second order. We will investigate
and find that this work can be generalised to wider classes of schemes and equations. Additional
barriers have and will create challenges going forward, but the publications [17] in 2010, and [35] in

2017, have been the main ingredients for creating good approximations of higher order equations with
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gradient flow structures and tackling limited monotonicity of our internal energies from higher order
temporal schemes respectively. But now we are interested in other higher order variants of the scheme
and other fourth order equations.

We first adapt the minimising movement schemes from the implicit Euler scheme (BDF1) to higher
order schemes, e.g. backward difference formulas (BDF') of orders 2 to 6 (BDF2 to BDF6) and diago-
nally implicit Runge-Kutta (DIRK) methods up to stage five.

The main problem in this thesis is an extension of recent work by Matthes and Plazotta, [35].
They have successfully shown the well-posedness of the BDF2 type scheme (in a variational form by
deriving a time discrete evolution variational inequality (EVI), that is a new variational form of the
BDF2 method), formulated as a consequence of the semi-convexity assumption on the energy func-
tional £(-), guaranteeing a well-posed BDF scheme. They also shown the convergence of the discrete
solution with similar initial data for a decreasing time step size by using a comparison principle ap-
proach, constructing an error estimate between two similar discrete solutions, for example an estimate
on Walul, v}]> — Walul, v)]* where (uf)ren and (v})ien are two discrete solutions with time steps 7
and 7, respectively. Our main contribution is to extend this to higher order, and multistage, schemes
where the energy functional is not shown to be monotonically decreasing, in comparison to the demon-
strated BDF1 (implicit Euler) scheme. This was achieved by a comparison principle approach, also
demonstrated by Matthes, Plazotta [35], which involves an alternative variational form of the BDF2
method. We adapt this approach, for an “appropriate” two stage diagonally implicit Runge-Kutta
(DIRK2) scheme with a high order of accuracy.

The approach characterises the gradient flow which assumes A-convexity (semi-convexity of modulus
A) of the energy functional (see Santambrogio, from [42, Sect. 2.2] or [41, Sect. 8.1]), and shows how
it generates a unique stable solution as well as giving an equivalent form of the gradient flow problem
with metric counterparts. This is defined as the evolution variational inequality (EVI) and we shall
prove this discretely in the non-trivial case when A is negative, where convexity is only satisfied for a

sufficiently small time step size.

Remark 1.1. In terms of “appropriate”, the DIRK2 scheme we select only has a maximum order of
accuracy of two. Therefore, there is no guarantee that the scheme is of order two, hence carries any

benefit to the BDF1 scheme.

In addition, we carefully select and discretise in space, via the Galerkin and Lagrangian transfor-
mation approach for other, some well known, equations. After some careful consideration of initial
datums to select, we look to see whether our fully discrete approach is indeed compatible for other
fourth order nonlinear diffusion equations. We analyse the numerical convergence (L2-error) rates.

From [35], the general energy functional was considered for the whole real line R, due to the fact
that they were analysing for general metric spaces and hence, for general evolution PDEs. In other

words, the associated energy functionals are not always an integral of a squared term, hence may not
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be positive definite. However, for our evolution equations investigated in this thesis, the respective
energies are integrals of a squared (non-negative) term, guaranteeing a non-negative output. For
example, we are formulating the DLSS Equation as a L2-Wasserstein gradient flow with the associated
Fisher Information term which integrates a squared term, hence non-negativity i.e. £(-) € Ry for all
reference/observer points u € Py (£2). This provides us a lower bound for our energy functional term
which is zero at least, unlike the case from [35, Thm. 4.4] for general metric cases, where an inductive
result from the minimising movement scheme estimates had to be shown for general cases. Hence this
shall simplify our final estimate proof worked on in Sections 5 to 6.

The next part of our introduction brings us to a detailed structure of our thesis that enables us
to construct our new numerical methods for finding a discrete approximate solution for our selected

PDE in the case of Wasserstein spaces.

1.3 Outline of the Thesis

The outline of what each section of this thesis covers is shown here. The final part summarises the
aims/main contributions in bullet points. With the background of our project set out, we briefly
explain the purposes of each of the investigation to be carried out in this thesis:

The basic theory, which we build in this thesis is first mentioned, before our contribution. We
commence with the traditional optimal transport problem in Section 2, including the Wasserstein
metric. Then Section 3, in the Wasserstein space aspect, introduces the basic facts on the variational
structure of the investigated PDEs and gradient flows, including its discrete portrayal, which will be
a major tool for our contribution.

Section 4 introduces the schemes to be worked with. Starting with the basic backward difference
formulas (BDF), explaining how this generates the orders of accuracy as concerned. Runge-Kutta
methods are then introduced proving how the general form of schemes, for second and third stage
cases, has a maximum order of accuracy. We also propose the minimising movement schemes for
DIRK scheme cases, including the DIRK2 scheme we worked with earlier, as well as an example from
both DIRK3 and DIRKS5.

For example, we shall begin considering the minimising movement scheme, in relation to the implicit
Euler, stage one, scheme on the probability space of measures with mass M, Pas (), i.e. the Wasserstein
case:

1
u” := argmin — Ws[u" " u)? + E(u). (3)
uePar (@) 2T

Section 5 provides the ingredients required for our investigation. We shall summarise the classical
minimising movement scheme for the backward difference formula (BDF) methods, highlighting how
the monotonicity of the energy functional is not guaranteed and that more work is to be done for higher

order and stage numerical schemes. We shall also introduce the diagonally implicit Runge-Kutta two
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stage (DIRK2) scheme that carries a suitably high order of accuracy. Article [35] proved the numerical
convergence of discrete solutions for the BDF2 scheme, with a not fully diminished energy functional
(Fisher Information) term. We shall adopt a similar result for the DIRK2 scheme, although we shall
not generalise the numerical scheme as they did, i.e. the domain and metric form is fixed, as well as the
PDE and energy functional term £(-). Estimating the energy functional terms concludes the section.
In addition to the existence of a minimiser result from the previous section, we shall start adopting
a similar result, from the BDF2 scheme, for the DIRK2 scheme. Specifically, we shall construct the
variational form of the minimising movement scheme, where we show how to adapt the discrete forms
of the evolution variational inequalities for both stages, as a result of the basic assumptions on our
energy functionals, i.e. lower semi-continuity, coercivity and semi-convexity. Note again that we shall
not generalise the numerical scheme as they did in [35], by Matthes and Plazotta.

The numerical convergence proof is conducted in Section 6, adopting parts of the comparison
principle approach from [35]. Furthermore, semi-convexity on the energy functional and the L2-
Wasserstein metric terms are assumed and will be the main ingredient for verifying well-posedness for
gradient flow problems.

In Section 7 we carry out the process of constructing the numerical results for the BDF and DIRK
schemes. First, we implement the full discretisation [17, 48], applied to the DLSS equation, and
three other equations, including the Thin Film equation. We will also show the brief outline for the
optimisation problem for all schemes.

The simulations for the L2-error numerical convergence on the time step size 7, as well as verifying,
numerically, the monotonicity of the energy functional over time are carried out in Section 8. This
concludes whether higher order, and multi-stage, schemes are more accurate numerical approximations
to the DLSS and Thin Film equations, plus other fourth order nonlinear partial differential equations,
carrying similar structures.

In this thesis, our main contributions are as follows:

e we derive temporally higher order minimising movement schemes, based on BDF and DIRK

schemes with higher order of accuracy (Section 4).

e we prove the convergence of discrete solutions for the DIRK2 scheme with an arbitrary interme-

diate time step (Section 5 to 6).

e we derive fully discrete “discretise-then-optimise” schemes for several fourth order nonlinear
partial differential equations, e.g. Thin Film equation, with underlying gradient flow structure

(Section 7).

e we implement the new temporally higher order BDF and DIRK schemes for various nonlinear

fourth order partial differential equations and assess their numerical convergence rates, as well
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as their relation with the smoothness of the initial conditions, altering their built-in parameters

(Section ).

We shall provide an introduction to gradient flows in the Wasserstein space, but first an introduction
to optimal transport, referring to original problems proposed by Monge and Kantorovich [42]. Firstly,
we look at two main problems that concern finding the best possible plan for transporting a quantity

from one space to another.
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2 Optimal Transport Problem

We give the idea of the optimal transport problem, hence an interpretation of the Wasserstein metrics,
which we work on/use for the initial value problems.

The Optimal Transport problem was introduced a few years before the French revolution by Gas-
pard Monge [37]. Monge proposed the problem originally, where the density of a given mass is trans-
ported to another location to form a new density but the mass is preserved, i.e. the problem is to find
the minimum cost of transporting one density into another. For example, we turn over a pile of sand
into a hole of the same volume and we find the most efficient way of transporting a physical quantity
from one place to another?

We consider two probability measures on two probability spaces X and Y, which are P(X) and
P(Y) respectively, and the cost function ¢ : X xY — R. The distribution of the sand in the initial pile
has density p(x), and the density after transportation is denoted by v(y). The movement is described
by the transport map T : X — Y; XY € Q, where (2 is a metric space, e.g. Euclidean or Wasserstein.
The map T describes the movement of the particles from X to Y, x denotes the original location of
the particle of sand and T'(x) denotes the destination of the corresponding particle z. By introducing
d: X xY — Ry as the distance function (is strictly positive unless = y), its cost of transportation

is defined as ¢(z,y) = d(x,y) for some x € X and y € Y. The actual measure spaces considered are
(i) (X, p) for the initial pile of sand.

(ii) (Y, v) for the hole the sand is transported to.

2.1 Monge Problem

Here is the basic introduction to the optimal transport problem, where the particles from one starting
point all map to the same destination (not merged or separated), as discussed from [41, 42], by
Santambrogio.

Rather than saying we are mapping content from some space X directly to some space Y, we can
specify some space X equivalently to the pre-image of Y (the inverse mapping), i.e. for X = T(Y)
and Y C R%

/ o M = | v

which interprets the conservation of mass, that is density u(zr) is considered in T71(Y) and its newly
formed density, after transportation, v(y) is considered in Y (see Figure 1 as an illustration).

The aim is to minimise the cost of overall transportation, i.e. we minimise

/X () — 2lu(x)dz, (4)

whereby this integral represents the work created by transporting the original density pu.
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Figure 1: The optimal transport mapping from X to Y i.e. T: A — A where ACY.

Remark 2.1. Transport map may not exist for some Monge problems, e.g. from a Dirac measure to a

non-Dirac measure.

Due to this problem, this leaves us with inconclusive evidence on whether a minimiser exists [41, 42],

2.2 Kantorovich Problem

The Kanotorovich problem is a relaxation of the Monge problem: the problem is now considered as
transport plans (here masses can be split during transportation) and also consists of generalised cost
functions, i.e. it is not necessarily related to the Euclidean distance |z — y|. It is formulated with two
probability measures u(z) € P(X) and v(y) € P(Y).

We consider the space X endowed with the original distribution, e.g. X := {z1,29,...,2n}, e.g.
the quantities of our pile of sand are originally distributed at points x; € X, i = 1,2...m. This gives
us quantities at each point with mass m; = m(z;).

After transportation, we have a new distribution of sand particles Y := {y1,42,...yn}, i.e. the
quantities of our pile of sand are now relocated to points y; € Y, j = 1,2,...,n. During transportation,

the sand particles are distributed from the original distribution X and allocated to either of the n points
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y; € Y. The mass at these points is defined as 7; := 7(y;). Note that we consider

X:[jl’“ and Y:Oyj
i=1 j=1

As a result of transportation, we have a cost function defined as ¢(x;,y;), for transporting a unit

mass from x; to y;. The process is described more explicitly as follows:
e A map y(x;,y,;) moves distributed quantities of sand from z; to y;.

e Quantities of sand must be preserved during transportation i.e. v(x,y) > 0 and

n

S v@ny) =mi, > ylwiy;) =0 (5)
=1

=1

e As a result, the total cost of transportation plans (also called transference plans) is

OEDY

i=1j

(@i, y;)v(wi, yj)- (6)

m n
Here, we have portrayed the transportation problem as a linear programming structure. In this
case, the optimal transport problem involves minimising the linear cost functional over the set of

possible transport plans with constraint (5), that is

n

min(C(7)) = min (0N el 4)1(@i ;) ) (7)

i=1j=1
where the linear constraints ensure that the mass is preserved during transportation.

Furthermore, a transport plan (not a map which would transport to one fixed location
only) is considered, alternatively to the linear programming format. Here a function ~(u,r) moves
an amount of sand from distribution p to v. Again we say that masses can be split or an amount
transported can be split and located to multiple destinations in a manner such that the plan is optimal

(see Figure 2 as an illustration).

Definition 2.2. (Kantorovich Problem) Given two densities u € P(X) and v € P(Y), on the prob-
ability spaces X and Y, respectively, the cost function ¢ : X x Y — R, and a set of transport plans

from one density to the other:

D(p,v) ={y e P(X xY): (m)y=p,(m)y =10} (8)

Here (m;) and (m,) are the projections from X x Y to X and to Y respectively, these measure
how the particles are distributed from z to y for each pair (z,y) € X x Y. Hence the problem is to

calculate

min {/Xxyc(x,y)d’y(a:,y) cy € T(u, V)}

YET (1,v)
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Ymn

Figure 2: A transport plan splitting particles from x1,zo,...2, C X to multiple destinations

Y1,Y2, - - Yn C Y and merging particles from within X to one destination within Y.

We note that since this allows for various destinations, the transport map 7" (this maps from one
place to one destination only) from the Monge problem cannot exist for the Kantorovich problem
[41, 42].

Let us discuss in more detail to the transport plan defined in (8). It consists of a measure v defined
on the product space X x Y and X is located within a set of transport plans. It takes some mass in
set A C X which is transported and distributed to a set B C Y. v must be fixed, i.e. it is a coupling
between the densities p and v with the two sets A C X and B C Y respectively. In simple terms

(1) Y(AxY):=p(A)— mass in A C X distributed in the whole space Y.
(ii) (X x B) :=v(B)— mass in B C Y distributed from the whole space X.

Therefore, as already mentioned, the cost of transport plans -y is

Co)i= Y clente) = [ degdra)

z,y XxY

2.3 Dual Problem

The duality problem is an approach to interpreting the optimal transport problem, introduced in the

previous two sections. Two scenarios are shown: ensure the cost of having a product shipped is more
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efficient to doing it ourselves; ensure profit is maximised, but not to over-weigh the transport cost, in

order to minimise overpricing and hence maintain ourselves in competition.

2.3.1 Scenario One

Here, we briefly discuss a more deeper understanding/structure to the optimal transport problems. We
briefly summarise efficient approaches for finding the optimal cost, for example in economic scenarios,
starting with a scenario which was published by L. Caffarelli [9]:

Assume, rather than transporting ourselves, we hire a shipper to transport goods for us, where we
just pay for loading and unloading (see [47, Thm. 1.3] by Villani). Initially, a product is charged for
loading at point € X at a price of ¢(z) per unit. After transporting these purchased goods, the
goods are charged for unloading at point y € Y at a price of ¥(y) per unit. The idea is by hiring a
shipper to not charge as much as transporting it ourselves, hence we wish for the total loading and

unloading costs to not exceed transport cost (by ourselves), that is

o(x) +(y) < clz,y), reX,yeY. (9)

Considering all integrable functions ¢ and 1 over measures p and v respectively, constraint (9) and
the infimum-supremum argument, the relation between the minimum Kantorovich problem and the
maximum dual problem is

nm.Awdawm%msz Awww+ﬁw@w, (10)

YET (k,v) $,)eD

where & = {(¢,9) € L' (1) x L'(¢) : 6(x) + v(y) < c(z, )}

2.3.2 Scenario Two

Alternatively, we can consider an alternative view of the problem (see [43] by Savaré). We assume a
lorry company is contracted to transport goods. Initially, a product is purchased at point x € X at a
charge of ¢(z) per unit. After transporting these purchased goods, the goods are sold at point y € Y’
at a price of ¢(y) per unit. As a company, you wish for prices to be as efficient as possible, in order

to help beat competition. In this case, we can take profits to not exceed transport cost, i.e.

Y(y) <clz,y) +d(z), r€X,yeY. (11)

The total profit P(¢,1)) from selling the purchased goods after transportation is given as

P(g,v) =D _mly;)¥(y;) = 3 mlwi)o (@),

Jj=1
which is also classed as your gross profit, in business sense, that is profit before company overheads.
The problem now is to maximise profits, i.e. we wish to maximise P(¢, 1)) among all pairings (¢, ¥)

satisfying the constraint (9). From the constraint (9), the total transport cost exceeds the total profit,
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ie.
C(7) > P(,9).

To justify the last inequality, we consider a shipper who offers to charge us a loading and an
unloading fee for transportation, but we would like this to be more cost efficient than transporting it
ourselves, that is the cost C(7).

For competitiveness reasons, as mentioned above, the optimal transport plan involves finding a pair
of competitive prices (¢,) such that

C(y) :==P(o, ),
where ¢ and 1 represents the sales and cost of purchase (raw materials) respectively. Here this gives
us maximised profits, but keeps themselves in good competition at the same time.

Let us denote the “slacking” s(z,y) which measures the difference between the transport cost and
profit:

s(z,y) = c(z,y) — (o(x) — P(y)).

The pairing (,y), the starting point to the final point, is connected by optimal transport when it
maximises the profit i.e.

c(z,y) = ¥(y) — ¢(x).

By the Von-Neumann Minimax Theorem (see [46] by Neumann for details), we summarise the
optimal transport problem, in line with the duality problem, via a linear programming structure, i.e.

we wish to find, for v; ; > 0:
i, j i
mwinz (i, yj)v (i, yj) = %}%XZ(w(yj)ﬁ(yj) = d(i)m(xi));  c(@i,y;) — o(@:) — P (y;) >0,
i,j g

where we minimise the cumulative transportation cost, which is equivalent to maximising the total

profit after transportation.

2.4 L*?-Wasserstein Distance W,

The Wasserstein distance is given, which is the minimum of the Kantorovich potential.
Now we consider a specialised form of the Kantorovich problem, which aids us with the variational

formulation of higher order nonlinear partial differential equations.

Definition 2.3. (Probability Space of Measures with Mass M): We have a set of probabilities when

considering some density of mass M in some metric space €2, which is convex, and some point zg € €2

Prr(9) = {ﬂ cPQ) : /Qd2(x,x0)du(x) - M}. (12)
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Here we consider the minimum value of transport problems between two probabilities. The L2-
Wasserstein distance, W, also called the Monge-Kantorovich distance from Mendivil [36], is related to
the Kantorovich problem, where the cost function ¢(x, y) is defined as the second power of the distance
in the metric space, i.e. it describes the distance between two densities of equal mass, distributed on

the same probability space.

Definition 2.4. (Wasserstein Distance): For two measures p, v € P2(£2), the L2-Wasserstein distance

W, is defined as
Walur = ot ([ dlepPdren)’, (13)
) N Xxy

YET (kv

with I'(i, v) being the collection of transference plans (8).

Remark 2.5. The finiteness of the Wasserstein distance is guaranteed as a result of (12) containing
the two measures u,v € P(Q), in other words, via the Young’s inequality (see [41, p. 159-161] by
Santambrogio):

a.9) < 2ol + o) = Walur? < [
XXY

d*(x,y)dy < 2(/ |x\2du—|—/ |y|2d1/) < 0.
b'e Y
To be more specific, the Wasserstein distance is computed by finding the (horizontal) distance
between z and y (the minimal cost of transferring a unit mass at 2 to destination y), where its start
and finish points, x and y, respectively, are such that the areas under the graphs of densities p and v,

as defined from the Monge’s problem, are equal at x and y.
Lemma 2.6. [41, Lem. 5.3-5.4]: The L?>-Wasserstein distance satisfies the triangle inequality.

The next part of our introduction brings us towards the scheme that enables us to construct our
new numerical methods for finding a discrete approximation solution for our selected PDEs in the case

of Wasserstein spaces.
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3 Partial Differential Equations as Gradient Flows

We introduce the main useful concepts for the variational form of solving higher order nonlinear PDEs,
the Wasserstein gradient flow problem. We consider within the probability space of measures, but a
brief introduction is first given within the finite dimensional space with an example of L?-gradient
flows for the well known Heat equation.

Before we discuss our discretisation approach for partial differential equations (PDEs), we first con-
sider the simple, finite-dimensional gradient flow problem in the Euclidean Space of smooth functionals
F:RY— R (see [42, Sect. 2] by Santambrogio), i.e. solving the problem

dx(t)
dt

= —VF(x(t)), t>0, z(0)=uo, (14)

where F' € C11(R?), which means that VF is Lipschitz continuous, i.e. there exists a constant C' > 0

such that (see [38] by Searcéid)
IVF(x) = VF(y)| < Clz —y| Vz,y CR%

Lipschitz continuity guarantees a unique solution to the problem in question (see e.g. [41, Chpt.
8]).

2

1
Example 3.1. In the Euclidean space (R%, |- ), for the energy functional Fy(x) = 5%, we have that

VFE, = x(t) giving us the gradient flow of Fy as

dx(t)
dt

= _x(t)7
and the unique solution of the gradient flow as
z(t) = zpe "

Example 3.2. As discussed in [42, p. 56], the Heat equation Ou(x,t) = Au(z,t) is the gradient flow

in the L? space (L?-gradient flow) for the Dirichlet energy ng(Rd) |Vu(x,t)|?dz. The gradient of &(u)

d& (u)
ou

is —Au. In this case, this considers equations of the form Oyu = — in general.

The minimising movement scheme was originally considered on the finite-dimensional Euclidean
space R? (finite dimensional terms) by De Georgi [14]. Jordan, Kinderlehrer and Otto [19] and then [41,
Chpt. 7] extended the minimising movement scheme to the Wasserstein case, where certain functionals
€ Pu(Q) - RU{oo} are defined on a space of probability measures and with mass M. The scheme
in this case is also referred to as the JKO scheme, in recognition of the authors’ work.

We now discuss how several well-known evolution PDEs can be interpreted as curves of steepest
descent on the L?-Wasserstein space. This is one of the most spectacular applications of optimal

transport and Wasserstein distances.
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The main idea is that we consider an energy functional £(-) on the probability space Pas(€2) of
mass M. Gradient flows are also defined as steepest descent curves, where we investigate the trajectory
u(z,t) at time points that minimises the energy £(-) (this is roughly the similar idea to the traditional
method, for calculating critical points, where we find u such that Vi, E(u) = 0). However, we consider
a curve that commences at ug, the initial point, and travels in the direction of maximum decrease of
E(+) (it minimises £(-) as fast as possible). It can be shown that the gradient Vi, E(+) travels in the
direction of the maximum increase of £(-), therefore in simple terms, the gradient flow solves equation
(14).

Before moving on to Wasserstein gradient flows, we emphasise that diffusion or evolution equations

help assist us with explaining motions of things over time e.g. particles, transport, objects or us.

3.1 L?-Wasserstein Gradient Flows - Introduction

We derive the L2-Wasserstein gradient flows, which are interpreted in relation to the continuity equa-
tion.

We now consider the gradient flow theory for general metric spaces, and specifically for the Wasser-
stein space. Its main application nowadays is to characterise evolution PDEs in the probability space.
Jordan, Kinderlehrer and Otto characterised well-known equations including the Heat and Fokker-
Planck equations with respect to the L?-Wasserstein metric on probability spaces. The theory has
been further developed by [2].

Ambrosio, Gigli and Savaré [2] explored gradient flows in general metric spaces, particularly in the
probability space as above. The theory of gradient flows and optimal transport are linked to the study
of metric spaces in Py () supplied by the L?-Wasserstein metric Ws.

A distance of two measures are considered on a probability space of measures with mass M, defined
as Pr(2), i.e. Wasserstein distance, which is a key output from optimal transport theory, explained
in Section 2. Hence we can consider gradient flows of various energy functionals on the Wasserstein
(metric) space.

Indeed, by the end of the 1990s, the new century saw an interesting adaptation to gradient flows,
introduced by Jordan, Kinderlehrer and Otto [26]. They derived minimising movement schemes, semi-
discrete form of gradient flows, which we will discuss shortly. They obtained an alternative formulation
of continuity equations (see Peletier’s article [40] also):

R )

whereby the density u(z,t) is considered over a probability space with given domain € and mass

]\47 i.e. PM(Q)
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In other words, (15) represents the gradient flow of £(-) with respect to the L2-Wasserstein metric.
We will explain shortly how the energy comes into play.

From optimal transport theory, the Wasserstein distance supplies a nonlinear metric structure.
Indeed, from the introduction of optimal transport, evolution equations (PDEs) with the underlying

gradient flow structure (15) have been linked to the continuity equation:
Ou(z,t) = =V - (w).

Here v is denoted as the velocity, where Savaré [44, p. 9] shows the link to (15), by selecting a

form such that it minimises the energy as fast as possible, i.e. they select v = 7V<6‘ZSL")) as well as

providing the nonlinear part of the equation.

Remark 3.3. The Wasserstein gradient is denoted by

Vi, = V- (uv(g—u)) (16)

3.2 [?-Wasserstein Space Theory

Along with a Wasserstein gradient flow example for the well known Heat equation, the subsection
briefly mentions the theory, in relation to gradient flows, which will be applied to our convergence
proof contribution (Sections 5 to 7). A proposition is given, showing how convex and semi-convex
assumptions to the associated energy for gradient flow problems provide us with a well-posed problem.

We discuss the extension on the gradient flow characterisations, for example, evolution variational
inequalities (EVI) and energy dissipation equality (EDE), where we explore the general theory of our
metric space: we will shortly derive the metric derivative, which considers a curve u :  x [0,T] —
Pur(2) defined in a Wasserstein space. The metric derivative illustrates the velocity dyu(z,t) in terms

of a Wasserstein space i.e. the speed, rather than just a vector. The formula for this is as follows:

/ — lim WQ[’LL(LL‘,t),U(lL'7t—I—T)]
[wl() = lim, 7]

Definition 3.4. (A-Convex Functionals, see [35, p. 7]): The functional £(-) is A-convex or semi-convex

of modulus A if, for all s € (0,1)
E(u(z,t)) < (1 —9)E(u(z,0)) + sE(u(x,1)) — %s(l — $)Walu(z,0),u(z, 1)]?,
where the curve u(z,t) connects the two end points u(x,0) and u(x,1).

Many PDEs, ranging from first to fourth order in time, can be represented as gradient flows.

Examples include the Heat equation and the Porous Media equation, as well as the Cahn Hilliard
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equation and further fourth order equations. The energy £(-) will be considered for gradient flows in
probability space.
Aim: To minimise £(+) from the initial point ug of a curve u(z,t) as quickly as possible (see [42]).
We first mention an L?-Wasserstein gradient flow example for the Heat equation, but in slightly

more detail:

Example 3.5. The Heat equation:
Opu(z, t) = Au(x, t),
is the Wasserstein gradient flow of the energy functional E3(u) = fPM(Q) u(zx,t)log(u(z,t))dr, see
[42, p. 56].

It is important to note that, with respect to (14), convexity of the energy functional £(-) is a key

property for generating a well-posed gradient flow problem:
du(z,t) = =Vw,E(u(z,t)), ul(z,0) = ugp. (17)

We demonstrate how convexity can generate a well-posed problem. In fact, well-posedness of the
Wasserstein gradient flow problem (17) is shown by convexity and semi-convexity of £(-), from [41,

Prop. 8.1], and generating a unique solution of (17).

Proposition 3.6. [41, Prop. 2.1]: Let £(-) be a convex energy functional. Then the problem (17)

has a unique solution.

Proof. Let u, us be two solutions to the problem (17) with the same initial data. Consider the function
g(t) = 3 (u1(t) — ua(t))?. Using (17) we have

d?ii(tt) = (u1(t) —uz(t)) - (‘9t“1(t) B 6tu2(t)) "

=— (u1(t) = u2(t)) - (Vwp€(ua(t)) — Vi, & (uz(t))).
From the fact that £(-) is convex, the basic property of convex functions give
(u1(t) = uz(t)) - (Vi E(ur(t)) — Vi E(u2(t))) = 0. (19)

Substituting (19) into (18) gives

dZ—it) < 0= g(t) <g(0).

By considering two solutions of (17), denoted as uj(x,t) and us(z,t), we have
up(2,0) — ug(x,0) = ug — up =0,

giving us ¢g(0) = 0 and hence
1
(1) = 5(ur(1) — ws(1))? <.

Thus, uy(t) = ua(t) for all ¢ > 0 since a metric cannot be non-positive, thus we have uniqueness of

the solution. O
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Proposition 3.7. [41, Rmk. 2.1]: Uniqueness and stability can also be derived if the weaker condi-

tion of semi-convezity of £(-) is considered.

Proof. Semi-convexity is defined as A-convex for some A € R, i.e. £(u) — 3 is convex.

This gives us an adapted version of (22):

(ur(t) —ua(t)) - (Vw,€(ui(t)) — Vw,E(ua(t)) — Aua(t) — ua(t))) > 0
= (un () = ua(t)) - (V€ (ua(t)) — V€ (ua(t))) = Aur (t) — ua(t))?,

and via the Gromwall’s lemma and square rooting both sides:

WO < ogt) = glt) < g(0) exp(-20)

= (ui(z,t) —uz(z,1))? < (ur(z,0) — ug(x,0))? exp(—2A7).

If A > 0, this gives us |ui(x,t) —ua(z, t)| < |ui(x,0) — uz(z,0)| implying convergence to the unique

minimiser of £(-) over time. O

A semi-discretisation in time for these L2-Wasserstein gradient flow problems is given through the

minimising movement scheme, as explained in the next section.

3.3 Minimising Movement Scheme

The minimising movement scheme is introduced, where a key result is shown. Here, the monotonicty of
the energy at the time-discrete level for BDF1 is shown, giving us a finite velocity and thus a well-posed
problem (particularly uniqueness).

The semi-discrete in time form, of gradient flows was introduced as the minimising movement
scheme from De Georgi [14]. The evolution equations, which can be variationally formulated, in order
to solve as a Wasserstein gradient flow problem (17), the Cauchy problem, brings out some interesting
features. Introduced by De. Georgi, the authors Diiring, Matthes et al. [17, p. 260], as well as Jordan,
Kinderlehrer et al. worked with the minimising movement scheme, i.e. for a small enough time step
size T > 0, we construct a sequence of points (u),en such that

u” € argmin &7 (u s ), OT(u s u) = —Walu? T u)? 4+ E(u). (20)
u€Par () 27
By generating a discrete solution at the next time step «7', which minimises %WQ [u =t u)? 4+ E(u)

as much as possible, we have that the minimiser u} satisfies

Wg[u’;_l,u]2>

:07

—yn
U=U

Vw, (5 (u) + =

which is equivalent to the implicit Euler scheme (or the first backward difference formula (BDF1)

scheme), see [42, p. 6] for details. This scheme guarantees strong stability properties.
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The fact that £(-) is assumed to be convex is not necessary, as milder assumptions on £(-) (lower
semi-continuous, semi-convexity and some lower bounds e.g. coercivity) are sufficient enough to give a
well-posed problem. For this thesis, we will assume A-convexity of £(+), a weaker property of convexity,

and will clearly show how this delivers the convergence results of our discrete solutions to (17).

Remark 3.8. We will discuss the benefit of assuming semi-convex energy functionals, but first we
mention about subdifferential functions. In the case when £(-) is not differentiable [42, p. 5], we

consider the subdifferential of A-convex functions i.e. p € O€(u) such that
A 2
E(u) 2 E(u) +p - (ux —u) + S Walu, u]”. (21)

Note that not all A-convex functions are differentiable e.g. f(z) = |z| is convex but not differentiable

at 0:

e If A > 0, the semi-convex property is strengthened to convex, since %Wg [u,us)? > 0 as a result.

Hence we revise the subdifferential definition as a result i.e. there exists p € 9€(u) such that
E(us) = E(u) +p - (ux — ), (22)
implying strict convexity of £(-) for all time step sizes 7 > 0.

e If A < 0 however, we are only guaranteed the weaker condition, although a sufficiently small 7
can give strict convexity. This will be clear later on that u — u, at the time discrete level as

7 — 0 hence the latter term of (21) can be neglected as a result.

Let the curve u(x,t) evaluated at time points t = 0,7,27,...,k7,... be defined as the sequence of
points from (20).

There is a connection between the optimality conditions of the minimisation problem and £(-). We
easily note that the BDF1 penalisation (20) is (/\ + i)—convex, and the scheme (20) is equivalent to
the fully stable implicit Euler scheme:

T = _VWQE(un)7

T

whereby the left hand side of (20) is the time-discrete form of dyu(x,t).
Let us discuss a bit more about the Euler schemes. They are temporal discretisations where the
derivative dyu(x,t) is approximated in line with the finite difference method.

See Santambrogio [42, p. 7-10] for details of the following.

Example 3.9. We refer back to the Wasserstein gradient flow problem (17), with the initial data

u(x,0) = ug and the associated implicit Euler scheme:

TV, E(um). (23)

T

T = -V} = ul=u}

T
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The implicit Euler method enjoys strong stability properties (see [23, 24] from Hairer, Wanner).
In addition, from earlier discussion by [43, p. 4], we know that E(u(x,t)) decreases over time.

For the main contribution of the thesis, we can prove that the sequence of solutions to (20) (u?)nen
converges to an interpolated solution over time . for sufficiently small time step size T i.e. as 7 — 0.
Note that we consider the curve @, mapped from Q x [0,T] to Par(2).

We define the curve u,(t) = u™ ! and a piecewise interpolated solution as u,(t) = u? "t —(t—(n—
DT)Vw,E(u?) fort € ((n— 1)7,nT].

By the fact that u* minimises 7 (ul;u), we have that

T

2T

WQ[uﬁaun71]2

E(ul) +

T

<E(uPh),

and provided E(-) is bounded, summing fromn =1 ton =N (N is the mazimum number of time grid

intervals) gives us
n—1]2

i Walul, ul

S < (EW) —E()) < C. (24)

n=1

We can rearrange the metric in terms of a metric derivative as follows:

Walu, up ™12 T(Wz[uLL,U?’l})z _ /(”T (@, )'|(£)2dt, (25)

2T 2T n—1)r

and summing (25) fromn =1 ton =N gives

1

T
. / (@) (1%t < C. (26)

Remark 3.10. The inequality (26) comes from the result (25).

By considering the Wasserstein distance (you could consider the basic properties of metric spaces),
and the Cauchy-Schwartz inequality, the Wasserstein distance between a solution at different time
steps is bounded and converges for decreasing time step 7, when taking the result from (24) (for s < ¢,

s € ((m—1)r,mr] and t € ((n — 1)7,n7]). Furthermore, we consider piecewise constant solutions as

a,(t) = ul,

te((n—1)r,n7.
Therefore, we have as a result of (24) as well as the triangle and Cauchy-Schwarz inequalities:

Walu (t), a-(s)]

< Whlu-(t),a,(t — 7)] + Wala - (t —7), 0, (t — 27)] + - - - + Whlu- (s + 1), (5)]
n n 1/2
= 2 Wl | 30 Walwl | e 1)
j=m+1 j=m+1
1/2 1/2 1/2
< [ Wl iy (52+2) " <o (52 +2) / (27)
j=m T T

= CY2(t—s+2r)/2.
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Therefore, as the time step 7 — 0, the two time points converge i.e. |s —t| — 0 and thus u,(t)

converges to the unique solution of problem (17).

3.4 Characterising Limit Curves

Characterisation forms of the problem are discussed, particularly the evolution variational inequality,
as a result of semi-convexity assumptions. This shows us how the formulation of this should provide
us with a well-posed problem.

Once we have shown that a sequence of discrete solutions (ul),cn converge to a limit curve, an
approach is required to describe the resulting limit curve. As we have recently explained, the semi-
discrete form of a gradient flow is equipped with metrics. However, quite clearly, the Cauchy problem
(14) has no meaning in terms of a Wasserstein (metric) space.

We discuss a couple of approaches, (see [42, p. 12-13]), which make the assumption of convexity
(and/or semi-convexity), to derive an alternative, but equivalent form of (14). This time however
as a result, it possesses metric counterparts but also the latter maintains the well-posed state of our
problem.

The authors in [42, Prop. 3.1] prove how two curves satisfying the energy dissipation equality (EDE)
or the evolution variational inequality (EVI) generate a well-posed problem for almost identical initial

data. This is shown now:

3.4.1 Energy Dissipation Equality (EDE)

Young’s inequality and the chain rule gives us the difference between the energy functional terms & at

two arbitrary time points t, s, i.e.

E(u(z,s)) — E(u(x,t)) = —/ Or |V, E(u(z, r))|dr

= /st —Vw,E(u(z,r)) - Opu(z,r)dr (28)
<5 [ (eate ) + 19wt ) )

If this is considered for (17) this gives us the energy dissipation equality (EDE), that is the inequality
in (28) is an equality:

1

E(u(w,s)) - Elule,) = [ Vw,Eluar)Pdr =5 [ (1ot + [Fw&ule.r)) )

Furthermore the right hand term of (28) is equivalent to £(u(x, s)) —&(u(x,t)) and the middle term
ft (\3,.11(3:,7")\2 + |VW25(u(x,7‘))|2)dr. Hence the inequality (28) can be reversed,

1
is equivalent to ~ [,

2
providing us with an equivalent definition of the gradient flow:

E(ulws) = E(ule) = 5 [ (10ru(er)P + V() )ar = [ 9w, ute.r) P
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3.4.2 Evolution Variational Inequality (EVT)

Another characterisation to gradient flows is the inequality when £ is A-convex, see (22) for all u, €
Par(Q) and the characterised vector p € 9€(u) (or Vi, &(u) if £ € C1).

This is a main ingredient for a unique and stable solution which we will work to in this thesis.

If £() is A-convex, but not convex, then the gradient p is portrayed from the inequality (21).

By selecting an arbitrary curve u(z,t), since
%815)/\}2 [, u(z,1)]? = Walt, u(z,t)] - (—0pu(z, 1)),
we have by substituting into (21):
%atWQ[u(a:,t), w? < E(uy) — E(u) — %WQ[u(x,t),u*]Q. (29)

This gives us a second alternative definition of our original gradient flow problem (17). The in-
equality (29) is called the evolution variational inequality (EVT).

We now show uniqueness and stability, obtained by (29): for two different curves uq(x,t) and
us(x, s) satisfying (17) with similar initial data, we reverse the order of the energy functional terms
E(uq(x,t)) and E(uz(z, s)) (by the definition of metric spaces, it is clear that Wa[u (z,t), us(z, 5)]? =

Walua(x, 8), u1 (2, )]?), retrieving two similar looking inequalities:

%&,Wg [uy(z,1), ua(x, s)]* < E(ug(z,s)) — E(uy(x,t)) — %Wg[ul(x,t), us(z, 5)]%, (30a)
%agWg [ui(z, t), ua(x, s)]2 < E(ur(z,t)) — E(ua(x, s)) — %WQ [ui(x,t), us(x, s)}2 (30Db)

By considering (s,t) — Walui(x,t), uz(z, 5)]? and restricting along the curve (s, t) when s = ¢, this
gives us from (30a)+(30b):
d€g(t)
dt

< —2XEx(1),

where Ep(t) == Walui(z,t), uz(z,t)]2.

From Gronwall’s lemma, this gives us
W [ul (f, t), Uz (LU, t)]2 <C exp(_2)‘t)v

for some C' > 0. This yields that, since Eg(t) is non-negative, it converges to zero as time tends to
infinity. But in fact C is Wh[u (,0), uz(z,0)]? which is zero due to the similarity of initial data. Hence
u1(z,t) is a unique and stable solution of the gradient flow problem.

We expect that convexity should be enough to prove uniqueness of the gradient flow problem (17),
from what we witnessed from the last section. Some of the main points on the uniqueness theory
for general metric spaces include that some gradient flows with the EVI characterisation is also for
the energy dissipation inequality (EDE), but the latter is not enough to guarantee uniqueness of the
problem i.e. the EDE characterisation does not consider A-convexity of the energy.

Showing the existence of curves satisfying the EVI (under some additional assumptions) is then the

main issue for gradient flow theory with uniqueness, and hence part of our main thesis contribution.
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3.5 Nonlinear Diffusion Equations as L?>-Wasserstein Gradient Flows

This section is concluded by highlighting the nonlinear PDEs we will be implementing in this thesis,
as well as some detailed deduction of how the Wasserstein gradient flow of various energies relate to
these, from the lemmas.
In this part, we recall the scheme that enables us to construct our new numerical methods for
finding a discrete approximation for solutions of our selected PDE in the case of Wasserstein spaces.
We consider the minimising movement scheme on the probability space of measures with mass M,

P (), from Diiring and Matthes [17]:

1
u” := argmin — Ws[u" " u]? + E(u),
UePA{(Q) 27—

where & : Ppr(2) — R is the energy functional associated to the gradient flow on the probability space
Pr(Q).

Remark 3.11. As you probably noticed, it is the similar layout to the Euclidean case [14, 17, 26, 41, 42],
when we are in the Euclidean space but the metric term is adjusted for the Wasserstein case here.

We introduce notation for certain functionals £ : Pp(2) — R U {oo} on probability spaces with

mass M:

e Integral of function of density: F(u fQ ))dx from [17] as the energy functional

(“Fisher Information” for the DLSS equatlon).

e Integral of potential energy: V(u fQ -V is used in addition for constructing the

scheme of the linear Fokker-Planck equations.

The interest of studying evolution equations of the form (14), with underlying gradient flow struc-
tures, was ignited by recent articles, particularly on linear Fokker-Planck equations, [19], which was
put into gradient flow form via the variational formulation with respect to the L?-Wasserstein metric
[19, 40, 41]:

(i) Heat equation: dyu(z,t) := Au(z,t) is the gradient flow of &, (u) := [, u(z,t)log(u(z,t))dz.
(ii) Linear Fokker-Planck equation: dyu(z,t) — Au(x,t) — V- (u(z,t)VV(z)) = 0 is the gradient
flow of &(u) := [, u(x,t)log(u(x,t))dx + V (x)0yu(x,t)dx.
(iii) Porous Medium equation Ou(z,t) — A(u(z, t))™) = V- (u(z,t)VV (z,t)) = 0 is the gradient
flow of &, (u) fQ u(z,t))™dx + [, V(z,t)u(x,t)dz for some exponent m > 1 and given

potential V.

Remark 3.12. For the Heat equation dyu(w,t) = Au(x,t) (refer back to Example 3.6), the L?-gradient
flow for the Dirichlet energy [, (RY) |Vu(z,t)|?dx is equivalent to the L2-Wasserstein gradient flow of

the relative entropy:

/ u(z, t) log(u(z,t))dz.
Q
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In addition, higher order nonlinear equations are of interest, like the DLSS equation, which we aim
to fully discretise [17, 34].

For our thesis, we consider four different fourth order nonlinear partial differential equations with
underlying Wasserstein gradient flow structures. As a first example, consider the Derrida-Lebowitz-
Speer-Spohn (DLSS) equation:

93 (Vu(z,1))

du(w,t) = =20, (u(x,t)%( u(z,t)

)) t>0, ze(0,1). (31)

The DLSS equation allows a variational formulation with respect to the L?-Wasserstein metric, i.e.
it has been generated [21, 40] (and [41, Sect. 8] for calculation) as the Wasserstein gradient flow of the

Fisher Information &;:

1

Er(u) := 5/Qu(x,t)ﬁz(logu(x,t))zdx.

The following lemma explains the computation that leads from the gradient flow (see (15) for this)

to the actual DLSS equation (31):

Lemma 3.13. The variational formulation i.e. gradient flow formulation, involves the construction of
the “minimising movement scheme” as seen in [17]. Furthermore, the variational formulation of the
DLSS equation is equivalent to the L?-Wasserstein gradient flow of the energy functional which is, for
Q C R

Er(u) = %/Qu(x,t)@m(log(u(x,t))ydx = 2/Q (81( U(x7t)))2dx. (32)
Proof. We consider the Wasserstein gradient Vyy, (+), which is defined as from the energy functional
(information for this equation) ¢ (-) [40], [41, Sect. 8.2]:

Vo, &5 () = —V - (uv%).

For simplicity, we are considering the one-dimensional case i.e.
o€
Vo, &5 () = —0, (u@xé—lf). (33)

o0&
Firstly, we have for =1,
ou

or

5 :4(BW>Q(M) :4(8\/5) PVudr _ OVudu _ %\ u

du Ou\ Oz ox /) 0x2 ou  Ou Ox2 =2 N

Hence substituting into (33) gives us (31). O

Can other higher order nonlinear partial differential equations also be variationally formulated?

We also have other fourth order nonlinear equations, for example, we extend our work to the full
discretisation of other equations of fourth order.

We also ask the same question of other fourth order equations such as the Cahn Hilliard equation

or the Thin Film equation, whereby results are in progress. We present such equations here:
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Thin Film equation: As explained at the beginning of [10, 33] and [30, Thm. 3.9, 3.10], the
Thin Film equation is

Opu(z,t) = =0y (u(x, t)2u(x, 1)), (34)
which is the Wasserstein gradient flow of

E(u) = %/ﬂ ((%u(a:,t))gdx.

Nonlinear Diffusion Equation 1 As explained also, by Kamalinejad in [30, Thm. 3.9, 3.10],

a PDE of the form for some o € R:
vu(z,t) = —200; (u(x, £)d: ((u(z, 1) 0% (u(z, 1)), (35)
which is the Wasserstein gradient flow of
£,(u) = /Q((?w(u(x,t))a))de.
Nonlinear Diffusion Equation 2: As given in [30, Thm. 3.11, p. 561],
Opu(z,t) = —0, <u(a:, )02 (M)), (36)

(u(z,))?

which is the Wasserstein gradient flow of

Er(u) = %/Q(am log(u(z,t)))?dz.

Remark 3.14. The Thin Film equation (34) is a special case of (35) when o = 1 and the DLSS equation

(31) when a = %

3-

Lemma 3.15. For any a € R, we have, for general cases, that the evolution equation:

Opu(z,t) = =200, (u(z, )0y ((u(z, 1) 102 (u(x, 1)), (37)

is a Wasserstein gradient flow of a discrete energy functional:

£, (u) i= /Q(ax(u(as,t))o‘)de.

Proof. We have that the functional derivative is

0y @E@L‘)‘ _,0u” 0%u® Oz %GQU“

ou  Or Ou 0x  _ Or 0z Ou  Ou Ox? r

then substituting into (33) gives us the result (37). O
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4 Minimising Movement Schemes of Higher Order of Accu-
racy

The aim is to extend the minimising movement schemes (3) from the implicit Euler case to higher
order/stage cases, e.g. backward difference formula, diagonally implicit Runge-Kutta 2-5 stage (DIRK
2-5) schemes. Simply speaking, we would generate a sequence of discrete solutions from an adapted
form of above. However, the more complex structure of these schemes is going to create some difficulties
along the way which we have to unlock, like guaranteeing that the gradient flow features are preserved.

Before we progress to our main problem, from Section 5, we recall the minimising movement
schemes introduced in Section 3, a semi-discrete (time discrete) form of the gradient flow problem
(17), equivalent to the implicit Euler case in the last section. We now adapt these schemes which
generate high orders of accuracy. We shall derive our schemes in our thesis from this section, using
a Taylor approximation approach, however this only assumes smoothness of an arbirtary solution
in question and hence our numerical convergence results shown later in Section 9 are expected to
deteriorate in relation to here, but this is to be discussed further later.

Furthermore, in this thesis, we define our numerical solution at time point t" as u, ("), where 7 is

the time step size and its discrete solution as ul i.e. t" = n7 and ul =~ u,(t").

4.1 Backward Difference Formula (BDF) Schemes

The BDF1-6 schemes are proven, showing why they are of order of accuracy one to six, in time,

respectively.

e BDF1 Scheme: This scheme gives a first order approximation to (17). Taylor expanding
u(t"1) about t = " gives

wr (1) = un (1) — 70 (1) + O(2) = By () = =) L oy,

T

Thus, replacing u(¢") by its approximate u! and similarly for other time points, gives us the
BDF1 scheme:
u —u "t = —7V, E(ul). (38)

T

e BDF2 Scheme: This scheme gives a second order approximation to (17). Taylor expanding

u, (t"~1) and u, (t"~2) about t = t" gives

ur (") = u () — 7O, (t) + %28t2u7(t”) +0(7%), (39a)

ur (t"72) = ur (") — 2700, (17) 4+ 27207, (t7) + O(72). (39b)
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For this to be second order, we wish to eliminate the 72 terms, which is possible by calculating

4(39a) — (39b), giving us
Bur(t") — du (") Fu(72) = =27V, £ (ur (7)) + O(13).
Thus, replacing u(t™) by its approximate u!* and similarly for the other time point, gives us the

BDF2 scheme:
3ul' —4u Tt U = 27V, E(ul). (40)

BDF3 Scheme: This scheme gives a third order approximation to (17), see Appendix A for
derivation:

1u” — 18u™ 1 +9u" "2 — 2u" 73 = —67V, E(ul). (41)

BDF4 Scheme: This scheme gives a fourth order approximation to (17), see Appendix A for

the derivation:

25u™ — 48u" ! + 36u" % — 16u” % 4 3u" "t = —127V, E(uh). (42)

BDF5 Scheme: This scheme gives a fifth order approximation to (17), see Appendix A for the

derivation:

137u” — 300”1 + 300u” "2 — 200u” "3 + 75u" ™t — 120”75 = =607V, E(u?).  (43)

T

BDF6 Scheme: This scheme gives a sixth order approximation to (17), see Appendix A for the

derivation:

1470 — 360u” ! + 4500”2 — 400u? ™3 + 225u”~* — 720" 7% 4+ 10u? "% = —607Vy,E(u?). (44)

4.2 Construction of our Higher Order BDF Minimising Movement Schemes

Detailed construction of the minimising movement schemes for BDF1-6 (38)-(44) are given from Section

As illustrated in [17] for the first order scheme (BDF1), we shall consider the Wasserstein gradient

flow (17) for u(z,t) € Par(2) with a smooth potential £ : Pps(2) = RU {o0}.

e BDF1 Scheme: This is fully shown from article [17], but here is the implementation before we

do the same for higher order schemes:
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Firstly we consider

= argmin ®7 (u" " ),
UEP N (Q)

BT (u" ) = éwg[uffl,uﬁ + &),

n
u’l’

and the minimiser u” gives us

2 (™) =~V E (),

which satisfies the BDF1 formula (38) if p = 3. Thus our scheme is

n—1
-

ul := argmin ®] (vl u),

-
uEPm (Q)

1 n—1 2
EWQ[UT Jul” + E(u).

o7 (uf ) :

¢ BDF2 Scheme: For the second order inductive scheme, we have

:= argmin ®F (u” 1, w2 u),

uEPnm (Q)

n
uT

b
Q3w ur ) = IWalul !l + S Waful =l + E(u).

The minimiser u? satisfies the condition of a critical point if

2
= (aluy — ) + b — uz2)) =~V E(ul),

T

which satisfies the BDF2 formula (40) if a = 1 and b= —1. Thus our scheme is

u” ;= argmin ®F (u" !, u

4 U/EPN](Q)
1 1
O (ur w2 ) = ;V\/g[u”*l,u}2 - EWg[unfz,u]Q + E(u).

e BDF3 Scheme: We implement the same idea from BDF2 for the BDF3 scheme, see Appendix

A for the derivation:

u” := argmin ®F (u” " w2 w3 ),
uEPN](Q) (45>
O (ul w2 w3 ) = in[u"71 u)? — iVVg[u”*2 u)® + iV\/g[unfg’ ul?® + E(u).
T 2T T 4t T 67 T

e BDF4 Scheme: We implement the same idea from BDF2 to 3 for the BDF4 scheme, see
Appendix A for the derivation:

u” :=argmin ®F (vt w2 w7 w4 w),
u€Par (Q)
2 3
(I)zl—(u:—l_l’uﬁ_Qvuz_g’u¢_47u> :7W2[u?_1’u]2 T 97 [UZ—L_Q’”]Q (46)
+ 3V\/g[unf?’ u)? — L o [ul =4, u)? + E(u)
37 T 87 T '



¢ BDF5 Scheme: We implement the same idea from BDF2 to 4 for the BDF5 scheme, see

Appendix A for the derivation:

1 n—>5 2
+EW2[UT Jul® + E(u).

n.__ . T/, n—1 n—2 n—3 n—4 n—>5
Uy 1= argmin q)5 (u‘r y Ur ) Ur y Ur y Ur ) U),
uEPM(Q)
T(,mn—1 ,n—=2 ,n—-3 ,n—4  n->5,
(I)S (u‘r yUr U Uz U U’)
5 5 5 )
n—1 2 n—2 2 n—3 2 n—4 2
:7W2[’UJT ,u] - 7W2[U7_ ,’UJ} + 7W2[UT ,u] - fWQ[’UJT ,U]
27 2T 3T 81

(47)

¢ BDF6 Scheme: We implement the same idea from BDF2 to 5 for the BDF3 scheme, see

Appendix A for the derivation:

uy = afgm(ig)‘bg(u?_l, w2l a0 ),
uePm
3 15 10 15
=W n—l7 2 2w n—27 2 W n—3’ 2 “w. n—47 2
alur ™ ul” = Walun ™l + o Whul ™ Ul — o Walun ™ u
W5 — W[, u)? + E(u)
57 T 127 T

With the BDF schemes sorted for now, we go further by defining multistep schemes e.g. Runge-

Kutta schemes.

4.3 Runge-Kutta Stage Two Scheme

The multistage schemes commence here with the introduction to the Runge-Kutta stage two scheme,

and wish to construct a general Butcher array giving us an overall order of accuracy of two.

Before we commence our discussion about multistep (Runge-Kutta) methods, the Butcher array

is an array illustrating the parameters for the equations of the discrete solution. The vertical array

ci; 1 =1,...,s is the node vector, where we take ¢; to lie between [0, 1], and the horizontal array
b;; i=1,...,s is the weight vector for the slopes at each time points:
1| @11 Q12 ... Q1g
Co | ag1  age ... Ao
(49)
Cs | Gs1 Qg2 ... (Ogg
bi by ... bs
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Proposition 4.1. If we let ¢y = a, co =1 and ay1 + a12 = a, a Butcher array for a second order two

stage Runge-Kutta scheme can be given as:

a a1 a12

2(1—a) 2(1—a)

1 1—2a

2(1—a) 2(1—a) "

where we let ¢; = a and ¢ = 1, which considers the generation of a sequence of discrete solutions of a

time step of 7, with an intermediate time step of ar. This gives the following schemes for each stage:

ul et = w7 — an TV, E(uTTY) — anr Vi, E(ud), (502)

u

n _
L=

2_1 - a21TVW25(uZ+a_1) - GQQTVWZS(U:L). (50b)
Expanding the actual solution u(¢?) at time t = t” about t = "~ gives
2
w(t™) = ur (") + 7O, (171 + %3,52u7(t"71) +0(r%). (51)
Taking the initial value problem (17):
8tu7(tn_1) = =V, E(ur (1)) i=pn-1 = _VWzg(uT(tn_l))a (52a)
Ofur (t" 1) = =0 (V€ (ur ()| (52b)
=0u(Vw, € (ur (" 1)) Vann € (ur (8" 71)),
and similarly for ¢ = t"T¢~! and t = ", substituting (52a) and (52b) into (51) gives

wr () = ur (") — TV, E (1Y) (53)
+ gau(vWQE(UT(t"*1)))VW2E(UT(tn71)) +O(TS),

Expanding V, &(u?T271) about u”T*~! gives us, with assistance from (50a):

“Vw, EWPT ) = = Vi, ™) — (T — w71 0u (V, E(u) ™)
=— VY, &™) + 1(a1n Vi, E(ul 1) (54)
+ a1V, (Ul 1)) 8u (Vi E(ul 1))

== U, &™) + (a11 + a12)70u (Y, E(u2 1)) Vi, E(u2 ).
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Similarly, expanding Vi, & (u?) about u”~! gives us, with assistance from (50a):

U E(}) = =V, E(up™h) = (uff — uf ) 0u (Vi € (™)) (55)

T T

= V(W) + 7(a21 + a22)0u(V, E(uy 1)) Vo, E(uf 1),
Substituting these into the second equation from (50a) gives

uf = ’u,:f_l — ang[szg(U:_L_l) — (Cbll + alg)Tau(szg(UZ_l))szg(u:f—l)]
— a7 [V, E(W2 ™) = (a21 + a22) 70 (Vi E(uZ ™)) Vi, E(ul )]
= ’U,:il — (021 + a22)va2(€(u:{71) (56)

+ 72[az1(a11 + a12) + aza(as1 + a22)]0u (Vi €U ™)) Vi E(ul ).

We wish for u(t?) — u™ = O(73) therefore comparing (53) and (56) gives as follows:

T

e From the coefficients of —Vyy,E(u?~1), we set

as + as = 1. (57)

e From the coefficients of 9, (Vw,&(u?~1)) Vi, E(u?~1) and part (i), we set

T

1
as1 (@11 + a12) + aga(a1 + age) = (a1 + a12)a + azx = 5 (58)

Solving simultaneously and subtracting (58) from (57) gives us the Butcher array entries

1

(1 —ai1 —aiz)ag = >

and we let a11 + a12 = a, the first row of the Butcher array.
Hence we have aq; = ﬁ and thus agss = 1 — ﬁ = 2%;7_22) in order for this scheme to be of

second order. We also have that asq 4+ ags = 1. O

There are many examples of this scheme which have theoretical order of accuracy of two, the
intermediate time point could be altered flexibly. We mentioned an example of a second order, in

time, Runge-Kutta scheme, but we wish to investigate these schemes of a diagonal structure:

Example 4.2. Taking the gradient flow problem (17) and ¢ = %, we have that

2 1
) a )
3 273

a1 =
and that since ay1 + a1z = i, and hence can take a1 = % and aijo = %, giving the final scheme:
n—3/4 _ ,n—1 _ zv £ n—3/4\ _ zv E(um
Ur = Ur ] Wo (u‘r ) S Wa (UT),
_ 2T _ T
u? = ’U’:'L 't ?vwzg(uﬁ 3/4) - ngzg(uﬁ)
We mentioned an example of a second order, in time, Runge-Kutta scheme, but we wish to inves-

tigate these scheme of a diagonal structure, also considered by Westdickenberg, Wilkening [48].
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4.4 Minimising Movement Scheme: Diagonally Implicit Runge-Kutta 2
(DIRK2) Scheme

The scheme from the previous section is modified slightly, such that the matrix of the Butcher array is
of diagonal form. We highlight and prove at the end of this subsection, an important result, such that
we wish for scheme to be L-stable and hence also A-stable. In other words the last row of the matrix
and the row vector should match in order to guarantee L-stability.

We have introduced multistage schemes i.e. Runge-Kutta schemes. However we will be discussing
this for the diagonal case, the Runge-Kutta two stage scheme, but a;o = 0. A DIRK2 scheme can
also be easily understood within a Butcher array, but the consideration of a DIRK2 scheme is that a
general Runge-Kutta scheme can include discrete solutions at earlier time steps, dependent on terms
with later time points (refer back to (50a)) but the DIRK scheme does not, which simplifies the layout

but maintains the second order of accuracy in time.

Definition 4.3. We have the general form of the diagonally implicit Runge-Kutta stage ¢ methods

which have the form

i
nd ._ ,n—1 » n,j
utt = ul —TE a;i; Vi, E(ur’),
j=1

) (59)
ul =l — TZ bi Vo, € (u").
i=1
Hence, the Butcher array, for the DIRK2 schemes (¢ = 2) is
c1 | a1l
C2 | Q21 Q22
by b
Now lets convert this form to second order of accuracy in time:
Proposition 4.4. The Butcher array, from [48] in this case will be
a a
1 1-2a
1 2(1—a) 2(1—a) (60)
1—2a
2(1—a) 2(1—a)”’
giving us the following system:
ul el =y ar Vi, E(ul e, (61a)
n._ ,n—1 T n+a—1 (]‘ — 2&)7‘ n
= - —Vw,& ——V,E€ . 61b
Ur Ur 2(1 —CL) Wa (u‘r ) 2(1 —Cl) Wa (UT) ( )
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Proof. By the simple alteration of the Runge-Kutta two stage scheme, from Section 4.3, with a5 = 0
and a1 + a12 = a, the DIRK2 scheme is of maximum order of two if

1 1—-2a

2(1—a)’ T 2(1-a) (62)

a1 =a, a21 =

Indeed, for simplicity, we wish for the scheme to generate a sequence of solutions in time steps of

7 ie u~t — u”, via the support of intermediate solution u”*%~!. Hence, we take ¢; := a, ¢z := 1,
ai1 = a, ayg := 0, asy = ﬁ, Qoo 1= %, by = 2(1717(1), by := Ql(l_fg) and we obtain the system
from (59). O

Now we immediately construct the minimising movement scheme with respect to DIRK2 of order

two:

Corollary 4.5. From the system (61a)-(61b), the minimising movement scheme for the DIRK2 scheme

1s as follows for each stage:

Stage One
w1 = argmin @gyl(u;’_l;u),
uw€Pn () (63)
1
@5 1 (ufHu) = %Wﬂu?lau]z +&(u),
Stage Two
ul := argmin @572(uﬁ‘+a_1, ul '),
u€P(Q2)
1
o7 n+a—1 , n—1, - n+a—1 2 4
2,2(“7‘ y Uz ,'LL) 2@(1 — 2a)TW2 [u‘r vu] (6 )
1-— 2@(1 — G,) -1 2
- IWhlu E(u).
2a(1 — 2a)yr 2l ol EQ)

Proof. In order to transform the system (61a)-(61b) into one equation, from which we can go forward
to constructing a minimising movement scheme for the latter, we shall follow a procedure by removing
the Vi, &(uT271) term by calculating 2a(1 — a)(61b) — (61a). This gives us as a result:

%(72?__22) uy — ol —20) i 20) urte=t 4+ 1-2all~a) ;(ia_(z;)a) uf_l) = —-Vm,&u?), (65)
with =V, E(ul) being our Wasserstein gradient flow for u(z,t) (17), from [17, Sect. 2.2] i.e. Qyu =
-V, E(u).

Since we are working with discrete solutions at two time steps u”, u”T*~! we shall need to construct

a second order minimising movement scheme, similar for BDF-type cases, but for the first intermediate

time step u”*t*~!. Then we shall go on to create another scheme for the second intermediate time step

u”, but dependent on the recently calculated intermediate time step solutions u?**~! and u?~!.
Now we are in a position to construct minimising movement schemes for each stage, (61a) and

(61b). For simplicity, we wish to remove the Vyy,&(u?T~1) term, achieved by equation (65).
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Remark 4.6. A SDIRK2 case could be considered. In this case, the leading diagonal elements are equal

i.e. a11 = as. Therefore from the above, a must be such that

1-2a 1
“Ton—a 52

We now commence the constructions of our numerical schemes. By setting up our diagonally
implicit Runge-Kutta (DIRK2) scheme for general intermediate time steps, with an underlying gradient
flow problem, we shall define our minimising movement schemes for each stage, starting with stage
one: For the next two subsections, we hire three constants A1, A2, A3 € R, for this part only, which we
solve in comparison to (61a) for stage one, then (65) for stage two. We work with stage one first, then

stage two afterwards:

e Stage One: From u?~! — u”t~1: Here we aim that v”*2~! minimises the Yosida-regularised

n—1.

functional @3 | (u7~";u) i.e. the minimising movement scheme is

A

W argmin 03, (uf N w), @5, (w2 hu) = S Wlunh uf? + E(u).
’U,EPM(Q) T

Hence the minimiser u?*%~1 (the critical point) satisfies
2\
Tl (u‘frl+a—1 _ u:_z—l) — _VW2€(U:—L+[L—1)a

e . 1 1
satisfying (61a) if 2y = — = A\ = —.
a 2a

With the minimising movement scheme defined for stage one, we carry out the similar imple-

mentation for stage two:

e Stage Two: Now we construct the scheme for u?, dependent on u”~! and intermediate time

n—1

nta=l We aim to minimise the Yosida-regularised functional ®F ,(u?~1, u?T*~1:4) i.e.

step u}

the minimising movement scheme is

n+a—1 n—1
(UT T

:= argmin ®] , JulT ),
:

UEP (Q)

by
28 e 4 E(u)

=

g

B
Il

A
72)/\}2[’&:}71,114]2 +

By taking u” as the minimiser of ®5 , we have that

2(\2 + A 22 2A
Mt X) 0 202 nor 28 nrast L gy ey, (66)
T T T
satisfying (65) if
P kU)W S
2a(1 — 2a) 2a(1 — 2a)

Alternatively, substituting (61a) into (66) gives
2()\2 + )\3)11,:} — 2()\2 + )\3)’&:}71 = —T(Qa)\ngzg(U?Jrail) + VW2E(U:})),
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equivalent to

n n—1 0,)\3 n+a—1 1 n
- =— Vw,& — V&
= = o7 (W) g S V),
1—2a(l —a)

satisfying equation (61b) instead if Ay = — 2a(1 — 2a)

and A3 = again.

2a(1 — 2a)

Thus this gives us the schemes per stage (63) and (64) and the proof is complete. O

Remark 4.7. Clearly, you can observe that

—~

64) is undefined (no minimising movement scheme) when

1
considering a half time step t"~1/2 i.e. a = 3
Example 4.8. Whilst we aim to work on the comparison principle for any DIRKZ2 scheme with a

1

reasonably high order of accuracy, we will consider applying this for the quarter time step i.e. a = 7
from Westdickenburg and Wilkening [48]. We will apply this example for our investigation as we
progress:

1/4 | 1/4

1 12/3 1/3

2/3 1/3.

This gives us the following minimising movement scheme for

e Stage One:
w3 = argmin ®F | (u” " u),
2Py (Q)
2
OF  (ul ) = ;Wg[uzfl,uf + E(u).
e Stage Two:
uy = argmin @52(uffl,u7:73/4;u>7
UEPN[(Q) ’

4 )
B o (ur ™) = Wl ) — Wl Tl 4 E(u).
’ T T

Before moving onto construction of third order schemes, we highlight how this scheme of second
order of accuracy guarantees strong stability properties, as shown by Hairer and Wanner, [25, Prop.

3.1, p.40)):

Lemma 4.9. All DIRK2 schemes with the last step being equivalent to the last intermediate step i.e.

b; = ag; fori=1,2, and second order of accuracy are A-stable and L-stable.

Proof. We break the proof into three parts: (i) For deriving the stability function for Runge-Kutta
(this includes DIRK methods obviously); (ii) For verifying A-stability; (iii) For verifying L-stability.
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(i) We have the stability function as
R(z) := 1+ 20" (I - Az)~'1, (67)
where u? = R(z)u"!.

To verify this, the intermediate stages of the Runge-Kutta method has the following matrix

representation for an s-stage method, where the scalar test problem u/'(t) = Au(t) is applied and

zZ=TA\
1 1
U,.TFL’ ai; a2 ... Qs u?’
2 2
u? 1 ag21 Q22 ... QA32g "U,:_l
=ul1+2 (68)
ur® As1 Qg2 ... Qg ur®
& UMl—-A2)=u"""1 e U= (- Az)"'1u !,
where U" = [u™! u™?2 ... u™*]T and A is the s x s matrix.
The final stage is represented as
u = w4 27U, (69)

As a result, substituting (68) into (69) gives us
u = w4 b (1 — Az) M1t

and since matrix/vector multiplication gives us a result on the real line R, factorising out u?~*

gives us (67).

(ii) Moving onto the A-stable and L-stable proof now: As a result of equation (62), in relation to the

corresponding Butcher array (60), we manipulate and simplify the stability function as follows:

-1

1 1-2a I—az 0 1
R(z) =142 [ 30—-a) 2(1-a) } - 14 (=20 1 (70)
35— 1t 3E-1
:1+z[ 1 1-24 } 1 1+ 21(;3?)2 0 1
2(1—a) 2(1—a) 1— 2(a—1)+(1—2a)z z 1— 1
(1 —az) 2a=1) 3(i-a) @z

—1_ 2(1 — a)z |: 1 (1—2a)(1—az) i| 1
(I1—az)2(a—1)4 (1 —2a)z) L 2(-a) 2(1-a) 1
1 14+ (1—2a)(1—az) L 21 —-az)(a—1)—=z

(1—-az)2(a—1)4 (1 —2a)z) (1—az2)2(a—1)+ (1 —az)z)’
We know that if R(z) < 1, then the discrete solution u? converges to zero i.e. the stability region
; _ P(»)
is z such that R(z) = a0
method is A-stable if

< 1. Considering the fact that, from [25, Def. 3.3], we have that this

E(y) = Q(iy)Q(—iy) — P(iy)P(—iy) > 0, i€ C,
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for all y € R.

Therefore from our derived function R(z), we have that

E(y) =(1 —iay) (2(a — 1) + (1 —iay)iy) (1 +iay) (2(a — 1) — (1 + iay)iy)
—(2(1 —day)(a —1) —dy) (2(1 +iay)(a — 1) + iy)
=(1+a%?) (41 - @) + (a+a*y)y?) — (201 + a®y*)(1 — a)* +3?)
=4(1 — a)*(1 + a®y?) + (a + a*y*)y* — 2(1 — a)*(1 + a®y?) — y?
=2(1 - a)*(1 +a’y®) + (2a%y* + a'y")y?,
which is clearly non-negative for all y € R and thus the A-stability hypothesis holds.

(iii) We know that an A-stable scheme is furthermore L-stable if the stability function satisfies

R(z) -0 as z— 0. (71)

From (70), we clearly observe that the degree of the polynomial of numerator P(z) and denomi-
nator Q(z) is one and two respectively, i.e. deg(P(z)) = 1 and deg(Q(z)) = 3 and thus, via the
L’Hopital’s rule approach, the result (71) holds.

4.5 Diagonally Implicit Runge-Kutta Three Stage (DIRK3) Scheme

We move on from two stage and construct a scheme of three stages and gives a system of properties
which gurantee a maximum order of accuracy of three.

4.5.1 Scheme One

There are two schemes of third order which we show, with the latter for our numerical simulation. But

here is the first one:

Definition 4.10. The Butcher array for the scheme is as below (Note: We consider that the last two

rows are equal to guarantee L-stability, as for our DIRK2 scheme i.e. as; = b;; (i = 1,2, 3)):
C1 | a1

Co | G21 Q22

(72)
€3 | az1 azz ass
by by bs,
which gives the following schemes for each stage (NOTE: ¢; < ¢ < 1):
el =y g TV, E(ut T, (73a)
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upte = wl T — ag TV, E(WTTY) — age TV, E(up T, (73b)

u” = u" "t — az TV, E (U — 3oV, E(uT2TY) — ass TV, E(ul). (73c)

Proposition 4.11. If we let c3 = 1, a11 = ¢1 and a2 + aze = ¢z, then the Butcher array for a third

order DIRKS3 scheme can be given as:

C1 C1
. c1+ co —4cics 60?02 —4cico — ¢ + e
120=3ec) (A —c1)  2(1-3e)(1—c1)
1 1 — 3¢y 1—-3¢ 2 — 3(61 — 2c1c0 + 62)
6(1—61)(61 —CQ) 6(1—02)(62 —Cl) 6(1—01)(1—02)
1— 3¢ 1-3¢ 2 — 3(01 —2ci1c0 + 02)
6(1761)(61 762) 6(1762)(62 701) 6(1701)(1702)

By re-using the the system of equations (73a) for (72), we obtain the system:

ulteli= 2 7V, E(ul ), (74a)

yrte—l . =1 _ (c1+ o —4eieo)T
T T 2(1—301)(1—61)
(6c3co — 4creg — 1 + )T
2(1 — 301)(1 — Cl)

Vo, € (a1 (74D)

sz g(u:—LJrcz -t )’

n.__ n—1 (1 B 302)7— n+ci—1
ur = uy} 60 —cr)(c1 — ) Vi, E(u? ) (74c)
(1—3c1)T [2—3(c1 — 2¢102 + ¢2)]

- Vo, E(ulte2 1) — TV, ().

6(1 — CQ)(CQ — Cl)

6(1 — Cl)(l — Cg)

Proof. Expanding the actual solution u,(t") at time t = t" about t = t"~! gives
1 1 72 1 3 1 4
ur(t") = ur (") + 7O (1) + ?at ur (") + gat u (") +O().

Taking the initial value problem d;u(x,t) = =V, E(u(z,t)) and referencing the same chain rule

approach (52a,52b) from the DIRK2 scheme, we have

Byur (") = = Vo E (D) |y =~V E (), (750)
O (") = = BV, E@(D))] —ns = Du( Ve, EWE ™) Vo, E@2 ), (75h)
O (") = — OV, E (D)) g (75c)

= =05V, E(up )V, E(up ™)) = [0u(Vw, E(uy ™) Vi, E(uf 1),
and similarly for t = t"T2~! and t = ", we have
2

u(t?) =u(t?™) — TV £l ) + %au(v%g(ug—l))vmg(u:—l) (76)

7.3
— 5 {0V E (V. + [0u (Vi (™)) PV (w71} + O(7Y).
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In line with (54)-(56), expanding Vi, &(u?*t¢171) about u?~! gives us, with assistance from (73a):

7VW25(UZ+6171) *7VW25( T 1)+a1178 (VW25( ;o 1))VW25( nil)
— a1 T [0u (Vi E (™)) Vi, E(up ™) (77)

gafﬁ?a (Vo € (U 1)) [V, & (w12

Similarly, expanding Vyy,&(u?*¢2~1) about u?~1 gives us, with assistance from equation (73b):

“VmE(up ™2™l = = Vi, £ ™) + (a21 + a22) 700 (Vo € (uy ™) Vi, E(uf 1)
— [ag1a11 + ags(ag1 + ag)] 720, (V, E(ul 1)) * Vi, E(ul ) (78)
1

—5(0214-@22) 205 (Vw, E(u? ™)) [V, E(u 1)),

Similarly, expanding Vyy,&(u”) about u?~! gives us, with assistance from equation (73c):

—Vw,Eu}) = = Vi, E(uy ™) + (az1 + azz + aza)70u(Vw, E(uy ™) Vi, E(up ™) (79)
— [a11a31 + as2(az1 + asz2) + ass(asy + asz + azs)] 72 [0u (Vi E(u) ™ )PV, E(ul ™)

— 51 + g+ ass )P0 (T, () [T ()2 + O(r).

By substituting the expansions (77), (78) and (79) into the final equation of (73a), we have

=" — [as1 + as2 + ass]TVW,E(ul ) + {a31a11 + asz(ag1 + az)

+ asz(as; + asz + ass) }T Ou(Vw, (™M) Vi, & (ul 1) (80)

un
- {031011 + agz[ariaz + a1 (ag + aze)]
+ agzlariaz + aza(as1 + as2) + asz(as + as2 + as3)] } 7 [0u (Vo W)V, E(ul2 1)
- *{aslan + as2(as1 + az22)® + ass(as1 + as2 + ass)? }720% (Vi E(W2 ™)) [V, E(u2 1))
+O(1).

We wish for u, (") —u” = O(r*). Hence if we let a;; = ¢; and ag1 + age = ca, as well as comparing

(76) and (80), we wish for the following system to be satisfied, see [1, Thm. 3, p. 1009]:

as; +agz +azz =1, (81a)
1

a31C1 + 3202 + a3z = > (81b)
1

aglc% + 0326% + a3z = g, (81(7)

1
aiiazicy + (@161 + azecz)ass + (azicr + azacy + asz)ass = 6’ (81d)
thus also giving us for consistency and hence a simplified system of equations.
Solving equations (81a) to (81c) for as1, age, ass gives us
1— 3¢ 3c1 — 1 6c1co — 3(c1 +¢2) + 2

agy = azz = a3z =

6(1—01)(61 —02)7 6(1—62)(61 —62)7 6(1—(}1)(1—62)
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Furthermore, by substituting into (81d) and knowing that as; + ase = co, we can solve simultane-

ously and obtain unique solutions also for as; and ass in terms of ¢q, co:

c1+ cog —4cico G — 66%02 —4cico —c1 + e
20 —c1)(1—3c1) 27 20 —c1)(1 - 3c1)

az1 =
Thus the Butcher array and its corresponding system (100) is verified and the proof is complete. O

Now we immediately construct the minimising movement scheme with respect to DIRK2 of order

two:

Corollary 4.12. From the system (61a)-(61b), the minimising movement scheme for the DIRK?2

scheme is as follows for each stage:

e Stage One
w1 = argmin 7 (u" " w),
uEPM(Q) (82)
PT = 1 W. [un—l U]2+(€(U)
L 2c1T 2 ’ ’
o Stage Two
ul et = argmin @ (u T w T w),
MGPM(Q)
c1+co — 40162 1 2
P = Wouter—1
2 2¢1(6¢3cy — 4crca — 1 + e2)T 2y ul (83)
Cl+627401627261(17361)(1701) —1 2
7 Walu 1, £(u).
2¢1(6c2co — deyey — €1 + c2)T 2lur ™ ul” + E(u)
e Stage Three
u := argmin ®F (u? /8 3/ yr L),
uEPnrr (2
R (84)
o7 = Loy funter=t u2 + Ly, funte=1 w2 + LBy, [un=t u)? + £(u),
T T T
where the prefactors are
- (31(1 — 61)2(1 — 301)2
Yo (6t —dejeg — ¢+ ca) (3(c1 — 2c1c2 + c2) — 2) (¢ — ¢a)’
~ (18¢§ —12¢1 + 3)c3 — (24¢ — 13¢y + 4)c3 — (12¢] — 25¢7 + 8¢y — 2) + 3¢ (85)
g1 = 2(6c3ca — 4crca — e + 2) (2 — 3(c1 — 2102 + ¢2)) ’
ye = (e1 — ¢2)[(36¢t — 60c3 + 48¢2 — 18¢y + 3)c3 — (36¢F — 72¢3 + 60c3 — 22¢1 + 4)co

2¢1(c1 — ¢2)(6¢2 — deyca — ¢ + ¢2)
18¢] — 42¢3 + 3563 — 12¢1 + 2
2c1(c1 — ¢2)(6¢2 —deieg — e + ¢2)

Proof. As we did for DIRK2 and to assist us in constructing this system (100) into one equation we

apply the following:
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e Stage two: Eliminate the Vyy,&(u”T1~1) term by calculating 2¢; (1 — 3¢1)(1 — ¢;)-(74b) - (1 +

¢o — 4eqca)-(74a), which gives us

1
9 1— 3 1— n+co—1 _ _ 4 n+cy—1
c1(6c¢3ca — 4crca — e + 02)7{ e er)(1 = en)uy (1 + e —derer)uy
+ (1 +c2 —4eica —2¢1(1 — 3e1)(1 — 1)) uf’l} = —Vp,&(urtez=1), (86)

e Stage three: Eliminate the Vi, &(u?T¢2~1) term by substituting (86) into equation (74c), before
substituting with equation (74a). This gives us
1 2¢1(1—c1)?(1 — 3¢1)? ntes—1
(2 —3(c1 — 2c102 + ) T (6c3ca — 4erea —c1 + ca)(eq — cz)uT
(18¢2 — 12¢1 + 3)c3 — (24¢2 — 13cy + 4)c3 — (12¢3 — 25¢% + 8¢1 — 2)ca + 3013un+c1—1 (
6cica — 4crca — ¢ + o i
. { (c1 — ¢2)[(36¢} — 60c3 + 48¢% — 18¢1 + 3)c3 — (36¢ — T2¢3 + 60c3 — 22¢1 + 4)co
c1(e1 — e2)(6¢2 — ey — ¢ + ¢2)
18c} — 42¢% + 35¢% — 12¢; + 2
c1(e1 — c2)(6¢2 — 4erea — ¢ + ¢2) }

(601(1 — )1 - ep)u +

87)

uﬁ_l}) = —Vw,&(u?).

We now start to construct our minimising movement, per stage, schemes as we did for the second

order case, but with an additional step to carry out this time:

e Stage Ome: Firstly from u”~! — «”T1~! which is immediately defined as (82), similarly as

BDF1 and DIRK2 stage one schemes.

e Stage Two: So we move straight onto the scheme for minimiser u?7¢2~! dependent from inter-

n+ci—1

mediate time steps ul and u”~!, which is

n+co—1 n+cy—1 n—1
Ur T

:= argmin 7 (u ,urT ),

u€Pa ()

o] = %Wz[ufﬂl_l,uf + %Wg[u?_l,uf + E(u).

From similar calculations from the already implemented schemes, the minimiser u?*+¢2~1 satisfies
(86) when

. c1 + co —4cieo . c1+co —46162—281(1—381)(1—61)
 2¢1(6ctca — dejcg — ¢y + o)’ Y5 = 2¢1(6c3cq — deyea — 1 + ca)

Ya

hence the final scheme here is as (83).

e Stage Three: Finally, moving to the final stage for minimiser u? dependent from intermediate

time steps un T2~ gy te1=1 and 471 which is

n—3/8 ,n—3/4 , n—1
k )y Yr y Ur

uy = argmin @3 (u su),

wEPp (Q)

u

OF (w38 3y ) = %Wz[uzﬂrl,u]? + %Wg[uszl, u)? + %Wg[u’fl, ul? + & (u).

Again, from similar calculations from already implemented schemes, the minimiser ] satisfies

(84) and (85).
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Thus the proof for the schemes per stage are complete. O

Example 4.13. By selecting for our intermediate time steps ¢ = i and co = %, this gives us our

final Butchers array for a third order DIRKS3 scheme:
1/4 | 1/4
3/4 1 2/3 1/12

1 |5/9 1/3 1/9

5/9 1/3  1/9,

providing us with the system of equations:

w3 = 2VW25(u¢_3/4), (88a)
n—1/4 ._  n—1 _ QLV £ n—3/4\ _ LV £ n—1/4 ]8h
Ur =ur 3 Wa (ur ) 12 Wo (u‘r )7 ( )
5
wp =l = VY = SVwE ) - SVwE (). (88c)
o The stage one minimising movement scheme generates u¢_3/4, given by

w34 .= argmin {2W2[u¢1’ u)? + E(u)} .

we€Pup () LT
e The stage two minimising movement scheme generates s */*: Substituting (88a) for VWQE(U¢_3/4)
into (88b) gives
120714 — 3207 3/% 1 200"t = — 7V, E(uP ). (89)
The discrete solution at t = "~ 1/4, u?71/4 satisfies
- b
w4 .= argmin {QWQ[U:3/4, u)® + = Wau 1 ul?® + E(U)} ,
UEPN[(Q) T T
if
2 b 2 2b
20D povia Bposis Dot - e,
T T T
satisfying (89) if a = 16 and b = —10. We hence have the stage two minimising movement
scheme:

1 1
u?"Y* .= argmin {GWQ[UZS/4,U]2 - 70W2[U77}717U]2 + S(u)} .
uEPM(Q) T T

e The stage three minimising movement scheme generates u”: Calculating 9(88c) — 36(88b) +

76(88a) gives us

9u” — 36un /4 4 76um 3t — 49un T = —7 V), E(ul).
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The discrete solution at t =t", ul satisfies

Q2

u? ;= argmin {%Wg[uﬁfl/zi, u? + ZWo[ul 34 )2 + %Wg[uffl, u)® + 5(u)} ,
T T

T
uEPrr (Q) T

satisfying (92) if a1 = 18, ag = —38 and az = 42—9. We hence have the stage three minimising

movement scheme:

1 4
u? ;= argmin {8W2[ufl/4,u]2 - §W2[uf*3/4,u]2 + EWQ[UZ*I,UP + S(U)} .
uePyr(@) LT T 2T

Hence we have solved to find the following minimising movement schemes per stage:

e For stage one:

= argmin ®7 (u

e For stage two:

w4 = argmin ®F (u? 3w ),
u€P ()
16 10
7 = 7va[uﬁ/‘*,u]'é’ — —Wao[u " u]? + E(u).
e For stage three:
ul :=  argmin ®F (u? Y4 w34 yn ),
uEP ()

38

18 _ - 49 .
Of = —Waluf 1/4,u]2—7W2[uT 3/47u]2+§W2[u7_ L) + E(u).

Example 4.14. By selecting for our intermediate time steps ¢ = i and cy = %, this gives us our

final Butcher array for a third order DIRKS scheme:
1/4 | 1/4
1/2 (2/3 -1/6

1 |4/9 1/3 1/9

5/9 1/3  1)9,

providing us with the system of equations:

A R R (T (90a)

un—1/2 _ un—l _ QLV g( n—3/4 ZV £ n—1/2 90b

T = Ur 3 Wy \Ur )+ 6 Wo (’U,,,_ )7 ( )
4 2

wp =l = SV, ) SV E () = TV, E ). (90c)
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3/

Lo n—3/4 .
e The stage one minimising movement scheme generates ur , given by

2
W34 = argmin {WQ[U:—Ll, u? + S(U)} )
uePn(2) LT

o The stage two minimisation scheme generates w2 Calculating 3(90b) — 8(90a) gives

—6u 2 160”3 — 100 = — 7V, E(u ). (91)

T

n—1/

The discrete solution at t = t"~/2, 7 2 satisfies

b
u""Y/? .= argmin {QWQ[U¢3/4,U]2 + =Waou" "t u)? + E(U)} ,
uE’qu(Q) T T

if given that w2,

2 b 2 2
(a+ )u?—1/2 _ ju¢—3/4 _ jug—l
T T T

- —VWQE(U:L_UQ),
satisfying (91) if a = —8 and b = 5. We hence have the stage two minimising movement scheme:

u¢71/2 := argmin {_8W2[u;l3/4’ u]2 + gWQ[u:_L*l, u]2 + g(u)} .

uEPM(Q) T

o The stage three minimising movement scheme generates ulr: Calculating

—9(90c) — 18(90b) + 64(90a) gives us

—9u? — 18u Y2 4 64un 3% — 37Ut = 27V, E(uT). (92)

T

n

" satisfies

The discrete solution at t =1t™, u

T

u? ;= argmin {%Wg[uﬁfl/z, u)?® + %Wg[uf*:g/‘l,u]Q + %Wg[uﬁfl, u)?® + €(u)} ,
)

uE'qu(Q T
satisfying (92) if an = —%, ag = 16 and az = —%, We hence have the stage three minimising
movement scheme:
9 16 37
uy = argmin {—Wg[ufl/2,u]2 + = Wa[ul 34 w2 — W [u ) + S(u)} .
wEP(Q) 2T T 4T

Hence we have solved to find the following minimising movement schemes per stage:
e For stage one:
= argmin @7 (u”" " u),

u€P ()

2
o7 = ;WQ[UZ*I,UP + E(u).
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e For stage two:

w2 = argmin ®F (u? 34 W w),
uEPM(Q)
8 5
0 == ——Walup ™ u)? + SWs[uf T ) + E(u).
T T
e For stage three:
ul ;= argmin ®F (u" Y2 w34 W),
u€Pn ()
9 16 . 37
3= — gWﬂUf*”Q,U}Q + 7W2[U1’*3/4,U]2 = o Velul ) + Eu).

4.5.2 Scheme Two

Another key example of the DIRK3 minimising movement scheme is shown, which has been published,
and will be used for our numerical experiments in Section 8. We now investigate another three stage,

third order DIRK method which is L-stable from Ascher and Ruuth et al. [4, Thm. 5], that is
(o751 (6%}
a | 1 oo

1|8 fps o

B2 B3 o,
where a; = 0.4358665215, aig = 0.7179332608, 31 = 0.2820667392, 5, = 1.208496649, 53 = —0.644363171.

This provides us with the following system of equations:

u:_H-cn—l _ ’Uz?_l _ alTVWzg(U:’rH_al_l), (94&)
uptee ™t = W = BV, E(up ) — a7V, E(uptee ), (94b)
u = u" " = BV, E(uTTY) — B3V, E(uT2 T — a7V, E(ul). (94c¢)

Corollary 4.15. The minimising movement scheme for system (94a)-(94c) is as follows:

e Stage One
w1 = argmin ®7 (u" L u),
uGPM(Q)
95
B] = Wl uf? + E(u) o
1 20[1 T ’ :
e Stage Two
w2 = argmin ® (u T w1 w),
u€Prr(02) (96)
. p1 ntar—1 ,12 , X1 — e n—1 12
Ol = 2a%TW2[’U,T h]? + 20?r Walul ™", ul® + E(u).
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o Stage Three

W= argmin @ (u e urtend un )
uG'PM(Q)
B3 1 o, a1ffe — B1Bs 1 12
O = W. n+as , 2 TR ntan , (97)
3 2031 2[u7 ul® + 20T 2[u7 Wt
af — a1 (B2 + Bs) + G153 _
L 5o Walu ™1, u)?.
1

Proof. Similarly, from Section 4.5.1, we start by eliminating the Vy,&(unte2=1) Yy, £(untor=1),

Vw,E(ul) terms respectively to retrieve the set of equations:

e Stage two: a1-(94b) - 51-(94a) gives

1 n+oag— ﬂlna— (61—051) n— n4oo—
e Z%“T+ T Tz b= 7V, E(upterh), (98)
e Stage three: ay-(94c) - 83-(94b) + (ﬂ; S _ ,6’2) -(94a) gives
1

Lyn B baat (52 - ﬁlﬁ?’) unter=1_ L (a1 — By — B + 5153) urto(99)
aj aq

where (98) helps determine the coefficients for the L? Wasserstein distances in ®3, and (99) for ®3

(see below).

e Stage One: The minimising movement scheme for u”T*1~1 has been demonstrated from earlier

examples, i.e. for stage one:

1
w1l = argmin &7 (u” 1 u), BT (u" " u) = Wou ™ u)® 4+ E(u).
uw€PM (Q) 2007
e Stage Two: We propose the minimising movement scheme for 4”21 which is
w27t = argmin ®F (u T ),
UEP}LI(Q)
ag —aq)b asc
ap(urtert ynty) = 027 Oy a1 ey 02y e g2 gy,
T T
The minimiser u”+t*2~1 satisfies
2(ag — a1)b+ 2asc 2(ag —aq)b 2a9¢
( 2 i—) 2 u:-&-oq—l o ( 2 - 1) u:—o—al—l _ 7_2 u:—L—l _ _vvvzg(uz+oz2—l)7
Lo . oy —
which is (98) 1sz¢2andc= ! 5 61.
2(ag — ag)ai 2050z
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e Stage Three: The minimising movement scheme for u} is also proposed which is

n.__ 3 T(, n+as—1 n+aoa;—1 n—1,
Ur = argmin @3 (UT 2 y Ur ! y Ur ) U),
’U.G'PJW(Q)
- - - (1—ag)p - (1—ay)qg _
O3 (u L upt L) = e Waup e o W [up e

+ ;Wz [ul =t u)® + E(u).

The minimiser u satisfies

2(1 B a2)p + 2(1 — Oél)q + 2run _ 2(1 — a2)pun+a271 _ 2(1 B al)qunﬁ»alfl _ 21 n—1

T T T T T

== Vw,&(u7),

which is (99) if the following parameters p, g, r are satisfied:

B3 a1B2 — B183 _af—a(Ba+ B3) + 5153.

=5 32+ v 4= , TI'=
203 (1 — ) 203(1 — ) 203

p

The proof is complete. O

4.6 Minimising Movement Scheme: Five stage Runge-Kutta (DIRKS5) Scheme

The DIRK5 minimising movement scheme is constructed. Again due to the tediousness of the con-
struction, we only go from an example which has been published and has order of accuracy four.

The second example for the third order Runge-Kutta method provides a much improved error and
third order numerical convergence, but does a L-stable fourth order Runge-Kutta method provide

anything better? We introduce the Butcher array from [25], by Hairer and Wanner, which is

1/4 1/4
3/4 1/2 1/4
11/20 | 17/50 ~1/25 1/4

1/2 | 371/1360 —137/2720 15/544  1/4

1 25/24 —49/48  125/16 —85/12 1/4

25/24 —49/48  125/16 —85/12 1/4,

providing a system of equations:

L %VW25(U?_3/4)7 (100a)

up =t - ngzg(u?—3/4) - %Vwﬁ(uf_l/él), (100D)
17

WO = = S £ V) — T E (), (1000)
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(100d)

371t 1371
-1 _ n—3/4 n—1/4
VYV, E(u? )+ 2720VW25( )

=T -
B %Vy\bé(u?’g/m) 4Vw25( un=112).
ul = u’;*l—%vwi,é'( n- 3/4)+49—Tv E(unhy - 125TVW25( n=9/20)  (100e)
+ ST )~ T ).

Corollary 4.16. From the system (100a)-(100e), the minimising movement scheme for the DIRKS

scheme s as follows for each stage:

e Stage One
i ar%m(ig)@g’l(u?—l;u)a
wEPar (101)
®F ) = %WQ[uZ’17U]2 +E(u).
e Stage Two
u?_1/4 = argmin @7 5 (uy ™ fup” o u),
uePM(Q) (102

2
BTy = Sl — ZWplul ™ uf? + E(uw)

e Stage Three

a0 = argmin @ 5 (u " ul = ),
uE'P]\/j(Q) (103)
PT ., = 7iw [un71/4 ] +ﬁw [un 3/4 ’U,]2 E [unfl } +5( )
537 Tonr 2T 257 ’ 257 2N
e Stage Four
u?*1/2 = argmin ®F ,(u}™ Lun 3/4 u”*1/4,u?*9/20;u),
wEP M () ’
. 15 e 25 . 89 n
N :@WQ[UT 9/20 )% — 687W2[u 1/4,u]2+EW2[uT 3/4 u)? (104)
_ % -1 12
S Wolul ™ uf? + E(u).
e Stage Five
ul = argmin ®F 5 (ul" 1,u2_3/4 2_1/4,u2_9/20,uf_1/2;u),
uw€Pn ()
. 170 e 275 e 103 e
@575 = — ?WQ[UT 1/2,'11,]2 + ?WQ[UT 9/20,U]2 — E Q[UT 1/4,U]2 (105)
_7W[n3/4 ]+ W[nl ]2+g(u)
T 3/4) szg( T 9/20) VW25<’U’271/4)7

Proof. Similarly, from earlier examples, we eliminate the Vi, € (ur
Vw, & (ur 1/2 ) terms respectively to retrieve the set of equations, from which we can construct a set

of minimising movement schemes for each stage
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Stage two: (100b) - 2-(100a) gives

4u¢,1/4 B 8u¢73/4 + 4u¢71 _ fTVWZE(u:.th)- (106)

25
Stage three: ?-(1000) + 2:(100b) - 21-(100a) gives

16 168 52
4u279/20 + %1&71” - guff‘o’/‘l + %1&71 = —TVch‘f(uZ*g/QO). (107)

Stage four: 136-(100d) - 15-(100c) + 25-(100b) - 178-(100a) gives

15 25 89 16
4un—1/2 _ 7,“71—9/20 + 7un—1/4 _ 7un—3/4 + 7un—1 _ _TVW2g(un—1/2). (108)

i 347 34T 17 7 177 i

Stage five: 24-(100e) + 680-(100d) - 825-(100c) + 103-(100b) + 74-(100a) gives

340 275 103 37 28
4u” + Tu’;*/? - TUZ*WO + ?uz*/‘* + §u¢*3/4 — Eu:“l = TV, EW®).  (109)

where (106) helps determine the coefficients for the L? Wasserstein distances in ®, (107) for ®3, (108)

for ®7 and (109) for ®7 (see below).

Now we have the tools laid out to construct the minimising movement schemes for each stage:

e Stage One: The minimising movement scheme for the minimiser u¢_3/ % has been demonstrated

from earlier examples hence verifies (101), so we work on the minimising movement schemes for

n—1/4 n—-9/20 n-—-1/2
) Ur b Ur

Ur and u?.

. o —1/4 4. 4 -
e Stage T'wo: We propose the minimising movement scheme for the minimiser /* which is

n—1/4 .__ : T n—1 ,n—3/4,
n-l/4 .- argmin ®F o (u)™ ", u ),

uEP ()

u

2b 4
55 () = S Wl 4 Wl ul? 4 € ).

1/

e . n—1/4 .
The minimiser Ur satisfies

120 08¢ vz _ A nosjs 8¢ a1y,
37 T 37

which is (106) if b =2 and ¢ = —g, hence verifies (102).

e Stage Three: We now propose the minimising movement scheme for the minimiser u?_g/ 20
which is
w0 = argmin ®F 5 (ur " up =Y ur T ),
wEPM(Q)
5d 10
OF (™t w3 ) = — W ful A ] + 3—6W2[uf’3/4,u]2

, - .

20
+ sz[uffl,u]z + E(u).

117
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9/2

e . n— 0 .
The minimiser u, satisfies

1 (20e 40f _ 10d ,_ 20e ,,_ 40f _
=4+ =L _10d n—9/20 , Y% n-1/4 _ “Y% n-3/4 n=1 _ _\7g(ul 9/20
T( ERRST! )uT T 3r T 177 VEuz;

Lo e, 8 126 143 .
which is (107) if d = o5 €= o8 and f = 550" hence verifies (103).

e e e . n—1/2 .
e Stage Four: We now propose the minimising movement scheme for the minimiser ur /2 which

is

n—1/2 ,__ : T n—1 ,n—-3/4 ,n—1/4 , n—9/20,
unl? = ar7g)m(1£)¢>5,4(u7 a3 A 9720, )
uePm
20p 4q
T n—1 n—3/4 n—1/4 n—9/20, R n—9/20 2 n—1/4 2
OF 4 (uy ™ U JA =l gy n 020,y .——TW2[uT /20 4] —7W2[u7 /4 )

1/

o ~1/2 .
The minimiser uy satisfies

8r +4s — 40p — 8qu271/2 I @u¢79/20 n @uzq/zx 8 gys 45 _ _vwzg(uzfl/z),
T T

—ul —ul
T T T
Lo . 3 25 89 4 .
which is (108) if p = ~575 4= 5750 T = {36 and s = —T7 hence verifies (104).

e Stage Five: We finally propose the minimising movement scheme for the minimiser »} which is

. : T n—1 n—-3/4 ,n—1/4 , n—9/20 , n—1/2,
ul = argmin ®F (ul ", u} A A nm9/20 =12

u€Pr (Q)

) )

T n—1 _,n—-3/4 ,n—1/4 , n—9/20 , n—1/2,
(1)5,5(u Ur / y Ur / y Ur / ) Ur / 7u)

20b

2a 4d
= WV )+ =
T 97

4 )
Walul =20, ]2 + W=V, wf? 4 S Wafun )

+ ;Wz[uf_l,u]Q + E(u).

The minimiser u? satisfies

1 da + 4706 + 8¢+ % + 2 u® — 47aun71/2 _ 47061117179/20 _ %unfl/él _ 87dun73/4 _ %unfl
T 9 3 oo T 9r 7 T 3r 7 T 7
==V, &(u?),
Lo . 85 495 103 37 14 )
which is (109) if a = —3 b= 6= I’ d= Y and e = 3 hence verifies (105).
Thus the proof for the schemes per stage (101)-(105) are complete. O

4.7 A-stabilty and L-stability of SDIRK Methods (See [25])

We finish by showing that the equivalent last two rows of the Butcher array guarantees L-stability for

not only DIRK2 but for a general number of stages.
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Unlike for the DIRK2 scheme case, a similar version of proving A-stability is too complicated for
the third order DIRK3 case and higher stages. But, as explained in [25, Table 6.3, p.103-104], we
collect that an SDIRK3 scheme (DIRK3 scheme but with all the leading diagonal elements equal) is
A-stable if the leading diagonal elements a1; = as2 = ass is such that a;; € [1/3,1.07); i = 1,2,3.
Furthermore, a SDIRKS5 scheme is also shown there, which again from the same citation is A-stable if

the leading diagonal elements a11 = a2 = ... ass5 is such that
a;; € 10.247,0.362] U [0.421,0.473]; i=1,2,...5.

Now onto the next lemma, produced by Hairer and Wanner, [25, Prop. 3.8, p.45], showing that all
“stiffly accurate” DIRK schemes are L-stable.

Lemma 4.17. All A-stable DIRK schemes with the last step being equivalent to the last intermediate

step i.e. b; = ag; 1=1,2,...8 are L-stable.

Proof. We pay attention to part of (67), where we can transfer the z part into the inverse operation
ie.

2T (1— Az) " =0T [z 11— A2)] L.

Since we can rewrite in matrix form:

1— ailz 0 . 0
1 —ag1z 1 —agxz ... 0
2711 - Az) = - ,
z
—a51%2 —as92 ... 1 —agsz

and as z — 0o, you can clearly observe that 2= (I — A2) — —A and thus

lim 207 (I — Az)~' = —pTA %

Z—00
Since as; = b; and by denoting es =[0 0 --- 1]7, we have that
ATe, =las1 asa ... ag)T =[b1 by ... b7

In other words, ATes = b. By transposing both sides, giving us e’ A = T and applying A~! to
the right on both sides, this gives us e’ = 7 A1

Thus from earlier we have the final result:

lim 14207 (I -Az) P =1-b"A'=1-el1=1-1=0.

Z—00
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5 Higher order generalisations of the Minimising Movement

Scheme

We introduce the pitfull for higher order minimising movement schemes, where the energy is not
monotonically decreasing. We build in some estimates on our energy functionals and hence verify that
the metric dissipates for decreasing time step size.

We start by recalling gradient flows in the probability space of smooth energy functionals & :

Par(2) — R, solving the problem
Owu(z,t) = =V, E(u(x,t)), u(z,0) = uo, u € Par(Q).

This has a unique solution provided that Vyy,E(+) is Lipschitz continuous in Py (Q) (i.e. £(¢) €
CH1 (P (Q)) [35, p. 1]. However, well-posedness also follows from the assumption that £(-) is uniformly
semi-convex [41, Prop. 8.1].

The aim is to find the curve of steepest descent of £(-) from the initial point up [42]. A semi-
discretisation for the problem is achieved by means of the minimising movement scheme, recalled from
the previous section.

This section provides us with the tools required for this, before proving the uniqueness result.
Various assumptions (semi-continuity, coercivity and semi-convexity from [35]) will be derived later,
but beforehand we recall the famously known minimising movement scheme (also known as the JKO
scheme) originally proposed by E. De Giorgi [14] and used by Gallouét and Monsaingeon [19]. Also,

we begin deriving some estimates with the basic assumption that the energy is finite for initial time.

5.1 Introduction to the Minimising Movement Scheme

The minimising movement scheme is recalled. The evolution equation for solving gradient flows (17),
also referred to as the Cauchy problem, can be semi-discretised in time, using the minimising movement
scheme, which enables us to find a sequence u” as follows. For fixed 7 > 0:
n : 1 n—1 2
ul = argmin —Whlul ™", ul* + E(u).
uEPnm (Q) T
By generating a semi-discrete solution at the next time step «7 which minimises %Wg [unr=t ul? +

E(u), we have that the minimiser u? satisfies

which is equivalent to the implicit Euler scheme (or the backward difference formula one (BDF1)
scheme), see [42, p.6] for details. This scheme guarantees strong stability properties, that is A-stability

and L-stability (we have shown how from Lemmas 4.9 and 4.17).
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5.2 Minimising Movement Schemes - Backward Difference Formula 1 (BDF1)

We show the monotonicity of the energy functional at the time-discrete level for the BDF1 scheme.
We recall the minimising movement scheme for the BDF1 scheme as the penalisation of the energy

functional £(-) i.e.

ST (u 1)t Par(Q) — RU {00}, (110a)
BT (w1 ) = %Wg[uzfl,uﬁ + (), (110D)

From the priori estimates in [34], by Matthes and Osberger, it was shown that the energy functional
&(-) is monotonically decreasing i.e. with u?* being the minimiser of the Yosida-regularised function

O (u”~ 1 u), we have

OF (uf i ul) < @ (ufHul Tt

T T

@%WQ[UZ—%M]? +EWM) < EMH = E() < E(urY).

Hence, from this, we have from the semi-discrete form of the gradient flow problem (17) that as we

progress over time

n n
T

150 as 7 — 0,

implying convergence of the discrete solution to the actual solution with respect to the L?-Wasserstein
metric.
Now we introduce higher order BDF schemes and the limitations of their respective gradient flow

structures, which formally leads to the main contribution in this thesis.

5.3 Minimising Movement Schemes - Backward Difference Formulas 2 to

6 (BDF2 to 6)

This part introduces how the energy is not monotonically decreasing at the time-discrete level. Also
comments on how the BDF3 to 6 schemes are not A-stable and hence why we fast-track to the DIRK
schemes for adapting the variational form of the minimising movement scheme for the BDF2 scheme,

shown by Matthes and Plazotta [35].

5.3.1 BDF2 Minimising Movement Scheme

The basic minimising movement schemes were introduced in [14], by De Georgi. This scheme was
extended for second order in time situations by G. Legendre et al. [32]. Therefore, as implemented
for the simple BDF1 scheme, we recall the minimising movement scheme for the BDF2 scheme as the

“penalisation” of the energy functional £(-):
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O (u" 2 u"t ) P (Q) = RU {00}, (111a)

T

O (u" 2 u" ) = ;Wg[uffl,u]z — —Wau 2 u)? + E(u). (111b)

T

This scheme, as a consequence to their results from [35], is a motivation to extending the analytical
convergence approach for multistage schemes e.g. DIRK schemes.

Indeed, we have shown above that the energy functional is dissipative for the BDF1 schemes
theoretically in the last subsection. This is shown numerically also for the BDF2 to 6 schemes. However
&(+) is not shown to be theoretically dissipating when applying the higher order BDF schemes. In fact,
as shown in [35], we have that the energy functional is only almost dissipative for the BDF2 type

schemes, i.e. from the following proposition:

Proposition 5.1. With u” being the minimiser of ®%(u”2,u™ 1;u), from (111b), we have both

T

D (2 ) < B (e, YY)
& Il - Wl + E() < ) — S Walu T (1120)
= &) < E) + %Wz[ur?,uﬁ]?,

and
@ (w22, ur ) < B (w2, u L u?)
& Tl - Wl + E() < ) + TWafl R (112b)
= () < £l + W2, + Wl u

With this inconclusive information about the monotonicity of the energy functional for the BDF2
scheme, we aim to conclude convergence of other higher order schemes via a comparison principle.

This approach has already been used in [35] for the BDF2 scheme.

5.3.2 BDF3 to 6 Minimising Movement Schemes

However, since the BDF3 to BDF6 schemes are not A-stable and do not demonstrate a clear improve-
ment of the L?-numerical convergence rate in numerical experiments, in comparison to BDF1-2, it
would be impractical to extend this to these schemes. But on the other hand, we will numerically
present this in Section 8 to illustrate clearly.

Instead we shall look into extending the comparison principle approach from [35] to DIRK schemes.
We start by recalling the DIRK2 scheme, as well as introducing the minimising movement scheme for

each stage. Then, in the subsequent subsections, we obtain some estimates on the energy functional

().
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5.4 Diagonally Implicit Runge-Kutta Two Stage (DIRK2) Minimising Move-

ment Schemes

We recall the DIRK2 scheme with two diagrams illustrating the idea for each of the two stages. As
mentioned above, backward difference formulas of higher order do not have the desirable stability
properties in comparison to BDF1 and 2, as we just explained.

From now on in this thesis, we shall investigate diagonally implicit Runge-Kutta schemes, which
provide L-stability, as explained in detail from the previous section. In other words, by solving at
each new time step individually, these schemes can lead to higher orders of accuracy, and from what
you will see from Section 8, improved numerical errors. However, (see the next Remark below), many
DIRK schemes that have been published, may have high order of accuracy overall, but only have stage
order of one for latter stages which may restrict us when it comes to error intolerances.

Furthermore, they have been well used in many practical applications, including fluid dynamics,
medicine and gas transmission networks [45]. Before we commence our contribution, we briefly sum-
marise the scheme, from Section 4.4:

For stage one, we recall (see equation (63)) the minimising movement scheme for DIRK2 stage one

as the penalisation of the energy functional &(-):

D7 | (ur ™)t Par(92) - RU{oo}, (113a)

1
O3 () r= 5 Walul ™ uf? + E(u), (113b)
' a
We have that the piecewise constant interpolations of the discrete solutions u?*2~1 defined for all

time ¢ > 0, gives us the interpolated solution for ¢ € ((n — 1)1, (n +a — 1)7] (see Figure 3) and n € N:
U, (0) := g, T, (t) :=ultot

Then we also recall (see equation (64)) the minimising movement scheme for DIRK2 stage two as

the penalisation of the energy functional £(-) i.e.

7w ™H w ) Par(Q) = RU {00}, (114a)
_1-2a(1-0q) v
2a(1 — 2a)T 2a(1 — 2a)T

n—1 n+a—1, .
T ul u) =

2.2(u ; Walu™t u)? + Waul T u)? + E(u). (114b)

)

We have that the piecewise constant interpolations of the discrete solutions 7, for all time ¢ > 0,

gives us the interpolated solution for ¢ € ((n + a — 1)7,n7| (see Figure 4) and n € N:

u-(0) :=wug, U (t):=ur.

This is the method in the DIRK2 case. The next subsection recalls from Section 4.4 how (113b)
and (114b) are obtained.
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n—1r¢ (n-‘l—a—l)r @

Figure 3: Piecewise constant interpolated solution for stage one of the DIRK2 scheme.

(n—1Dr (n+;—1)r [rime ]

Figure 4: Piecewise constant interpolated solution for stage two of the DIRK2 scheme.
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5.5 Derivation of the DIRK?2 Scheme

To recap from Section 4.4, for a DIRK2 scheme to have order two, we require a Butcher array of the
form (60), where the entries are found such that Zj‘:o a;; = ¢; (refer back to the general Runge-Kutta
scheme (49)), where i defines the stage of the scheme. Furthermore, ¢; = 1 when ¢ = 2 and a1; = ¢;.
In contradicting the system (60), only a small order of accuracy of one is expected, hence only
giving this scheme a similar, unimproved level of accuracy compared to the implicit Euler (BDF1)

scheme.

Remark 5.2. Note that, from this scheme, each stage has an order of accuracy of one, despite the

entire scheme being of order two.

5.6 Auxillian/Estimates for our Minimising Movement Schemes

n+a—1

T

We apply some estimate/inequalities from the DIRK2 scheme, given that u and u? are minimisers

for stages one and two respectively.

As part of our main contribution, we aim to find an estimate of Wa[uZ', v2]? — W, [u2, vJ]?, where

u, and v, are assumed to be two different discrete solutions to (17), with N, M and 7, 7 representing
the number of time step intervals and the time step sizes respectively. Hence, when combined with
iterations and summations, the minimising movement schemes (63) and (64) brings out some valuable

estimates, of our energy functionals, and later, metric terms, that will assist us in proving that

WQ[UN ’U]w]2 - 01W2[’LL0 UO}Q S 027'. (115)

T YN TN

These estimates will mainly be used in the latter stages of the comparison principle proof. The

n+a—1

n and u? being the minimisers for the Yosida-regularised

estimates are mainly a consequence of u

n—1.

functionals ®7 ) (u'~';u) and ®F,(u} ", ul T u) respectively. We have from substituting u =

n—

w1t 4T~ into our two minimising movement schemes (113b) and (114b):
Sa(urhul ) = E(up), (116a)
B ) = Wl ) (116b)
Jo(un 1, un el yrtasl) —mwﬂuz-l,uw—w? Fe@rtT,  (116c)

and hence, referring to our minimisers for each stage:

e Stage One: With the estimate, since u”T*~! minimises the potential ®5 1 (u?~*, u), that is from
(116a),
Salurhur ™) < @F y (upThur ™Y, (117)

we have the following proposition:
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Proposition 5.3. In equation (117), the sequences of discrete solutions (u?+t%71),cn and (u?~1),en

satisfy
—Wo[u T2 L gt < L) = E(utteh) < . (118)

» T

The result (118) is achieved by the fact that a squared metric term is non-negative.

Example 5.4. We have that the inequality for (118) when a =1/4 is
2
IWalup Tt 4 ) < £ = £ < ). (119)

That is, w3 minimises the potential ®o 1 (u?1;u).

Stage Two: With the two following inequalities, since u” minimises the potential
@7 5 (ur =t urt* = u), that is from (116b,116¢),

B35 (ul ™l ) < @ (un e e, (1200)

and @5 ,(ul "l ul) < @F (e Y, (120b)

we have the following propositions:

Proposition 5.5. From equation (120a), the sequences of discrete solutions (u”)nen, (U741, en
and (u1),en satisfy
1 1-2a(1—a)
W n—&-a—l7 ni2 _ W n—l7 ni2 E(u™ ,
2a(1 — 2a)T 2luz ] 2a(1 — 2a)T 2lur ™ w4 E(uy) (121)
1—2a(l—a) 1 _ _
< _ W n ’ n+a—112 g n+a—1 .
< gl gt

Proof. Inequality (120a) is applied with the left hand side coming from substituting u = u? in
(114b) and the right hand side directly from (116c). O

Example 5.6. By substituting a = 1/4 into (121), we have that

4 5)
VY n—3/4 ,nj2 W. n—1 ,nj2 ™) < —
- 2[”7’ ,’LL,,_] 2 2[u'r ’UT} (U’T) =

5

S Walul Tl T e (). (122)
.

» T

Proposition 5.7. From equation (120b), the sequences of discrete solutions (u?)nen,

(U2t pen and (u} ™ )nen satisfy

1
2a(1 — 2a)T
< 1
— 2a(l —2a)T

W2 [un+af 1 un] 2 _

(123)
Wg[u:}_l un+a—1]2+g<u?—1).

Proof. Inequality (120b) is applied with the left hand side coming from substituting u = u! in
(114b) and the right hand side directly from (116b). O
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Example 5.8. We have that the inequality for (121) when a = 1/4 is

4 5 4
“Walu T = WL a4 E(uy) < —Walup T up TP E(ui Y. (124)

That is, w2~ */* minimises the potential ®5 1 (um~ 1 u) for both (122) and (124).

Now we remark on how to simplify our later estimates and for our discrete evolution variational
inequality (EVI) (we will introduce this in the subsequent section). These will influence whether our
prefactors from our final estimate of Walul , v}]? — C1Wa[ul, vJ]? are positive or negative i.e. can we
bound some of our terms of these above by zero (these terms can be omitted as a result, simplifying
our target (115))?

For a € (0, 5), we have that 2a(1 —2a) > 0. Otherwise, for a € (3,1), we have that 2a(1 —2a) < 0.
By the simple observation that 2a(1 —a) € (0,1) for all @ € (0, 1), we have that 2a(1 —a) — 1 < 0 for
all a € (0,1).

Combining these with the fact that squared metrics are non-negative, we can simplify the inequal-

ities (121) as follows, dependent on the two intervals a € (0,1/2) and a € (1/2,1):

e For a € (%,1):
1 n+a—1 n12 n 1 2&(1 CL) n—1 n+a—112 n+a—1
R A .
2a(l 2a)TW2[uT Jur]® + E(ul) Sa(l — 2a)7 Waul? ™ ul 1“+ E(ul )
e For a € (O,%):
1 2(1(]. a‘) n—1 ni2 n n+a—1
[ < .
2a(1 = 2a)7 Walul ™ ul]® + E(ulr) < E(u} ) (125)

Example 5.9. Furthermore, from (125), we have for a = 1/4, which is also the simplified
version of (124):

— W w2 4+ E(ul) < E(ur YA,
:

» T

Estimates are given for the energy functionals at the time-discrete level at various time points.
These are our key ingredients for implementing the convergence proof in Section 6. But before we
do, we implement another variational form of the DIRK2 scheme, in line with the BDF2 scheme [35].
Therefore, in the next section, we explain several assumptions, which help construct a discrete form of
the evolution variational inequality, an equivalent representation of (17) which considers semi-convex
energies, for both stages.

We formally introduce and adapt the variational formulation of the BDF2 scheme, from Matthes

and Plazotta [35], to the DIRK2 scheme.

5.7 Main Assumptions for the Evolution Variation Inequality (EVI) - Semi

Convexity

The general assumptions are mentioned, first with lower-semi-continuity and coercivity. Furthermore,

the semi-convexity assumptions for each stage. We note that the range of A, that gives us the stronger
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convexity condition, is restricted to non-positives, for ensuring well-posedness of gradient flow problem,
as we discussed in Section 3.

For the PDEs we are investigating, their corresponding energy functionals £(-) are non-negative,
since the energies are integrals of a squared modulus function, which are non-negative. From this,
we have constructed a range of estimates, using the assumption £(u?) < K; < oo. These estimates
can be generally applied across a wide range of PDEs including the ones that we shall consider in the
following.

The minimising movement schemes and the resultant estimates from the last subsections are de-
signed mainly for assistance with the final estimates. The estimates we can derive come from manip-
ulating the functionals ®” and noting that for BDF1 for example, evaluating ®] at the minimiser u}
is going to be smaller than the result for evaluating at the intermediate solution u = u?~*.

Now we consider a variational form of these schemes, worked on by Matthes & Plazotta, [35] for
BDF2. We know how to explore the dynamics of solutions via the minimising movement scheme, but
the idea of our new construction is to verify how light assumptions can help us verify convergence of
discrete solutions, working round having to verify strict monotonicity, which we cannot theoretically
prove.

Furthermore, the higher order minimising movement schemes (unlike BDF1) do not guarantee
that the energy £(-) monotonically decreases in time and hence obey the structure of a gradient
flow. The variational form of the BDF2 scheme successfully shown the numerical convergence of
discrete solutions, without proving energy monotonicity, to what we describe as the limit curve wu,
in an alternative approach, also satisfying results from gradient flow properties like uniqueness from
convexity. There is a basic variational form, called the energy dissipation equation which we introduced
in Section 3.4, but also and with respect to convexity, we consider the evolution variational inequality.
As we said in the introduction, one of our aims is to verify the limit curve u,, from our gradient flow,
is admissible to the inequality.

To verify that a scheme is well-posed, we must show that a unique minimiser exists, via the two
following standard assumptions on the energy functional for Wasserstein gradient flows (see [35, p. 6]

or [2, Lem. 2.4.8], by Ambrosio et al.):
Assumption 5.10. The following assumptions are as follows:

(i) Semi-continuity of £(-): The energy functional E(-) is sequentially lower semi-continuous on

Up — U = E(u) < liminf &(ug). (126)

k—oo
(i) Coercivity of E(-): There exist 7. > 0 and u. € Par(Q) such that

1
m
uEP N (Q) 27—*

Wats, u] + E(u) > —o0. (127)

Cy =
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Remark 5.11. With respect to the PDEs considered in this thesis, the energy functionals are non-

negative which implies interestingly, that both assumptions are satisfied.

For this next part, we seek and construct an alternative form of the minimising movement scheme,
by assuming semi-convexity of the energy functional, £(-) and hence the Yosida-regularised functionals
@7, (u? ™ u) and ®F H(ul !, ulT*" 1 u) before taking on the stronger condition of strict convexity,
that guarantees uniqueness of minimisers, by setting conditions on the modulus of convexity, A. The
semi-convexity of £(-) is a necessary condition for a well defined sequence of discrete solutions (u?)nen.

To do this, we consider the assumptions for £ : Py(2) — R U {oo} in line with [35], including
semi-convexity. Alongside the lower semi-continuity and coercivity properties, we also have that £(-)
is semi-convex of modulus A € R. Considering semi-convexity, it is important to note this controls the

downward slope (dissipation): should this occur of our function and will this generate multiple (not

unique) minimisers? We will explain this shortly, but by setting the modulus to satisfy that A < 0

and (=\)7 < (21(:’;&1)17 this yields the stronger property of strict convexity, which provides a unique
minimiser.
Firstly, by considering the semi-convexity of £ : Pp;(Q2) — R U {oo} similar as in [35, p. 6] where

in particular, the assumption holds for the L?-Wasserstein metric [35, Thm. 7], we have that:

e Stage One: From [2, Prop. 9.3.12], we have that @5 1(u?”"',u) from (63) is semi-convex of

1
modulus — + A.
at

Hence, for all u?~1, v9,71 € Py (Q) and every 7 € [0, 7.), where 7, is chosen as the maximum
time step size, there exists a continuous curve 7, : [0,1] — Pps(2) joining 7p,v1 along which
Dy 1 (u? 15 u) satisfies

T

— T n— T n— 1 1
B3 0) < (1=0)8, 3 )45 2 )= (o 0 ) (1= Wal ol (129

where s € (0,1) and A is the modulus of convexity.

In order for strict convexity to apply, we require that from the last term of (128):
1
A>——, and a#0. (129)
art

4
Example 5.12. For a = 1/4, we have that (67) is semi-convex of modulus — + X\ and the
T

semi-converity condition being

1

4
() < (1= )9F4(u90) 4 505 ) = 3 (244 (1= )W, 2

with the strict convexity condition being, which is obtained also by substituting a = 1/4 into

(129):
P (130)

T
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1
Remark 5.13. For a € (0,1), this gives us —ar € (—7,0) = —— < ——. Hence we can assume,
aT T

without loss of generality, for any a € (0,1):

1
A>——.
T

e Stage Two: Again, from [2, Prop. 9.3.12], we have that ®o 1 (u”~!, u) from (64) is semi-convex
2(1—a) L
(1 —=2a)T

Hence, for all u?

of modulus

Forl w1 vo, 71 € Pu(Q) and every T € [0, 7.) there exists a continuous curve

Y530, 1] = Par(£2) joining ~p,7y1 along which @5 o satisfies

O o(up ™ u T T ) < (1 9)@F o (ur T up T T o) + 5@ o (up T up T T )

L/ 21—a) (131)
—a

S ed Sl 1— 2

9 ((1—2&)T+)\> S( S)WQ[’YlarYO] )
where s and A are defined as in stage one (see previous page).

In order for strict convexity to apply, we require that from the last term of (131):

2(a—1)

A> )
” (1—2a)r

and a # % (132)

3
Example 5.14. For a = 1/4, we have that (67) is semi-convex of modulus — + X and the
T

semi-convexity condition as

OF o (ul w4 y) (1= 8) oo (uf ™ ul 3 ) 4 507 5 (up Tt ul )

T T T s YT

(133)
1 §+)\ s(1 — s)Ws| )2
9\ 7 2|71,%0]
with the strict convezity condition being
3
A>——. (134)
T

Remark 5.15. For the next section, where we wish the strict convexity conditions to apply for both

stages, we analyse as follows for a € (0,1/2):
(i) Stage Onme: a € (0,1/2) gives that

1
—Z € (—00,-2).
ae( 00, —2)

1
(ii) Stage Two: 2(a —1) € 2(—1,—-1/2) and 1 — 2a € (0,1) = . € (1,00) gives that

2(a—1)

T 9g € (—o0, —1).

Hence for the condition to apply for both stages, we set for the modulus of convexity:

2(a—1)

A> —.
- (1—2a)T

(135)
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Example 5.16. When a = 1/4, the strict convezity condition for both stages is

A>—§.
T

Remark 5.17. Given that both inequalities for A, (129) and (132) (plus (130) and (134) where a = 1/4,

n—1
T

n—1.

respectively), apply, we have that both ®3 | (ul =4 u), ®3 o(u} ™", u™te=1 ) are strictly convex, in order

n+a—1

to help generate unique minimisers u}

and u? for each stage, respectively.

However, for the similar construction of [35, eqn. 3.4], in order for a minimiser of each stage to exist,
the convexity conditions (129) and (132) must be strengthened in order for a Cauchy sequence of min-
imisers to exist, that is a distance between two potentially different minimising sequences W [ug, u;]?
has a finite upper bound.

Therefore we will assume that

2(1 —a)

< — « _
A<0 and (A7 < T %4

(136)

The first equation comes from the arguments by Propositions 3.6 and 3.7, i.e. A needs to be neg-
ative, to guarantee a well-posed problem. The second equation (136) comes from (135), assuming

without loss of generality, and since 7, > 7 by definition.

5.8 Existence of a Minimiser

We adapt the Matthes, Plazotta proof for BDF2, that ensures the unique existence of a minimiser for
both stages.

With our minimising movement schemes introduced in Section 4, we are in position to begin
discussing the variational form of the DIRK2 scheme, but beforehand, it is important to conclude
whether a unique minimiser exists:

There are assumptions on &(-), including semi-continuity (126) and coercivity (127). Using these
conditions and by applying Young’s inequality, we can show that the scheme provides unique minimisers

for both ®F | (ul~';v) and ®F ,(u? ™ upte = u).

Theorem 5.18. For all 7 € (0,7.), a € (0,1/2) and u?~ Y, unT2=t € Py (Q), there exist unique

minimisers as follows:

n—1
T

e Stage One: There exists an unique minimiser v, of v — ®% ; (ul~+;v).

o Stage Two: There exists an unique minimiser u, of u — ®F o(u? =1 urte=1:q).
)

T

Proof. For stage one, the proof of this theorem is adapted from [35, Thm. 8] (this is the same result
for the BDF2 scheme):
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n—1.

Retrieving the functional ®7 ; (u}!™*;u) from (63), we wish to show it has a finite lower bound. By

using the simple Young’s inequality:
Waltie, w]? < 2Wo[ul ™ w,]? 4 2Wa[u? 1 w]?,

before substituting into (63) gives us as a result of the coercivity assumption (127):

o 1 o 1 1 L
(1)271(’&7_ l,u) :%WQ[UT 1,'LL]2 + E(U) Z mWQ[’quu]z — %WQ[UT l,u*]2 +(€(U)
1 2 1 n—1 2 1 n—1 2

>4a7'* Wa s, ul” + E(u) 2aTW2 [ul ™ ug]® > e 2a7W2 [ul ™ g

Since the lower bound is independent of the unknown arbitrary curve u € Pps(Q), a finite lower
bound of ®3 ;(-) exists i.e.

= inf &7, (v Hu) > —o0.
? wePa (Q) 2,1( T )

To show that a minimising sequence (ug)gen is a Cauchy sequence, we select two end points of the
curve, which are o = ug and y; = u;, with the curves midpoint being ug; = 71 /2.
Substituting this into (128) gives

— 1 T n— 1 T n— 1 1
‘bg,l(U¢ 1§uk,l) < 5(1)2,1(“7 1§Uk) + 5‘1’2,1(“7 1§Ul) ) (m_ + >\> WZ[UkaUlF'

From (136), we have that 1 4+ aA7 > 1 — 2a and not containing zero for a € (0,1/2), hence we have

a finite upper bound for our Wasserstein distance Wh[ug, ul]27 that is

dat

Wl wf? < T2 (@, (2 ) + 9542 ) — 200, ) (197)
dat . o
~1+alr (PZ1 (W™ 5 up) + 3y (uy ™y w) — 29) .

By assuming there are two minimising sequences (uy)xen and (u;);en then as the sequences progress

such that they minimise ® 1 (u?~!;u), the right hand side of (137) progresses to

s (ore-20) =0

which results in the metric Wa[ug,u;]?> becoming sufficiently small, hence the Cauchy property is
satisfied.

Since (Par(Q2), W) is complete, then every Cauchy sequence (uy)ren converges to a limit point
ux € Pu(Q).

Finally, by the semi-continuity assumption (126) and a distance between two points a continuous

function, we have that ®32(-) is lower semi-continuous and gives us
T

¢ < @, (ulult ) < lim inf 7 H(ulh ul ) = ¢

Thus the limit point u, is a minimiser of ®F ,(u?~1 u?*%~1:4) and uniqueness is satisfied by

T 9

assumptions (132), as explained in the next subsection. The proof for the first stage is complete. [
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Proof. Now for stage two: by retrieving the functional ®F ,(u~!, u"*"1;u) from (64), we wish to

show it also has a finite lower bound i.e. ®92(-) > —oo. From two different versions of the triangle

inequality and binomial theorem, we have that, for b > %@;)&):
1
Walu 1 u)? < (14 0)Wau? w12 4 (1 + b) Walu Tt w2 (138a)
Whalts, u)® < 2Wao[u ™ u]? + 2Ws [u 1 u?, (138b)

and substituting these into (64) gives us, again from assumption (127):

b et g2 o L2200 20 et
~ 2a(1 —2a)T 2l >l 2a(1 — 2a)r pluy ™ ul” + E(u)
2a(1 —a)(14+0b)—1 b

2a(1 — 2a)(1 + b)r 2a(1 — 2a)r
= 2565(11_—2)3(4{?17}1 Walte, ul + () = 55 ’ 2y Vel
12:5@@2;) 8 g Z)i) Welur™, w]’
> o el £~ gt
12:(?—(@2;)8 (i ;r)lr)) Welur™, wf?
Z % T a0 E QG)TWQ[U?_17UZ+Q_1]2 + 122(?(@2;)8(1 ;:)i) 2™ ]

Since the lower bound is independent of the unknown reference point u € Pys(), a finite lower

bound of ®F ,(-) exists, that is

= inf BT, (u L u"te ) > —cc.
hl wEP (Q) 2,2( T s Y ) )

To show that a minimising sequence (ug)gen is a Cauchy sequence, we select two end points of the
curve, which are o = ug and y; = w;, with the curves midpoint being ug; = v1/2.

Substituting this into (128) gives

1 1
T n—1 n+a—1, T n—1 n+a—1, T n—1 n+a—1,
O3 o (ur ™, ul suR) < §®2’2(u7 ,ur jug) + §®2’2(u7 ,ur sup)

(QC;) + >\> Wh[ug, u)*.

(1—2a)T

From (136), we have that 2(1 — a) 4+ (1 — 2a)A7 > 0, which does not contain zero for a € (0,1/2),

[N}

| —
—

hence we have a finite upper bound for our Wasserstein distance Wa[uy, u;]?, that is

4(1 _ 2@)7‘ T n— n+a— T n— n+a—
WQ[ukvul]z < 2(1 — a) + (1 — QG)AT (q)2,2(u‘r 17u7'+ 1; uk) + (13272(11,7, 17u7-+ l;ul) (139)

T n+a—1 n—1,
- 24’2,2(“7 y Ur ,Uk,l))
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T

4(1 — 2a)7 (

< STz (PRa0 e ) + @ e ) — 20).

By assuming there are two minimising sequences (uy)ren and (u;);en then as the sequences progress

such that they minimise ®5 o (u?~1, u?*2~1;v), the right hand side of (139) progresses to

T

41 — 2a)7
2(1 —a) + (1 — 2a)

(et e-20) =0

which results in the metric Wha|uy, u;)?> becoming sufficiently small, hence the Cauchy property is
satisfied.

Since (Par(€2), W) is complete, then every Cauchy sequence (uy)ren converges to a limit point
ux € Prr(Q).

Finally, by the semi-continuity assumption (126) and a distance between two points a continuous
function, we have that ® 5(-) is lower semi-continuous and gives us

¢ < @350 ul ) < liminf @F (uf N wl T w) = 6.
¢ in P

Thus the limit point u, is a minimiser of ®3 ,(u ", uT*~!; u) and uniqueness is satisfied by (136).
The proof for the second stage is complete.

O

5.9 Adapting the Discrete EVI

We adapt the discrete form of the differential evolution variational inequality (EVI) from Matthes,
Plazotta [35]. This combines the semi-convexity estimate from Section 5.7 and the estimates from
Section 5.6 (u?T*~! is a minimiser from the stage one scheme).
We have lined out our semi-convexity conditions for our Yosida-regularised functionals (128), (131)
and also our strict convexity conditions, obtained by conditional modulus of convexities (129), (132).
Now we combine these with the minimisers for both stages, to generate a novel inequality in terms
of metric and energy functional terms only, defined as the discrete evolution variational inequality

(EVI) (see [35, p.14] for a similar construction for BDF2).

5.9.1 Stage One DIRK2 Scheme

By starting with stage one, it is necessary to select two appropriate end points of the curve 7, which we

n+a—1

n is the minimiser

say are 7p, 71 € P () in order to generate an inequality based on the fact that u

of @571(1/;*1; u). This will be seen here as the main ingredient for our discrete EVI construction:

Lemma 5.19 (See Lemma 2 of [35] for original idea). The discrete solution (u"+t%~1),cn satisfies

1 A +a—1 12 1 -1 12 +a—1 1 -1, nta—172
-2 n+a _ n < — nta - n nTa . (14
<2m + 2) Walwr ™75 u]” = o Walur ™, u]” < E(u) = E(up™77) = o Waluz™", uz ™ 77]7. (140)
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Proof. The proof is similar as the proof in [35, Lem. 2]. From [35, Ass. E3], for semi-convexity, there
exists A € R such that for all u?*te=1 u"=1 44 41 € D(E) and 7 € [0,7.), there exists a continuous

curve which satisfies

— T n— T n— 1 1
B0 () < (L 90 (0 20) + 508, H) = 5 (42 L - Wb nal (141)
Let the two end points be 7y := u?T%71 vy := u with (7s)sefo,1) the corresponding connecting

curve that implies semi-convexity. Then combining (141) with «7+*~! minimising ®3 ; (u}~'; u) for all

€ (0,1) gives us

0< @ (uftvs) — @5y (up o)

1/1
< (1—=8)P5 4 (uy™ Lognte=ty 4 s¢>5’1(u¢—1;u) ) (aT + )\> s(1 — $)Wau o=t u)?

—, (unhun o)

1/1

= SO = s ) = g () sl s Walur e
' : ar

Dividing both sides of (142) by s € (0,1) and letting s — 0 gives

1 /1

0 ofu(u ) - o) - g () Wl
' ’ ar

_ e n—1 , n+a—1 (142)
- 2047'W2[ ] +5( ) 20t W[ 2 y Ur ]

—E(urtely - ( ) unta=l g2,

Rearrangement of terms in (142) gives

1 A ta-1 2 1 -1 12 -1 1 -1 -
n+a _ n <g _5 n+a _ n n+a 12. 143
(g + 3 ) el et ul? = ol < £l £ - oWl e (149
s 2at
before multiplying (143) by completes the proof:
1+ aAr
n+a 1 n—
Walufi o=t ]Q—W [up ™, u)? (144)
2at _ n+a—1\ _ 1 n—1 , n+a—112
e CORLUA B A TRt O

Example 5.20. By substituting a = 1/4 into (143), we have that
P

n—3/4
Walur ™% ul” = o7

T

2T 2
n—1 2 < _ n—3/4y _ = n—1 _, n—3/412 )
WaluZ™, ul” < T (5(u) E(ur™7) TWg[uT yur

Remark 5.21. Given our construction for general intermediate time steps, it is crucial to comment that
the result (144) is valid only if 1 4+ aA7 > 0 which is true always, as a result of the condition (129),
that is
1+a/\7'>1—a7'<1> =1-1=0.
at
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5.9.2 Stage Two DIRK2 Scheme

The same process is applied from stage one, although different end points -y and ~; are considered:

Lemma 5.22. The discrete solution (ul)nen satisfies

i i n 2 _ ; n+a—1 2 n—1 9
((1 — 20,)7' + 2> W2[u7—7u] 2a(1 I 2(1)TW2[UT ,’LL] + 2a(1 — 2(1)7' 2[UT ,’LL]

(145)
< e - £l et et L2y e e

Proof. The proof again is similar to the proof in [35, Lem. 2] and the previous lemma (140): Similarly

for ®F o (ul =, ul T 1 u), we have (let vo = ul))

0< q>72—,2(u:—1_17 U'-TrLJra_l; Ys) — ‘1)72—,2(1‘:}_17 u:—H—a_l; u) (146)
1/ 2(1—
< s@E’Q(uﬁ_l, u el y) — s¢5’2(u2_1,u2+a_1; ul) — 5 ((1(2;;)7_ + A) s(1— s)Wa[ull, u?.

Dividing through (146) by s and letting s — 0 gives

1/ 2(1—
0< @572(1/7’71 ul el y) — @572(1/7“1 ul el — <<(a)7_ + )\) Walu”, u)?

» T » T » T 2 1 _20/)
1 _ 1—2a(l —a) _
< n+a—1 2 _ n—1 2 g _5 n
SO Soa Ty, Velur Tl — gy, Wl T+ E() = Eur)
(147)
1 _ 1—2a(l —a) _
_ n+a—1 ni2 n—1 ni2
2a(1 — 2a)7'W2[uT ur] 2a(1 — 2a)T Waluz ™ ]
1/21-a) 9
— o =2 4\ n .
2 ((1 “oa)r + ) Waluz,ul
Rearrangement of terms in (147) gives
l—-a A n 12 1 nta—1 12, 1—2a(l—a) n—1 12
((1 o) 2> Weluz,ul” = 5o gy Velur ™l + ooy el ul (148)
1 _ 1—2a(l—a) _
< o ny n+a—1 , n2 n—1 , n12
= g(u) S(ur) 2&(1 — 2a)7_W2[u7- 7u'r] + 2@(1 — 2@)7’ W2[UT ?UT] )
and the proof is complete. O

Example 5.23. Via (133), we have that (148) for a = 1/4 gives us

3 A n 2 4 n—3/4 2 o n—1 2
(27+2) Walu of? — 2Wafuz ¥4 4 Dt

4 5
< E(u) - E(ul) - ;W2[U?’_3/4, wr)? 4 o Walup )

T
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5.10 Classical Estimates for the Energy Functional - From BDF2 [17] to
our DIRK?2 Case

When we construct our comparison principle estimate, we shall assume that the energy functional £(-)
(this was the case in [35]) is positive, since the integral in (32) is non-negative. Furthermore, we have

that the energy, with respect to the initial data, is finite, that is
EY) < K. (149)

Therefore, we set up some estimates, for which we can eventually sum and/or iterate on n and will

become our main ingredients for the comparison principle and numerical convergence proof.

5.10.1 Comparisons for our DIRK2 Method and the BDF2 Method [35]

The BDF2 approach focused on the telescopic summation which was straightforward to analyse, given
that this was not a multistage scheme, for deriving the crucial estimates for the energy and met-
rics. However, adaptations are necessary due to the intermediate time steps and some difficulties in
cancelling out metric terms from telescopic summation. Indeed for the energy terms, we apply the
relationship of our intermediate solution u”T%~! to both stages, to show finite energy at various time
steps by simple induction. Unlike [35], who proved this for general metric space and internal energies,
the result of the proof is restricted for the energy functionals being positive, which is for our selected
continuity equations and intermediate time step parameter a, where the latter is explained in Lemma

5.25.

5.10.2 Estimates to be derived

Given the initial assumption (149), we derive some estimates on the energy functional terms, in order
to apply this to our final estimate Wa[ulY,v)]> — CyWa[ul, v)]?, to help assist in bounding metric
terms above by zero. Alternatively, does our terms tend to zero as the time step size 7 — 07 We
considered a € (0,1), but since both intervals will constitute different estimation outcomes later on
e.g. whether the prefactors of various terms are non-negative or otherwise, and to align our general
contribution to the DIRK2 example from [48], we will only consider the interval a € (0,1/2) from now
on:

In fact, a set of iterations could be applied on n, providing us estimates for £(u?+%=1), £(ul) and
E(u), with finite upper bounds. Hence, from only considering the properties of our minimising move-
ment schemes, we can actually verify also that Wa[u? ™1, w1 Wy [u? =1 4] and Whlu? o1 4]

converge to zero for vanishing time step 7.
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5.11 Finite Metric and Energy Estimates

The following lemma, ensures the finiteness of the Wasserstein metric and hence energy functionals,
regardless of the number of time-based intervals. Indeed, the number of time intervals N diverge to

infinity as the time step 7 dissipates, hence we have to verify that the final sum can be controlled.

5.11.1 Finite Wasserstein Metric

First we begin by showing that the metric Wa[u? 1, u?] is finite from the Discrite EVI constructions

in Section 5.9:

Lemma 5.24. For all a € (E, 1-— g), where @ ~ 0.12, we guarantee that the Wasserstein distance,

summed for each time point n=1,..., N is bounded:
1N
= Walul P < K, (150)
-
n=1

where K is some prefactor dependent on K1,0,7 (0 is defined later in the proof). Hence this gives us

that

C’Wg[uiv,vfy]z - WQ[U_,O_,’US]Q < Kr.

Proof. Rearranging equation (145) gives for an arbitrary curve u = u?ta~1:

_ 1—2a(1—a) _ 1—2a(1—a) _ _
Eu™) < Eyrta 1 n—1 ,n12 _ n—1 , nt+a—172
(U’T) = (u‘r )+ 2(1(1*2[1)7’ 2[”7’ 7U’T] 20‘(172&)7_ 2[u7' » Ur ]
142a(1 —a)+a(l —2a)A7 nta—l m
- 2a(1 — 2a)r Walulte=t y)2. (151)

By applying the reverse triangle inequality, then Young’s inequality, to Wa[u?te=1 42 i.e.

T
€
1+e

W2 [un,+a—1 un]Q Z

T » YT

Walu ™t ul? — eWs[ul 1 umte1)2,

» T

for positive € > 0 (to be selected shortly), we have when substituting into (151):

_ 1—2a(1—a) _ 1—2a(1—a) _ _
g ny < 5 n+a—1 n—1 ni2 _ n—1 n+a—112
(UT)— (U’T )+ 2(1,(1—201)7 2[”7’ 7uT] 2(1(1—2(1)7- 2[“’7‘ 7uT ]
(1+42a(l—a)+a(l—2a)A7)e =1, yrta=12
2a(1 — 2a)T 2 T

(142a(1 —a)+a(l—2a)AT)e . .1
_ 2a(1=2a)(1 1 )7 Wa[u? Lo ]2.

Collecting terms gives

Eumy < £t + (14+2a(1—a))e —22(—; 2_a$l)—T a) + a(l — 2a)err
4a(l —a)e+2a(l —a) — 1+ a(l — 2a)eAt nel n
; 2a(1 —2a)(1 + €)1 Walur ™, u]’,

Walu =t u a2 (152)

T

Rearranging (140) to find an estimate for £(u?T*~1), which is

() < £ -



before substituting into (152), which gives us

2a(1 —a)(14+2¢) — 1+ a(l — 2a)err
2a(1 —2a)(1+€)7

N (1+2a(1 —a))e— (2a® — 6a+ 3) + a(l — 2a)(e — 1)A7

7u7'

W) < Sl —

H [l ul?

2a(1 — 2a)7 ™ up T (153)
1. For the prefactor of Wy[u? =1, u"+2=1]2: By selecting € = 1212;7((31!1:;?3, this simplifies to
2a% —da + 1
)\W n—l7 n+a—1 2’ 154
172(1(1701) 2[“7‘ u‘l’ ] ( )

which is non-positive for all a € (0, 1-— 7)

2. Foralla € (a,1— @))7 where @ =~ 0.12 (see Appendix B for detailed workings), we can guarantee

non-positivity of the Wa[u =1, u”)? term for our selected parameter e.

) T

Thus, simplifying (153) as a result gives

O Walun 1 ul? < E(unY) — E(ul), (155)
2

where § is given as

2a(1 — a)(2a® — 10a + 6) — 1 + a(1 — 2a)(2a* — 6a + 3) A7
8a(1 —a)(1 — 2a) ’

(156)

then summing both sides from n = 1 to n = N, before applying (149) and dividing through by § gives

us our result and the proof is complete! O

Remark 5.25. Note that this holds provided A and a are not such that

_ 1—2a(1 - a)(2a* — 10a + 6)

Y
T T T a(l - 2a)(2a — 6a + 3)

5.11.2 Finite Energy Functionals

Furthermore, we can apply the result (150) and assumption (149) to prove finiteness of &(u?~1),

E(urta=1) and £(un):

Lemma 5.26. (Finiteness for Our Energy Functionals): E(u?™1), E™t™1) and E(um) are finite

e.g. Eu N < K

Proof. Taking the base case n = 1, then (149) gives £(u?) < Kj.
Now taking the basis n = 1 for (121) gives the following as a result of (150):

E(ul) < 1—2a(l—a)

0,172 ay <
S Sall = 2a)7 Whalul, uz]* + E(ul) < K.

T T

Since the result for £(ul) holds and Wa[u? 1, u?]? < K;7 holds foralln = 2, ..., N due to (150) and

) T

non-negativity of the left hand side, then inductively, £(u?*?~1) < K holds for alln = 1,2,...,N. O
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5.12 Convergence of Metric Terms

We verify that the Wasserstein metric between the discrete solution at different time points converge
to zero as the time step decreases, as you would expect!
We provide proofs for the convergence of certain metric terms and hence densities u} for decreasing

time steps:

n

Lemma 5.27. The discrete solutions (densities) u?~t ynte=1l yn

» converge, as the time step size

T — 0, to each other or to the limit curve (solution of gradient flow problem) w..
Proof. We break this into three parts:

(i) The result Wh[u?~!, u”]> — 0 as 7 — 0, is verified immediately from (150), for any time level

n=12,...,N.

(ii) Next up, we show that Wh[u T~ 1 "> — 0 as 7 — 0. As a result of the same inductive
argument from Lemma 5.26, and the non-negativity of £(-), we conclude that from (118),

1

- [ n—1
2at T

Walu ul e < K.

Thus Wa[u? =1 u?]> — 0 as 7 — 0.

(iii) Finally, we show that Wa[u?*t%~1 4"]?> — 0. To do this, we rearrange (123), which gives

T

Walul#= ! ul? < 2a(1-2a) (€ (ul ™) —E (i) +Walul~t wt o P4(1-2a(1—a) Waful ' ul]?,

and as a result of parts (i)-(ii), the right hand side is finite and thus gives the result for (iii).

The proof for this part is complete.

O

In addition, the classical estimates for £(-) are derived on the energy functional terms, by rearrang-

ing the inequalities derived from the minimising movement schemes i.e. u” minimises ®3 o (u” !, u? =1 y)

T

and applying iterations and summations which eventually gives finite upper bounds on £(+), considering

the similar initial assumptions (10)-(I2) from [35].

Corollary 5.28. By bounding and summing Proposition 5.5 (121) fromn =1 ton = N, as well as
applying assumption (149), we have that the sequence of discrete solutions (u?)peny withn =1,2,... N

provide the following estimate for €(ulN):

N
1—2a(1—a) Wau? =1, un]?
£ Ny « K § T T 157
(ur) < Ko+ 2a(1 = 2a) “—~ T (157)
Example 5.29. By letting a = 1/4 i.e. applying Example 5.6 (122) gives us

N 5 Wa[u? 1 un]?

< ONT 22ltr s Ur)
Ewl) < Ki+ ;:1 - (158)
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Corollary 5.30. By applying Lemma 5.27 to Proposition 5.5 (121), we have that the sequence of

discrete solutions (ul)neny withn=1,2,..., N provide the following estimate for E(ul):

1—2a(l —a)

"<
Elur) < Ko+ 2a(1 — 2a)T

Example 5.31. Letting a = 1/4 i.e. applying Example 5.8 (122) gives

T

)
E(u}) <Ky + ZWg[uf_l,u"]Q.
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6 Convergence Analysis

We show the theoretical convergence of the discrete solutions (at time level) to the limit curve, the
solution of the gradient flow problem. The procedure constitutes of the comparison principle, which
by assumption verifes a unique solution to the gradient flow problem when we consider two different

discrete solutions with similar initial conditions.

6.1 Limit Trajectory

The aim here is to show that the discrete solution (u}}),en is well defined. Furthermore, we aim to
conclude that the piecewise constant interpolation solution (., )ren locally converges uniformly in
time to the curve of steepest descent w, (the solution of the gradient flow of the energy functional
&(+)). This approach is in line with the convergence proof for BDF2 in [35]. Our main theorem is the

following:

Theorem 6.1 (Based on Theorem 11 of [35]). (Convergence Result): We take a vanishing sequence
(Tn)nen of time step sizes 7, € (0,74), which is strictly decreasing and such that the consecutive terms
of the sequence are integers (this is an assumption in order to simplify the technicalities of the proof).
Also, given the initial datum, which is u® (both stages) and u® (for stage two produced by stage one)
that satisfies the initial assumptions (10)-(12) (see the comparison principle theorem below for these),
plus the additional assumption.:

Walul ul |? < Koy, (161)

Tk

we have a well defined discrete solution (ul)nen. Furthermore, we have the local uniform convergence of
piecewise constant interpolations (U, )xen with respect to time to an L?-absolutely continuous function
u, € AC%([0,00), Par(2)) (solution of the gradient flow for E(-) i.e. the limit u, satisfies the differential

evolution variation inequality (EVI)).

Firstly, we show the comparison principle theorem which will prove the well-defined solution part
of the convergence result theorem. We shall focus on the comparison principle theorem in Sections
6.2-6.4, before returning to show that the solution of our gradient flow satisfies the EVI, in Section

6.5.

6.2 Comparison Principle Theorem

The aim of the comparison principle theorem is to help show the numerical convergence and uniqueness
of the discrete solution (u”),en. Before we begin, here is the detailed explanation of the theorem
alongside the general assumptions used, based on our initial data and from [35]. Its proof is given

during Sections 6.3 (for preparation) and 6.4:
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Theorem 6.2 (Based on Theorem 14 of [35]). (Comparison Principle): We consider the following:

e Two time steps 7,m € (0,74), that are related by R = Ten
n

Two pairs of initial data (ul,u?) and (v),ve).

Intermediate time step a € (a, (1 — v/2)/2).

Terminal time T > 0.

There exists a constant C, expressible in terms of K1, Ko, A and a, from initial assumptions

(149) and (161).

Then a piecewise constant interpolation u, and v, of discrete solutions (u})nen and (v;")men

satisfies

Walti- (), 0, (8)]* < COWa[u, vp)? + 7), (162)
for all t € [0,T7.
Remark 6.3. The main aim of theorem is to show that Wa[ul, v)]? converges to Walu?, v)]? as the

time step size 7 — 0, i.e. we will show that

WQ[UN,’U%P — C’1W2[u0 UO}Q S CQT, (163)

T T Vn

which satisfies (162), when C' = max{Cy, C>}, dependent on Kj, K2, A and a. This will be shown via
the telescopic sum, in line with [35, Sect. 4.1].

The main problem is an extension to recent work by D. Matthes and S. Plazotta [35]: they fully
shown the well-posedness of the BDF2 type scheme (in a variational form by deriving a time discrete
evolution variation inequality (EVI)), formulated as a consequence of the semi-convexity assumption
on the energy functional £(-), guaranteeing a well-posed BDF scheme.

Indeed they shown a comparison principle, constructing an estimate on the difference between the
distance of two similar initial data, and the distance of its corresponding solutions at terminal time, i.e.
an estimate on Wh[ul!, v;']* — CyWa[u2, v9]?). In other words, we adapt this approach, in an innovative

manner, for a two stage diagonally implicit Runge-Kutta (DIRK2) scheme.

6.2.1 Our changes to the BDF2 case [35]

By applying the classical estimates for the metrics and energies, we applied ourselves in Sections 5.11-
5.12, We initially focus on substituting out terms with intermediate solution content u?**~! which
will enable us to complete the comparison principle approach in a similar sequence to the BDF2 case
(Lemmas 6.4 and 6.6). The iteration part of the inequality from the differential discrete EVI result
from [35, p. 16] is not repeated here due to major differentiations of the two schemes (the DIRK2
scheme considers only one 7 time step, unlike two lots of 7 for BDF2). Indeed, the parameter H, (is

hr from [35, p. 17]) is now selected from parameter comparisons (see Lemma 6.7).
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6.2.2 Details of the Proof

The aim is to verify numerical convergence of our discrete solutions, by an alternative variational for-
mulation of our BDF /DIRK schemes, which mainly involves implementing some assumptions including
convexity /semi-convexity, and estimates in similar line to the BDF2 scheme.

From Section 5.7, we assumed semi-convexity of the energy functional, which is necessary for a
well-posed Wasserstein gradient flow problem (17), which implies that we can apply semi-convexity
assumptions for the Yosida-regularised functions given by [2]. Furthermore, we claimed and proved
that a minimiser of a functional is expected to be unique if the stronger convexity condition applies.
Hence by applying stronger constraints on A, for this to be possible, we combined this along with
the defined minimisers for each intermediate/final stage of our schemes to derive discrete forms of the
differential evolution variational inequality (EVI).

This brings us to the comparison principle in relation to the DIRK2 scheme, where we seek to
combine the EVIs, convexity assumptions and also the (118)-(123) and (157)-(160) inequalities to
verify (163) where C is an exponential prefactor, which from (161) clearly implies convergence to a
unique curve of steepest descent for decreasing time step 7.

Indeed, from Section 5, we had used the facts and sums from our minimising movement schemes
and the differential EVI estimates in order to set up some classical estimates on the energy functional

and metric terms, in line with [35, p. 14-15].

6.3 Outline of the Comparison Principle Proof

We give a more detailed outline of the comparison principle proof, and what we wish to analyse:

e Create an estimate on Wa[ul,v}]? — oW, [ull =1, 012,

e Apply the telescopic summation with the estimate to the above point, in order to create an

estimate to C3Ws [uiv, véw]Q - Ws [Ug7 02]2-

e Analyse the prefactors of each term on the right hand side to the inequality. Some terms
are bounded above by zero (energy functionals are integrals of squared terms implying non-
negativity), otherwise with assistance of estimates from Section 5 and another lemma, concerning

a velocity, verifies that all remaining terms are proportional to 7.

Lemma 6.4 gives us the estimate for Wa[ul', v} ]> = Wh[uN =1, ]1]2, using the discrete differential
EVL
We now construct the comparison principle proof, considering the telescopic sum based estimate

from [35]. Firstly, by applying the estimate Wh[ulY, v)/]> — Walu}~1, v)]?, we are then able to use
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the actual telescopic summation from [35]. From this, the aim is to conclude that (162) holds for some
prefactor C' (see last subsection for this) which implies numerical convergence.

The telescopic summation initially provides an estimate dependent on multiple metric and energy
functional terms. From this, we aim to achieve the outcome stated on the previous paragraph by using

the following:

1. Analysing the prefactors (coefficients of the metric and energy functional terms, dependent of
time step size 7) of each term. Are they positive (this may be true for a restricted range
of a only), which hence we can bound above by classical estimates for £(-) (see next point)? Or
are they negative, which hence we can bound those, interacting with the metric terms, above by

Zero.

2. The classical estimates for £(-) have been derived. We derived a number of inequalities on the
energy functional terms, by rearranging the inequalities derived from the minimising movement
schemes i.e. u! minimises ®F ,(ul~', ulT*"';u). Applying iterations and summations which
eventually gives finite upper bounds on £(-), considering the similar initial assumptions (I10)-(12)

from [35, p. 12].

We commence the main body of the comparison principle proof shortly, but first we have some final
preparation steps. To start this off, we create a new estimate, which is a combination of the discrete
differential EVI estimates for both stages, but where the W [uY+4~1 v] term is substituted out. This

is in order to enable us to apply the telescopic sum on an estimate CW,[ul , )12 = Wa[ul, vJ]?, by a

simple working estimate of Wh[ul,v}]? — Wh[uX 1, v)!]?> and summing both sides of the inequality

by CsWs[ul¥ =1, v,];/[]2, for some prefactor C3 and C' = Cflz

Lemma 6.4. The discrete solutions (u?)nen and (UZ,”)meN satisfy

Wg[ujrvwéw]Q - Wg[uiv_l,vf;/[]Q

2(2(1—a)+a(l —2a)A1)T 2(1 = 2a)T
S T S g ywy i ws L Rl Yo g sy p iy et ) (164)
_ 27 g(uN-',-a—l) + 1- 2&(1 - CL) W. [uN—l uN]Q
2(1—a)+ (1 —2a)AT) (1 +arT) 7 a(2(1 —a)+ (1 —2a)A1) 2 o
~ (2(01—a) ta(l —2a)A7) AT W= oM]? — 1 [uN+a—1 N2
2(1—a)+ (1 —2a)A7) (14 arr) 207 0 a(2(1—a)+ (1 —2a)A7) T T
_ 1 Wa[ul =1, o N+a=1]2,

a(2(1 —a)+ (1 —2a)A7) (1 + alr)
Proof. We investigate the estimate ¢™M — ¢V=LM  where ¢"™ = Ws[u?, v,’?]z, with the use of (140)
and (145): For the first part we rearrange (145) in order to substitute Wh[u®,u])? into the estimate,

M.

where we let the reference point u = v,

qN,M _ qN—l,M _ WQ[UN UM}Z _ Wg[uiv_l,vf;/l]Q
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2(1 - 2a)T |~ %01 — a)
) 2l-a)+ (1= 2a)>\7( (Uéw) B 5(UJTV)) i a(2(1 —a)+ (1 —2a)r7) Walu
1+CL(1 —2a)/\7' 1
oGl (i @@= a)+ (1 - 20)\7)
! a—1 2
+a(2(1*g)+(172a))\T)W2[u_]rv+ 7’07]]\/[] .

N-1 N]2
T T

WQ[qu—v_lan]w]Q_ WQ[ N+4a—1 UN]2

IS

(165)

For the next part, we rearrange (140) in order to substitute for Wh[uN+271 4]2 into the estimate
gNM — gN-1L.M {5 (165), where we let the reference point u = 0717\4 . Furthermore, we have simplified
the prefactor of Wa[u =%, v)/]? and have bounded the Wa[uX =1 ulN]? term above by zero since via
(136):

2(1 —2a)(a—1)

2(1 — a) + (1 — 2a)Ar > 2(1 —a) + o

=0.

Hence, we have that, after expansion and simplification:

gV M VLM N M2 [N L M2

2(1 —2a)T 1—2a(1—a)
2(1—a) + (1 - 2a)A7 (E(oy') — ) + 5 2(1—a) + (1 —2a)A7)
1+a(l—2a)Ar 1
a2 —a)+ (1 - 2a)A7) a(2(1 —a)+ (1 —2a)\r)

1

2at ot
T e —a) + (1-20)M7) { oo €)= €@ ™)

1 _ e _
- W(WZ[U?] 17UJTV+ 1]2 - W2[Ujfv 1,%]7\4]2)} (166)

_ 2(2(1 —a) +a(l —2a)A1)T (M) — 2(1 —2a)T (u)
21 —a)+ (1 —=2a)A7) (L4+adr) " 2l —a)+ (1 —2a)A7 " 7
B 27 E(ul+e-1) 1—2a(l —a)
2(1—a)+ (1 —=2a)A7)(L+arT) 7 a(2(1—a)+ (1 —2a)A7)
(2@ =a)+a(l =2a)A7) AT [
2(1 —a) + (1 —2a)A7) (1 + arr) ° “
1

a2 —a) + (1 —2a)A7) (1 + arr)

IN

Wo [u

WQ[u‘Ir\/'fl’U’{]\/I}Q_ WQ[UN%»afl UN]2

+

Walur ™ ug I

1 W
T oT e e e oo LA

Waluld e

and the result (164) is proved. O
Example 6.5. For when a = 1/4, this gives us the estimate,

Walul oM — Wg[uivfl,vflwf

T n
2124+ A71)T M 27 N 167 N—3/4 5 N—1 N12
BrnE ) et T i an flr ) g el e
(12 + AT)A7 N—1 , M72 8 N—3/4 , N2
(3+)\T)(4+)\7') Q[UT ,’Un ] 3+)\TW [u‘r aur]
32 N-1 , N—3/472
G el e

With this main first ingredient constructed, we now go ahead with the proof of estimating the

comparison of two different solutions, via the comparison principle:
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6.4 Comparison Principle Proof

The proof is lengthy with multiple steps, but the idea of the proof is as follows in more detail:

e For comparing the two solutions, which have time step sizes 7 and 7 for each corresponding one,
we introduce a parameter R = % Working with rationals can be complicated, hence the term R

is restricted to the set of natural numbers N to simplify the proof.

o We substitute in the discrete EVI estimates from stage one into stage two. This provides an

estimate on CWs[u®Y — Walul, v)]?, with C' = C; ! representing an exponential prefactor,

Ur 77 }
which tends to exp(2AT) for decreasing time step 7. Then afterwards, we adopt the telescopic

summation as in [35].

e Finally, by applying the fact that some of our energy functional and metric terms, as discussed
from earlier, are non-negative, we have that some of our right hand terms are bounded by zero.
We need to multiply the estimate of CWs[ulY, v)1]2 = Wh[u2, v]? by C to the form given in the

theorem. Here, the exponential form of C' comes into play nicely, since it is strictly positive.

With the fact that metric terms are non-negative and some of the energy functional terms, with
non-positive prefactors, can be bounded above by zero, in view of (32) and (136), along with the fact
that the distance between discrete solutions within the same family e.g. Wa[u =1 u2N] tends towards
zero for decreasing time step size 7, the only main issue with proving numerical convergence is the
mixed discrete solution metric term, which has a non-negative prefactor.

The first lemma rewrites the estimate (166) in a simpler form, with the introduction of two variables,

which are found later to lie between —1 and 1. This will be useful when we attempt to construct

convergent geometric summations for our final estimate.
Lemma 6.6. From estimate (164), the discrete solutions (u})nen and (vy')men satisfy

Wg[uiv,véw] —201—-a)—(1—a(l —a))A7)g-h; 1W2[ N- 1,’0717\/[]2

< 22-a+a(l—a)rr) gTh;lrg(vf,VI) —2(1 —a)g,mEWY) — 2g, A7 E (DY)

1—2a(l —a _ 1 _ 1 _ _
S Uy PR s A PSR ET )

1
here g, = dhy =1+ a\r.
where g 2(1 —a) 4+ (1 — 2a)Ar an taar

Proof. The approach is to rearrange (166) in order to derive an estimate on

Wa[ul¥, v 717\/[} — O3Wa[ulY ,1)7]]‘/[]2, where Cj is also a prefactor of the metric, dependent on a, A and 7,
which tends to one for decreasing time step 7. Using this as the main ingredient, similarly to as seen
in [35, p. 17], via telescopic summation.

Firstly, by rearranging (166) we have the estimate for

"M — CagV M = Wy [ul o) ]2 — CoWa[ul¥ 1, 0)]? (we shall retire the ¢* notation from now on):
2(1—-a) — (1 — 2a(1 — A
Walud, Ug/f]z _ (1—a)—( a(l —a)) A [uN 1, UTJ]\/IF

(2(1—a)+ (1 —2a)A7) (1 + aA7)
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2(2(1—a)+a(l—2a)A7)T 2(1 = 2a)7

~ (21 =a)+ (1 -2a)A7) (1+ad7) (vg) - 21 —a)+ (1 —2a0)\r (u7) (168)
2 ai 1-2a(1 - a) L we
S @O-a)+ (1 -207) 1+ a}\T)g(uﬁ“r s (21 —a) + (1 — 2a)A7) ur ™ ur]
1 a—1 2
Ca(2(1—a) + (1 —2a)A7) Waluy =t u]
1 WQ[UNfl,u]\hkafl]Q,

a(2(1 —a)+ (1 —2a)A7) (1 4+ arr)

which can be rewritten as

WQ[UN,vf?V[}z —(2(1 —a) — (1 = 2a(1 — a))A7) grh- Wy [ul¥ ~ 1,1}24]2

< 2(2(1 —a)+a(l —2a)A7) gTh;lTE(véw) —2(1 = 2a)g,7EWY) — 2, h T EWN T (169)

1—2a(1 _ 1 e 1 _ a
B R N e LN T A

T

1
where g, = 30— a) T+ (1= 2a)nr hry =14 a7, and the result (167) is proved. O

By introducting a new notation Q™™ = HH"Ws[u?,v]"]?, with n € {m € Ny : @ < N} and
m € {m € Ny : m < M} for our Wasserstein metrics, with its corresponding prefactors H, an
estimate on the difference between two final solutions and its two intial datum can now be prepared

i.e. an estimate on H H}"Ws[u? Wa[ul, n] can be constructed in comparison to the prefactor

o'l =
™ Un
of Wa[ul=1,v)1]? from (167). Furthermore, by the same argument as [35], the notation H" is shown

to be an exponential, time dependent prefactor:

Lemma 6.7. The inequality (167) can be rewritten as a resulting estimate for CWalul ,v)]? —

Wo [ug,vn] where C' is an exponential prefactor.

Proof. By defining Q™™ = HIH"Wh[u! QMM

we have that — Q%Y gives the desired form

2
Ur, Uy ] ’
where C = H'H}". By comparing prefactors of Wy from (167), we can define a sufficient expression

for our functional H? etc. as follows:

QN’M _QN—l,JVI _ H7J_VHMW2[U7J_V’UM 2

bl —Hiv_lHéwWQ[u]TV_l vM)?

>

= HYHY Walu op']? = HZ Walu ™! o)) (170)

Ur Uy 7
= HiVH,]?M (Wg[uT 70717\4]2 —(2(1 —a) — (1 = 2a(1 — a))A7) grh. Wy [u® 1,vf7vj]2) )
The idea of the last two terms, is to bound the scaled metric term Q™™ — Q™ %™ via the estimate
(167). To achieve this, by comparing terms from the last two lines of (170), we have the prefactor
HT, H;" set as

L (20—a) (1 -2a(1 —a)A7) g, - h,
He = he = i — (= 2al =) g

and from the left hand side of (170), we have an exponentially dependent form of the Wasserstein

(171)

metric term i.e. when n = N and m = M,

T ) ’I’]

ONM = exp (T)\T +TA )W2[ oM, (172)
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log(H)
—
Since N, M constitutes of the number of time step intervals, which of course increases as the time

where A\, :=

step 7 decreases, we have that

((1 +adr) (2(1—a)+ (1 - 2a>AT>>T/ " (173)

2(1—a) — (1 —2a(1l —a))A7

o (i (U220 0 o200y

lim Y = lim
T—0 T—0

Before the next step, we evaluate from (136) that lim,_,o A7 = 0, verified as a result of the Squeezing

Theorem: since

2(a—1) 2(a— )T
— L <A< ———F— < AT <0 174
(1-2a)T. —  — (1-2a)7. — T=5 (174)
where 7, is fixed, we have that
2(a — 1
lim 2= o 2o, (175)

70 (1 — QG)T* T—0

and by the L-Hopital’s rule, we have that (see Appendix C for workings)

. T (14 aA7) (2(1 —a) + (1 — 2a)A7)

lim —1 = \T. 1

507 Og( 2(1—a) — (1 — 2a(1 — a))Ar (176)
Hence by the limit chain rule, we have that
T/7
. N g (I+art)(2(1 —a)+ (1 — 2a)A7) L B

2 = i (S5 )~ et =ew0D), (17)
and the result of the lemma is complete. O

Now that we have selected the notation H to be in line with the left hand side of our estimate
(167), the difference QVM — Q%9 can be expanded into the telescopic summation, from which we can
begin substituting the estimate (167) for each summation term (the time point indexes will obviously
differ for each one). The omission of non-positive terms, after verifying the prefactors are finite, can

be shown for simplification.

Lemma 6.8. The sequence of discrete solutions (u}})nen and (v)')men satisfy

M
QMM _ Q% < 2(2(1—a)+ a(l —2a)\n) ngnh,;le_V Z HZIRE(UJTV)
m=RN+1
N
+2(2(1 —a) +a(l — 2a) + A7) Tg,h? Z Hfo(nfl)g(vg(nfl))

n=1

N Rn
+2(2(1 —a)+ a(l — 2a)An) ngnhglz Z H"HE(uy)
n=1m=R(n—1)+1

1-2a(l—a) <
+ ————g; Y HIHFOTOW, [l ) (178)

)y Y
n=1

1—2a(1 - a) l &
P, (S0 oy St | apwgag
m=RN+1 n=1lm=R(n—1)+1

where N, M represent the maximum number of time intervals.
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Proof. With the preliminaries set up, the aim is to derive a estimate on

QNM—Q%0 = HN HMWy[ul, v} ]2 = Wh[u, v)]? via the telescopic summation from [35, p. 17], where

T n

we now bound (170), of various indexes, above by (167), which after collecting terms gives us

IN

QN,I\/I _ Q0,0 — H_IJ_VH71]\/IW2[UN U]\/[}Q _ Wz[uo ’UO]2

T Yn T Yn
M N Rn
Z (QN,m _ QN,m—l) + Z (Qn,R(n—l) - Qn—l,R(n—l)) + Z (Qn,m _ Qn,m—l)
m=RN+1 n=1 m=R(n—1)+1
M
21 (21— ) +a(l 2 nghyt S0 HPEWY)
m=RN+1
1-2a(l—a) < al
L2 S O W )P 2 S RO Ve o)
n=1 n=1
M N Rn
—2(1—2a)ng, [ HY > +> > HP | HPEW)) (179)

m=RN+1 n=1 m:R(n—1)+1

M

N Rn
T D VIES v S T
m=RN+1 n=1lm=R(n—1)+1

N Rn N
+2 | (2(1 —a)+a(l —2a)\n) ngnh;1 Z Z H)" — (1 —2a)Tg, Z Hff(”_l) H*E(u?)
n=lm=R(n—1)+1 n=1

N
+2(2(1 —a) +a(l — 2a)A7) Tg h* Z H;LHE("_UE(U,?(”_U)
n=1
M N Rn
1—-2a(l—-a " m m_1 m
A YIS v v e
m=RN+1 n=1lm=R(n—1)+1

N
1
grh;l Z H?H,?(n_l)WQ [u:_z—l7 u?"’“_l]Q

N
1 n n— n+a— n
- Eg'r E HY Hrliz( I)WQ[UT+ l’uT}Q T
n=1

n=1

M

N Rn
1 _ _ _
fagnhnl HN E +§ E H | H'Wylop =t oot
m=RN+1 n:1m:R(n—1)+1

M

N Rn
1
S PR 0D SRS S SRR E) A E R
m=RN+1 n=1m=R(n—1)+1

We can simplify this estimate significantly, shortly, but beforehand we shall verify whether the

prefactors are finite with respect to (136): For a € (0, (1 —+/2)/2), we have that 2(1 —a) + (1 — 2a)\7

and 1 + a\7 are both non-zero hence

0<gr,h ! < oo,

holds for all A satisfying (136) and similarly for when 7 is replaced by n (7 is directly proportionate

to n).

e

20 —a) = (1= 2a(i —a) g, since we have from the assumption (136) that:

From (171), H, =
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2a® —4a+1
(l) 1+CLATE (w,l),

(i) 2(1 - a) + (1 — 2a)A7 € (0,2(1 — a)),

(i) 2(1 —a) — (1 —2a(l —a))A7 € (2(1 —a), 4(11__26;)3>
the numerator of H, hence lies between [0,2(1 — a)] and the denominator of H,, as from (iii), giving
us that H, € (0,1).
Hence, we have that H,, H, € (0,1) and from our earlier statements regarding £(-) and metric

terms, that is these are both non-negative terms that we bound above by zero, thus simplifies our

estimate to
QN,M . QO,O

M
< 2(2(1—a) +a(l = 2a)Mn) ngyh, ' HY Y~ Hp'E(ul)
m=RN+1

N
1—2a(1—
" ac(l a) gr Z H;zHTII%(nfl)W2 [u:rrLfl’ un}Q

n=1 "
N
+2(2(1 —a) +a(l —2a) + A7) g h* Z Hfo(”*l)g(Uf(nfl))

n=1

N Rn
+2(2(1 — a) + a(1 — 2a)\y) ng,h;, " Z Z H"HE(u?)
n=1m=R(n—1)+1
M N Rn
1-2a(1—-a 1 m
R AUZES IR Y S P
m=RN+1 n=1lm=R(n—1)+1

and the result (178) is proved. O

Before moving to the next step, we mention the following corollary concerning the number of time

step intervals N, M for (u})nen and (vy')men, respectively. This assists in simplifying our final proof.

Corollary 6.9. The expression M — RN < R for mazimum time grid intervals N and M for discrete

solutions (u)nen and (v;")meN. Indeed, these are defined as:
N :=max{n:nt <T}, M :=max{m:mn<T}.

Proof. The result M — RN < R from [35, p. 17] is shown first. This gives us, since via definition,

adding another interval to N exceeds the terminal time 7"

T T T
n T T

Hence we have that

and the result is proved. O
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And now we proceed to the final part of the comparison principle proof. In addition to proving that

the Wasserstein metric is finite i.e. %WQ [u"~1, u"]? < oo, our job now is to show that our estimates on

» T
our energy functional terms (see (157)-(159) from Section 5.13) give us an estimate on Q- — Q0.
which is proportional to 7, thus generating our main ingredient for proving numerical convergence of

our discrete solution to the Wasserstein gradient flow problem.
Lemma 6.10. An application of estimates (157)-(159) give us the final result (162).

Proof. The two metric terms clearly vanish for sufficiently small 7. But with the energy functional
terms non-negative, more work is to be done here. By applying some of the estimates on the energy

functional terms, term by term derived from Section 5.12, convergence towards zero is easily proved:

(i) Applying (157) gives us

M
2(2(1—a) +a(l - 2a) + An)ngyhy " HY >~ H'E@WY)
m=RN+1
M 1—2a(1 — a) &
< 2(2(1—a)+a(l—2a)\n) ngnhngiV Z H' | K+ ————~— Z Walu™t u”]?
m=RN+1 2a(1 - 2&)7’ n=1
M
= 2(2(1 - a) +a(l - 20)\p) nK1gyhy, ' HY >~ HP
m=RN+1
1—2&(1—@) —1z7N Z m a n—1 , ni2
“a(l-20)R (2(1 = a) + a(1 — 2a)An) gyh, " H; Z Hy Z Waluz ™", uf]
m=RN+1 n=1
< 2201 —a) + a(l — 2a)\n) TK1gyhy, " HY
1—2a(1—a) —177N ;yRN+1 - n—1 ,ni2
a(l _ 2(1,) (2(1 - CL) + U,(l - 2a)/\7]) g’ﬁh’q H‘r Hn Z W2[u7' 7U'7']
n=1
< 2201 —a) +a(l — 2a)\n) TK1gyhy, ' HY (180)
N
1-2a(l—-a - n—1 ,n
a(l—(2a)) (2(1 = a) + a(l — 2a)An) gyh,, ' Z Waluy ™, uf?.
n=1

where we applied corollary 6.9.

(ii) Applying (159) gives us, when computing the sum to infinity on H, since this lies between (0,1):

N
2(2(1 - a) + a(l - 2a)A7) Tg- bt Y HPHFC=Dg (1)

n=1

N
1—2a(l —
2(2(1 - a) + a(l — 2a)A7) Tg bty HEDEn (K1 + 1=2a(1—a) Wz[vff<”—1>—17v§<"—1>]2)

<
) n=1 2a(1 — 2a)n
N
= 2K;(2(1 —a)+a(l —2a)A7) qu-h;l Z H}]'%(nfl)+n
n=1
1—2a(l —a) N
_ — ~1 R(n—1)+1 R(n—1)-1 , R(n—1)12
WR(Q(I —a)+a(l —2a)A7) g-h; Z H) (n—1) Wz[vn( ) ’Un( ]

n=1
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H
1 n
< 2K (2(1 —a) +a(l —2a)A7) 7g-h; (1—Hf+1>
1—2a(l—a) N
— _ -1 R(n—1)—1 , R(n—1)12
WR(M —a)+a(l —20)A7) g;h7 'Y Walpfin =Dt =2, (181)

n=1
The rational expression from term one in (181) simplifies as follows:

Hy hay (2(1 —a) — (1 - 2a(1 — a))An) "+ glt+!

11— HPT T 2(1—a)— (1—2a(1—a))An) gy (2(1 —a) — (1 — 2a(1 — a))Ay)TTT i+ — I+l

(2(1 = a) — (1 —2a(1 — a)) )" i,
(21 —a) = (1 = 2a(1 — a) ) gt — A

R
(2(1—a)—(1—2a(1—a))An)
( M0 T 2a) A0 ) (1+ aAn)

= (182)

R+1
2(1—a)—(1—2a(l—a)) X
(( ( 2(1)—a()+(1—(2a))\?r]) n)) — (L4 axp)fitt

(14 aly) (2(1 —a) — (1 —2a(1 —a))An) ™ (2(1 — a) + (1 — 2a)An)
2(1 —a) — (1 = 2a(1 — a))M) ™ = (1 4 aAn) B+ (2(1 — a) + (1 — 2a)An) T

since the denominator after simplification is non-zero for all A satisfying (136) (see Appendix D),

hence the first term of (181) converges to zero as 7 — 0.

In part (ii), we applied the fact that H, < H,, since, from (171) and that A <0, n < 7:

_ (I+arr)(2(1 —a)+ (1 =2a)A7) _ (1+aln) (2(1 —a) + (1 —2a)\p)
= (2(1 —a) = (1 —2a(1 — a))A7) = 20 —a)— (1—-2a(1—a)ry) H,.  (183)

We already know that H, € (0,1).
Also, since we deduced that H,, H, € (0,1), we can construct its finite sum to infinity.
Note that the denominator in the last term of (181) is non-zero for assumption (136).

The remarks are applied to part (iii) below:

(iii) Applying (160) gives us, when computing the sum to infinity on H. since this lies between (0, 1):

N Rn
221 —a)+a(l —2a)An) gphy' > Y HPHPE(uD)
n=1m=R(n—1)+1

N Rn
- 1-2a(1 - a) B
1 + n—1 2
< 2Q0-a)tal=2)mnghy >, >, HPT <K1 * el = 2a)r Vel )
n=lm=R(n—1)+1
N Rn
< 2K;(2(1 —a)+a(l —2a)n) ngnhgl Z Z H7"7"’L+’I’L
n=1m=R(n—1)+1
N Rn
1—2a(l—a) . e o
T —2R 201 —a) +a(l —2a)x) g hy S YT HIF W[l
n=1m=R(n-1)+1
N Rn
< 2K (2(1—a)+a(l—2a)\n) ngnhgl Z Z H:;+R(n—1)+1

n=1m=R(n—1)+1
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1—2a(l—a . L
a(l—(Qa)R)(Q( @) + a(1 = 2a)A) gohy Z Z Walu ™, ]

n=1m=R(n—1)+1

N
= 2K (2(1 - a) + a(l - 2a)\n) Tgyhy, ' Y Hp RO

n=1
N
1—2a(l—a B o
a(l—(Za)) (2(1 = a) + a(1 — 2a)An) g,h,, ! Z Walu ™t u")?
n=1
H2
< 2K (2(1—a)+a(l —2a)\n) Tgnh;1 (1}}71%1) (184)
— 1y
1-2(1-q)

N
(2(1 = a) + a(1 — 2a)\n) gyhy " > Walul ™, ull]?.

n=1

a(l — 2a)

Since the rational expression from term one simplifies as follows, using (182):

H? (14 aXy) (2(1 —a) — (1 —2a(1 —a))A) ™ (2(1 — a) + (1 — 2a)\n)

1—H (201 = a) — (1 = 2a(1 — a))An) T = (1 + adn) B (2(1 — a) + (1 — 2a)Ap) T

(185)

which is finite since the denominator after simplification is non-zero for all A satisfying (136). To prove
by contradiction, The denominator is zero if and only if (see Appendix D for workings):

2(a—1)

AT = a(l—2a)’

(186)

contradicting (136) for all a € (0, (1 — v/2)/2). Thus the first term converges to 0 as 7 — 0.
For the below estimate, we apply that

HrHFD <1

)

as a consequence of our definition of this functional.
Thus this gives us when substituting in parts (180), (181) and (184), alongside estimate (183) into
(178):

QN,M _ QOO HNH]WW [ N ]W] WQ[ 0]2

7'7 7]

<2(2(1 - a) + a(1 — 2a)\n) K17g,h, " HY

T

H2
+ 2K (2(1 - a) + a(1 = 2a)An) Tg,h, (1_1;1“1)

1—2a(1 —a) al
— 2 (2[2(1 — 1-2 -1
a(l o 2a) ( [ ( a) + a’( a’))\n g’l’]h’ + gT g
-1 H,
+ 2K1 [2(1 - a) + a(]. - 2@))\T]TgThT W
— 11y
1—2a(1 —a) al
— R (2(1 —a) + a(l —2a)An) gfhng Z Wo [vf(”*l)*l, vf("*l)]z
a(l — 2a) —
1—2a(1 - a) M an

Tl —2a) O HY ) +Z D HY Wyt

m=RN+1 n=1lm=R(n—1)+1
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Our energy estimates are substituted in, but the final barrier to negotiate is whether the
25:1 Wa[u?~1, u"]? terms are finite i.e. can we verify that the total velocity does not diverge to infinity.
We have verified that the metric terms vanish for decreasing time step, but the summation dependent
on the number of time grid points is not guaranteed, due to the number of grid points diverging as
the time step decreases. However, Lemma 5.24 (150) shows this still is true, as a consequence of the
Young’s inequality, semi-convexity conditions and the differential EVI.

Thus we conclude that the estimate of QY- — Q%0 is proportional to 7 which, as a result, tends
to zero for dissipating time steps (see (172)-(177) for how C approaches an exponential constant), and
the comparison principle for the DIRK2 type scheme is proved.

In other words, dividing through by C = HY Hf]W = exp(AT + A\, T) gives
W2[U7J'V7 7] } _01W2[ Ur, 7]]2
1—2a(1—a)

sy (20— @)+ all = 20)x) (g,

§01{2K1 (2(1 —a) + a(l —2a)\n) TgnhngiV +

N
_ H,
+g~r +gq->gn Z :‘ 1 +2K1 ( (1 7a)+a(]. 72(1))\7_) TgTth (1]_{77}%_"_1>
n=1 n

N
R(2(1 —a)+ a(l —2a)AT) g-h Z R("fl)fl,vff(”fl)]Q (187)

1—2a(l—a)
a(l — 2a)

H2
+2K1 (2(1 — a) + a(1 — 2a)\n) Tg,h, " <1H~UR—0—1>
— iy

M

1—20,(1—@) N al i n m—1 _,.mi]2
Y a2 | He YooY DL HY | Wy ’vn]}

m=RN+1 n=1m=R(n—1)+1

SCZTv

where Cs is the max of all prefactors.
Furthermore C; is such that

1 1 1
< <
exp(Art + Ayt) — exp((Ar + A\)T) ~ exp(2A,T)’

since Ar, A\, <0 and A, < A, = C via (183). Furthermore, this tends to exp(—2AT') (see Lemma 6.7

and (177)). This completes the proof of the comparison principle theorem (result (162)).

6.5 Numerical Convergence Proof

With the comparison principle taken care of, we can now proceed to finish the numerical convergence
proof, based on [35, p.18-19]. In other words we now complete the proof of Theorem 6.1.

Again there are several steps to the proof. The main steps of the proof are as follows:

e Using the initial assumption we have convergence of the discrete solution to the limit curve w,.

Since the estimate, from the comparison principle was CW,[ul!, v;']* = Wh[u2, v9]* < K7, where
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K =Cy 1C, then rearranging the inequality and setting 7 — 0 gives the simple result here.
Note that we now replace u, by u,, and another solution v, by u,, (7 is replaced by 7 and 7 is

replaced by 7).

e Taking our known estimates on the energy and the metrics, plus the Young’s inequality, this

shows that the metric derivative was uniformly bounded in L?(0,T).

e Substituting in the estimate EVI from stage one into the EVI from stage two. Hence, by some

manipulation, this showed that the limit curve w, satisfied the EVI in continuous form.

Lemma 6.11. From the comparison principle theorem and as a consequence of assumptions (161),

the values (tr, (t))ren converge in the complete probability space to the limit curve u,(t).

Proof. We can bound the distance between two interpolated solutions by the same value of order ¢,

where o > 0 i.e. when o = 1 and assumption (161):
Wg[ﬂ.rk (t),ﬂ.rl (t)]2 < CWQ[U?.)C,’LL%P +Cr, < C(]. + Kg)’rk = C,y Tk,

where C = (HNH))~" and C, = C(1 + K3).
Hence as 7, — 0, this gives us Wh(u,, (t), 4, (t)] — 0 i.e. the sequence of discrete solutions

(Ur, (t))ken converges to the limit curve w,(t) uniformly for ¢ € [0, T]. O

Lemma 6.12. The metric derivative is uniformly bounded in L*(0,T) and possesses a L?(0,T)-weakly

convergent subsequence with a limit.

Proof. The time discrete solution derivatives (metric derivatives) are assigned in relation to the inter-

polated solution as
We [ﬂﬂc (t — Tk)a Ur,, (t)] _ W [u:};l? u:}k]

!/
t =
i, 1) - et

for t € ((k — 1)7, k7], to show that the metric derivative is uniformly bounded. We must show that
the right hand side is well defined, that is

W, [u:};la u:}k]

<C,

Tk
verified immediately from Lemma 5.24 (150). The result is achieved also by the output of Lemma
5.27, part (i).
Alternatively, parts (ii) and (iii) of Lemma 5.27 provide uniformly bounded metric derivatives with
respect to WaluZ ™1, ul = and WhluZt*=1 ul! |.
Thus, this gives us that the metric derivative is uniformly bounded and this gives us the that
L2-Wasserstein distance between the limit curve at two different time points in [0, 7] is bounded i.e.

has a L?(0,T) weakly convergent subsequence.

This gives us the final result i.e. the limiting curve u, satisfies the evolution variational inequality

(EVI). O
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Lemma 6.13. By combining together the discrete EVI estimates for each intermediate stages, we aim

to verify that, where A-G are prefactors with respect to a,T,\:

A A n 2 A n—1 2
(27 + 2) Walul, u]® — —Walul ™, u)

< E(u) — E(u)) + BWalul~H ul TP+ CW o) o T2+ DWh[ul T ul )P + EWalo) vt

+ EWolu P ul]? + GWa[v) et o2,

given that we have sequence of vanishing time steps (T )ken, and satisfies the integrated form of the

EVI (see [35, p. 5], [41, Sect. 6.2]):

Wl (0,0 = Wl o)l < [ (E0) = £ ) = Wl )l )

Proof. Firstly, by rearranging (144), we have that

1
1+ alt

W2 [ufrhtafl’ u]2 < QCLT

< T (E) — St ) +

(W2 [u2717u]2 _ W2 [u?il un+a71]2) ,

then substituting into (148) gives us in simplified form:

l—-a A n 12 1—2a(1—a) 1 el 1o
((12a)T " 2) Walur,ul” + ( 5a(l —2a)7 _ 2a(l—2a)(1 1 aAT)T) Waluz ™™ (188)
2(1 —a) +a(l —2a)\7 1

— ny _ n+a—1
- (1=20)(1+al7) £(w) —&(ur) (1—2a)(1 + a)7) ()

- : ne1 ynta-ty2 L nta—1 , nj2
2a(1—2a)(1+aAT)TW2[“T U] 2a(1_2a)TW2[uT s ur]
1-2a1—a) ) no1 2
2a(1 — 2a)T 2w ur]

For simplicity we rearrange and substitute (121) into (188) to give us

l—a A n 12 2(1—a)—(1—2a(l —a))A7
<(1 “oa)r © 2> Welur il = = T+ arr)r
2(1 —a) +a(l —2a)M7 n 1 —2a+ a?
= (1 =2a)(1+ aX7) (Ew) = &ur)) = a(l —2a)2(1 + ar1)T
2(1 —a) 4+ a(l — 2a)A1
~ 2a(1 = 2a)2(1 + ar7)T
N (1—-2a(1—a)) (21 —a)+a(l —2a)1)
2a(1 — 2a)%(1 + aX7)T
(1 —-2a)(1+ arr)
(1—-a)+a(l—2a)
(I=a)(1+ad7) AT(1 = 2a)(1 4 aAT)
21 —a)+a(l=2a)A7)7 221 —a)+a(l —2a)A7) T’
Furthermore, we wish to rewrite as

Walur et ur]? (189)

Walu ™t ul]?.

T

Multiplying through by 3 3 gives us for the prefactors of:
T

o Whlu”, u)*:

1—a)(l A A
(-a(+a) A
(2(1 —a)+a(l —2a)A7)T 2
where we work out @ as
AT(1 = 2a)(1 4 arr) A AT

a= 2021 —a) +a(l —2a)Ar) T 2 B C2(2(1—a) +a(l —2a)Ar) T
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Thus the prefactor is written as

(1—a)(1+al7) B AT L2
2(1—a)+a(l —2a)A7)7 2(2(1—a)+a(l—2a)XT)T 2

201 —a)—(1—2a(l—a)) A\t A
221 —a) +a(l —2a)A1)T Ty

e Wy[u?~1 u]?: From simple cancellation:

(I1-2a(1—-a))At—2(1—a) (1 —-2a)(1+arT) (I1-2a(1—a)) A7 —2(1—a)

2(1 — 2a)(1 + a7)T 2(1 —a)+a(l —2a)A7  2(2(1 —a) +a(l —2a)M7) 7T~

(1 —=2a)(1+ al7)
2(1 —a) 4+ a(l — 2a)A1

Thus multiplying through (189) by gives us

2l—a)—(1=2a(l—a) A7 A n 2(1—a)— (1 —=2a(l —a)) AT e
( 221 —a)+a(l —2a)A7) T + 2> Walug, uf? - 2(2(1—a) + a(l — 2a)A1) T p[ul )
<(‘:(’LL) — S(u”) — 1 —2a+ a? W. [un—l un+a—1]2
- T a(1—2a) 201 —a) +a(l = 2a)Ar) 7 LT T
1 nt+a—1 , n2 (1 — 20’(1 — a)) n—1 ,nj2
— mW2[uT+ suy] 2a(l—2a)7 [u? ™" ul]”.

Since Wa[u? 1, u?]2, Wa[ul =t un T~ 112 Whlumte=1 47]? tends towards zero for decreasing time
step size 7 (as k — 00), gives us, when multiplying through by 74 (see Lemmas 5.27 and 6.12),
summing from n = ng(s) + 1 to n = ng(t) (we define ng(r) = max{n : n7py < r} then evaluating as

k — oo:

(Walu (t), u]” = Walu.(s), u]?)

\ . 2(1—a)— (1=2a(1 —a)) I
3 / WQ[U*(T)a u]sz + klggo 9 (2(1 _ a) + a(l — 2&))\7’]@)]C

< / (E(w) — E(un(r))) dr.

201 —a)—(1—-2a(l—a))b 1 '

+ 5 h sult is

2(2(1 —a) + a(1 — 2a)b) 2 and the result is
proved. —

Since A7 — 0 as k — oo (7 — 0), the prefactor
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7 Fully Discrete Forms of Numerical Schemes

Now that we have analysed the DIRK2 scheme, we move on to set out the analysis of the numerical
results of our various BDF and DIRK schemes in the next two sections. We provide a brief explanation
on the spatial discretisation process (this was proposed from [17, p. 9+]) of our schemes. Since
BDF2 to BDF6 schemes are either already investigated or it turns out that they possess no improved
error/convergence rate from the lower order one (only BDF1 and BDF2 schemes are A-stable and have
been demonstrated by articles [17, 35]), we will only review the discretisation for the DIRK2 Scheme
that we have shown theoretical convergence to, plus an example of two higher order DIRK schemes.
We first outline the process, implemented by Diiring et al. [17] in brief, before going into more

detail later:

e Computing L?- Wasserstein distances W, are complicated, particularly when you are considering
a large number of possible redistributions of the first configuration to the second (new) config-
uration. So in one space dimension, the discretisation relies on reformulating the minimising
movement schemes into Lagrangian coordinates in terms of the pseudo-inverse distribution
function:

G:[0,M] — Q,
and its derivative i.e. g = 9,,G, before discretising it with a Galerkin ansatz with piecewise affine
linear basis functions.
Here, the Lagrangian coordinate w = U(x) € [0, M] was introduced where U was the distribution

of density u(¢; ) and conjugate to the inverse distribution function G(t;w).

e This allows us to compute the Wasserstein Distance as the L?-norm of G (see [47]), that is

2

Walus, ua] = (/0 Gh () —GQ(M)%J)

During the reformulation of the scheme into Lagrangian coordinates, the Wasserstein distance

was transformed as the L2 norm of the derivative of the inverse distribution function G:
Walu*,u]® = //[O M]Z(M —mazx(n,1))(g(n) —g* () (g(n") = 9" (")) dndn’.

The solution is later recovered back into Eulerian coordinates by the formula [17, Lem. 2.5], with

k denoting the point on the spatial grid:

k
(g + gr—1)0k . 1
u(zx) = with xp = = 0:(g;i +gi_1)-
R e I IR PSS

e We then discretise in mass space using a Galerkin ansatz (order one) to obtain a fully discrete,

finite dimensional problem.
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e Finally, from the spatial discretisation, the Wasserstein distance in finite-dimensional form be-

comes
n

Walu*,ul® == > ajk(g; — 95)(gr — 97),
k=1

with a; ;, = ay ; where a; , are the entries of a symmetric matrix A. See [17, Lem. 2.6] for details

of each specific entry, which provides us with a quadratic minimisation problem.

e Existence of a unique, discrete solution (well-posed) of the scheme is shown [17, Thm. 2.7]. In

addition, its global minimiser is shown by deriving a priori estimate on the discrete solution.

e With a mass constraint, the Lagrange multiplier A and its associated Lagrangian functional L™

is introduced with ¥ : G}, x G, such that
LT(g*7ga >‘) = \I’T(g*,g) - A (1 - ZAkgk> )
k=1

which is transformed in Lagrangian coordinates (see [17, Lem. 2.3]). In other words, we minimise
subject to the mass constraint and a depends on the BDF scheme, defined in the grid (see [17,
p. 112]). The functional(s) ¥(g*;g) will be derived for each scheme in Section 7.4, but see [16,
Lem. 2.3].

The minimisers g of the Lagrangian functional are charcterised by its critical points (g, \), by

“classical theory of variations” [17]. To find the zeros, Newton’s method is applied.

In our setting, with higher order BDF /DIRK schemes carrying additional intermediate steps, the

T

oL
optimality conditions for (g, A) i.e. Gk = have to be derived for each scheme and stages.

09k

7.1 Lagrangian coordinates

We summarise the transformation of the energy functional (Fisher information) from Eulerian coor-
dinates to Lagrangian coordinates for the DLSS equation (Duering and Matthes [17]). Section 7.3
adapts this to other fourth order nonlinear PDEs.

As in [17], the Lagrangian coordinate w = U(x) € [0, M] is introduced where U is the distribution
of density u(z,t) and conjugate to the inverse distribution function G(w,t). In other words, G is the
inverse distribution function of u, with ¢ = 9,G : [0, M] — Ry and u(x) = 9,U(x). A change of

variable now carried out on the energy functional gives

-t ()

with the Wasserstein distance transformed as from (13), representing the L?-norm of the inverse

distribution function G.
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Note that this is specific to the Fisher information, for the DLSS equation (31), but we can also

consider other examples.

7.2 Spatial Discretization and discretisation of the Wasserstein term

We summarise the ingredients for the spatial discretisation, used by Duering and Matthes [17], to
transform the problem into finite-dimensional form, using a Galerkin ansatz/ finite element in one-
dimensional approach and weight vectors g = (g1, g2, -.-, gn)-

The infinite dimensional variational problems to our inductive schemes are transformed into finite

dimensional problems. As defined in [17, Sect. 2.4], we have

e n mesh points on the spatial grid, with & € [0, n] denoting the specific node.

Mesh Q,, = {wo,w1,...,wn} With wg =0, wi < wit1 and w, = M.

We+1 — We—1

e Single and double gaps: dp = wr — wi_1 and Ay = 5

e Mass constraint

ZAkgk =1. (190)
k=1

e Piecewise, linear functions g : [0, M] — Ry and hat function ¢ : & — R of the form

n
g(w) = ng%(w), where ¢r = g(wk) = gk,
k=1
with the set of these functions defined as the ansatz space.

e The weight vectors g = (g1, .., 9n) with g(0) = g(M) = g,.

Finally, the Wasserstein distance in finite-dimensional form becomes

n

Walu*,ul® = > ajk(g; — 95)(gr — 9),
Jk=1

with a; ; = ag,; where a; ; are the entries of a symmetric matrix. See [17, Lem. 2.6] for details.

7.3 Discrete Energy Functionals

We briefly mention the Galerkin approach for the Fisher information from the DLSS equation and
then for the other equations introduced at the end of Section 3. An alternative approach is shown in
detail in Appendix E, motivated by equation (105) where a = 1/2. Note We work with (105) soon
when a = 1/4 and a = 2.

The function ¢ in the ansatz space of functions satisfies

g(w) = gr(w — wr—1) + gr—1 (W, — w), w € [k, wil. (191)
WE — Wg—1
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7.3.1 DLSS Equation

By the representation of the Fisher information (see [17, Sect. 2.5.2]):

am=§AM<m(D>3w=§g¥ﬂ@ (192)

st/ 1\? ~
Fz[g]:k(_ ) <1+gk1+gk>
3 \gr g1 Ik k-1

Alternatively, (192) gives us
1M Ougw)? "
it =5 ), (Gos) 1e2)

, we have for (193), when transforming into Lagrangian coordinates (see

Since J,9(w) = Ik~ k-1

Ok
Appendix E for workings):
1 1 1 1
Eau) ==Y Fig], Filgl = — (91 — gi— () 194
0 =5 2Pl Fllel = oo (7 - (194)

7.3.2 Thin Film Equation (34)

As explained at the beginning of [33], by Matthes and McCann et al. and [30, Thm. 3.9, 3.10] by
Kamalinejad, the Thin Film equation (34) is a Wasserstein gradient flow of the Dirichlet energy

functional:

1

Euw) = 5 /R (Ou(z, 1))? da,

and transforming into Lagrangian coordinates x = G(w) gives

Then, as we applied for the DLSS equation, the spatial discrete form of this gives us (see Appendix

E for computation) the discrete form of the energy functional as

Ew =5 S FE,  Filel =500 (5 - ) (195)
k=1

7.3.3 Fourth Order Nonlinear Equation (35)

We test/analyse for a = 1/4 and a = 2.
Again, as explained in [30, Thm. 3.9, 3.10], a PDE of the form for some a € R,

dru = —2a0; (u(@, 1) ((u(z, )" 93 (u(x, 1)),
is a Wasserstein gradient flow of the Dirichlet energy functional:

£,(u) = /]R (0, (u(z, ))%))2dz. (196)
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Transforming into Lagrangian coordinates x = G(w) gives

Then, as we applied for the DLSS equation, the spatial discrete form of this gives us (see Appendix
E for workings)

a? < 1 1 1
Eo(u) = 5> Filgl, Filg]:= (9 — g1 ( SatD — 30ati ) : (197)
2(a+1) &= . gk(j ) gk( +1)
Remark 7.1. DLSS and Thin Film equations are obtained as special cases, if a = % and a = 1

respectively.

7.3.4 Fourth Order Nonlinear Equation (36)

The process is repated for the nonlinear equation (36).

We recall the fourth order PDE, from [30, Thm. 3.11):
x ) t
By = — 0, <u8m <8“(;”)>) : (198)

u

which is a Wasserstein gradient flow of another energy functional:

Er(u) = %/R(ax log(u(z, t)))*dx = %/R (aaz (log <g(1w))))2da:
5 (2 (s (5)) 52)

ox
_ LM dug@)\ oz, 1M (Gugw))?
*2/0 ( <g<w>>2) 9" *2/0 T e

Transforming into Lagrangian coordinates x = G(w) gives us (see Appendix E for workings)

Er(u) = 7 Y Filgl,  Fllg= i(gk — gr1) <9i11 - g%) . (199)

7.4 Fully Discrete Euler-Lagrange Equations for BDF Schemes

We summarise the fully discrete Euler-Lagrange equations for BDF1 to 6 schemes, i.e. BDF1 is already
seen by Duering and Matthes et al. [17], but we’ve adapted here for BDF1 to 6 schemes, easily aligned
from the schemes, shown in Section 4. The weight vector g at new time point g" minimises 7 for
each scheme.

The second part introduces the Lagrangian functional with the mass constraint, where we start

to construct the ingredients needed to numerically construct the weight vector minimising L™ under
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constraint for our new time point via the Newton’s method. We will briefly summarise this procedure
for each scheme in the upcoming subsections.

Appendix F-G provides the workings for Gy, for each equation.

With the mass constraint »_,_, Apgr = 1, a Lagrange multiplier A and its associated Lagrangian
functional L™ are introduced with W7 : G, x G}, such that (we derived these schemes in the Euclidean
case back in Section 4.2):

The inductive scheme in the Lagrangian case for the BDFi scheme is [17, Sect. 2.6]

g" € argmin¥7(g",...,g" " g),
geGh,
such that the functional U7 is defined as
1 n 1 n
T ("L ) ) . — g1 Z
BDF1 Scheme : U7(g"~ig) i= 5= > a9 =9/ oo =i ")+ 2 > Fulgl  (2000)
J,k=1 k=1
BDF2 Scheme :
T — — 1 - n-—
V(g g ) = Y aelgy — g5 ok — i) (200b)
jik=1
1 n e 2 1 m
1 aj k(g — 972 (g — g +o > Filgl
Jk=1 k=
BDF3 Scheme :
- _ _ 3 - n—1
V(g g e ) = o D aikle — ) Do — i (200c)
J,k=1
3 - n— 2 1 = n—3 1 &
= 2 aikle — g ok — T+ o= D (e — 07 )k — i) + D Filel.
k=1 k=1 k=1
BDF4 Scheme :
(g g e g )
25 i~ Do ) — i Y agles - Dok~ o) (200d)
T 2T
Jik=1 j,k=1
2 n . 1 n . o n
? Z ajk( _gj )(gk—gk 3) 3 Z CL]Jc(g]—g] 4)(9k_gk 4)+*ZFk[g]
7,k=1 7,k=1 k=1

/] (gn 1 gn—27 gn—37 gn—4’ gn—5; g)
5 — . - _ _
= 2wkl =0 Do — 08T — o D ainles — 0ok — g1 ) (200¢)

Ji.k=1 J.k=1
5 . n—3 n—3 5 - n—4 n—4

o D a9 =9 ok — a7 — g D (e — 9 o — i)

J,k=1 7,k=1

L ( Now— i)+ LY Fulg)
107 3,k\95 — 9; 9k — G o k(8



BDF6 Scheme :

3 n— n— 15 & n— n—
== > il =i o — gt = = D annley — g5 ) ok — 0 77) (200f)
Jk=1 Jk=1
10 - n— n— 15 - n— n—
o D k(e — g ok =0T = - D aink(ey — gy gk — 0T
J,k=1 j,k=1
3 < 1 < 1@
o D a9 = ok — 0T — 5 D aikl9y — g ok — 0T + = D Falel,
k=1 jk=1 k=1

2 1
where a = 6 for the DLSS equation, a = 8 for the Thin Film equation, o = L—;) for equation (35)
a

and a = 4 for equation (36).
Now (200) is minimised subject to the mass constraint [17, Def. 2.4]. To this end we define the

Lagrangian functional:
LT(g*vgv)‘) = \IJT(g*7g) - A <1 - ZAkgk> .
k=1

The minimisers g are given by its critical points (g, A), by “classical theory of variations”. In other

oL” OF OF
words, we set Gy = 0 where Gy = . From this, we require the identities of * and kH,

Agi ogr, Ogr,

varying for each of our equations.

With higher order BDF schemes carrying additional intermediate steps, the Gy results for each

scheme are given in Appendix F.
O°Fylg] O"Filg] O*Frpilg] . O°Friilg]

Furthermore, we also need the entries , ,
’ dgr " AgrOg—1 dgy IgrOgk+1

for the

Jacobian matrix (H;;); k=1,.. .n+1-
We now summarise these for each equation (see Appendix G for workings):

OF¢ OF¢
e DLSS equation: The resulting i8] and i1 (8]
g gy,

are given as in [17, p. 11] from the DLSS

equation:

aw@.l(z 1 %4>

=— ==+ -
99k o \3g%  39p_, 9

w.:1(2 1_9k+1>
dgrv1 Ok \39}  39i. 9k

0’F¢
We take the entries again from the end of [17, p. 11] for the DLSS equation i.e. for :[g]

dg? "’
d 82Fd [ ] k
92Fd 0°F
18] , k+21 8] and h+118 , for the Hessian matrix entries:
09x0gk+1 3gk 09r0gr+1
%W@.2(mm1> OFi,\lg] 2<mﬂl)
dg} AN dg} N (201)
0*Filg] 1( 1 1> PFialgl 1 ( 1 +1>
grgr—1 Ok \ge_1 9/’ Ogrdgki1 Okt \gr1 i)
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e Thin Film equation: For the Lagrangian critical point Gy, when k=1,...,n:

OF[g] _ 1 (3+ 1 _4gk—1>

dgr o \gt gl 4}
99 Okt1 \9% Yo 9 /)’
and we have for the Hessian matrix entries, for k=1,...,n:
OFilgl 1 (20%—1 _ 12) O°Fialg] _ 1 (209k-+1 _ 12)
Ogi Ok 9% )’ dg;, Ok+1 9 w)’ (202)
’Filg] _ 4 ( 1 1) O°Fllg] 4 ( 1 1)
gk gr—1 ok \9—1 9/’ 99k0Gk+1 Orkt1 \Yps1 9i

e Nonlinear fourth order equations (196): For the Lagrangian critical point Gg, when k =

1,...,n:
OFjlgl 1 [2a+1 1 2(a+1)gr
Ogr O 92(a+1) gi(_al—i-l) giaJrg )
OF gl 1 ( 2a+1 1L 2+ 1)gk+1>
o a a 2a+3 ’
T VA R
and for the Hessian matrix entries, for k =1,...,n:

0°Fjlg] 1 (2(a+1)(2a+3)gk_1 2(a+1)(2a+1))

agz = (Sik g’i(a+2) gia+3
Fralel 1 (2@+D2a+3)g  2a+1)(2a+1)
0g? T Skt1 2(a+2) g2a+3 ’
§ % g (203)
O’Filg]  2(a+1) 1 N 1
Ogkgr—1 Ok grtE o gets )
OPFialgl _ 20+1) [ 1 1
09k09k+1 . Oky1 gif{g ia+3 '
e Nonlinear fourth order equation (198): For the Lagrangian critical point Gy, when k =
1,...,n:
OFflgl _ 1 (1+ 1 2gk1>
99k ok \9% G 9 )
8F£+1[g] _ 1 (1 L 29k+1>
g Ok+1 \9p 91 9i 7
and for the Hessian matrix entries, for k =1,...,n:
O°F] 1 /6 2 ?FI (gl 1 (6 2
8] — ( k-1 ) k18] ( gk+1 )
dg? o\ gt g/’ dg? Ske1 \ gr g )’ 01
62F£[g] 2 < 1 + 1 ) 32F£+1[g] . 2 < 1 n 1 >
O9k0gk—1 ~ Ok \gi_, 9]’ O9k0gr+1 k1 \9ppn  Gr/)
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Scheme | BDF1 | BDF2 | BDF3 | BDF4 | BDF5 | BDF6

no| 2| 17 | w7
12 60 60

Table 1: The coefficient 5 of the matrix entries a; from the Hessian matrices, dependent on each

BDF scheme.

In fact, the zeros of G are found numerically by Newton’s method. Hence, we compute the entries

of the Hessian (n 4 1) x (n + 1) matrix (H; ) defined as Hj ; which are

B 19°Fylg] | 10°Frnlg] | .
H; = — — — : =k
ok = Ak + a g} a 0g; J ’
1 O°F
Hy 1= éak_ug + *A s j=k—1,
T a 09, 0gx—1 (205)
1 9°F
Hip1p = éak’kﬂ += k+1g] D i=k+1,
T a 9gr0gk+1
H;; = ik otherwise.
2(a+1)

where o = 6 for the DLSS equation, o = 8 for the Thin Film equation, o = for equation (35)

a2
and a = 4 for equation (36). The partial derivative entries are given from [17, p. 11] for the DLSS
equation, system (202) for the Thin Film equation, system (203) for equation (35) and system (204)
for equation (36). The actual entries are given in Appendix G.

Furthermore, the values of 5, dependent on the BDF scheme, are given in Table 1.

7.5 Newton’s Method for BDF Schemes

As shown in [17, Sect. 2.7] the Newton’s method for the BDF schemes are briefed.

The Newton’s method is an iterative procedure for solving the root of a function. In our case, we
are looking to solve the finite dimensional minimising movement scheme with constraint (190) i.e. the
aim is to apply the iterative method to approximate the weight g™ at time ¢, see [17, Sect. 2.7] for

T

the approach. For the weight vector g := (g1, 92,...,9n) € R™, we solve

(8, A)) = (gD AE=D) — (H[gr gl At gn T gl A1), (206)

where g!*) = g"~! when s = 0. We iterate on s continuously until ||(5g"", 5A(®)||, such that

gl =g +agl, AP = ALY 1 0A),

107



is sufficiently small, with the resulting g(TS) being g”. Obviously, the same procedure is repeated for

each time step up to the terminal time i.e. starting from g&o) :=g" 1 the Newton’s iteration eventually

gives gi¥) = g” and so on.

Note that the above is for the BDF1 case. The procedure is easily adapted for BDF2 and so on to
BDF6. That is

e BDF2 Scheme: The BDF1 computation is first given for earlier time steps g?~2 — g"~! then

(88, A) =(g&~ 1, Al Y) (207)

T T

— (H[gr 2, g0 gl D AU TG gr 2, gr gl Al

T T

e BDF3 Scheme: The BDF1 and BDF2 computations are given i.e. g2 — g"~2 and g2 —

T

gl~1 respectively are first given then

(&7, A) =(g0"~, A07Y) (208)

T T

_ (H[gn73’ g¢72’ g:_zfl; g7(_571)7 )\s_sfl)])flG[gﬁfiS’ gn72, g:_zfl; g7(_5:71)7 )\S_sfl)].

T

e BDF4 Scheme: The BDF1 to 3 computations are given for earlier time steps i.e. g =% — g?~3,
gh=3 — g2 and g" 2 — g" !, respectively are first given then
(8, A1) — (gD, A7) (209)
= —(Hgr gy % gy g gl VA TGl e g er gl AT
e BDF5 Scheme: The BDF1 to 4 computations are given for earlier time steps i.e. g > — g4,
gh=t 5 gn=3 gn=3 5 g2 and g" 2 — g" !, respectively are first given then
(89, A1) — (gD, A7) (210)
=— (Hlgr " gr g gt AT TG gl g gl AR,
e BDF6 Scheme: The BDF1 to 5 computations are given for earlier time steps i.e. g => — g4,
gh=t —gn=3 gn=3 5 g2 and g" 2 — g" !, respectively are first given then
(85, A8)) — (gl Al Y) (211)

=— (H[g? % g% gt gl AT TG gt g Y AR

T T T

7.6 Fully Discrete Euler-Lagrange Equations for the Two Stage Runge-
Kutta (DIRK2) Scheme

The process is as in Section 7.4 but for the DIRK2 scheme. We shall work with the DIRK2 scheme

(64) from Section 4.4. Firstly, we work with the scheme for the earlier intermediate step u?+e~1.
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By applying [17, Lem. 2.3] we have an almost identical inductive scheme in terms of g"~!, for stage
one, apart from the fact that ¥7(g"~!, g), from (200) is of the form 1 Wj[u*, u]*> 4+ &(u), due to the
time step size being just 1/a of the original.

From [17, Sect. 2.6], the inductive scheme in the Lagrangian case for each stage is

Stage One : g"™* ! ¢ argminW¥s (g™ he); (212a)
geGh,
T - 1 - n—1 1 -
WEa(g" ) = — D ainle — 0ok —gi ) + — > Filel,
at a
J,k=1 k=1
Stage Two : g" € argmin¥; , (g nta=l gn=1.g). (212b)
geGy,
o 1-2a(1 —a) &
o7 n+a—1 _n—1, P X . " _ an—1
52(8 8" 8) Sa(l — 2a)7 j;l a (95— 95 gk —gp )
S e Y- g+ LS Rl
2a(1 — 2a)T fymd 7 J k o=

where Fi[g] and « is given, dependent on the PDE in question, with this being distinguished by (194)
for the DLSS equation, (195) for the Thin Film equation, (197) for equation (35) and (199) for equation
(36).

From [17, Sect. 2.6.2], we can consider the mass constraint fOM g(w)dw =1 in our minimiser g™ if

we introduce a Lagrange multiplier A and the Lagrangian functional
LT(gn_17 g; )\) = \Ij(gn_lv g) - )‘<1 - Z Akgk>u
k=1

with the critical point (g, A) satisfying Gx = G,41 = 0 such that, for any intermediate time steps
S ( . 172‘5):

e Stage one:

1 - —_ 1 8Fk[g] 1 8Fk+1[g]
G = — ; C— gt - — AA
R ;: ajk(g9; —g; )+ P + - 3o ks
Gn+1 =1- E Akgk; k:].,...,n.
e Stage two:
2(1 —a) 1 = 1—2a(1 — a) « _
Gy = _ gnta—1 ted Sl V) ) o n—1
g (1 =2a)7 \ 2a(1 —a) ; a;k(9; = 9; )~ 2a(1 — a) ;:1: aj k(g5 — 97 )

1 OF[g] = 10F; g
—_ _l’_ —_
a Ogg a  Ogg

G7L+1 = I_ZAkgk7 kzla"'vna

— Ay,
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where a = 6 for the DLSS Equation, a = 8 for the Thin Film Equation, a = 2@+ (a € R\{0}}) for

a

equation (35) and a = 4 for equation (36).
Remark 7.2. The notation Fi[g], Fi11[g] above refers to either F¢[g] (DLSS equation) or F{[g] (Thin
Film equation).

The Newton’s method can be introduced for finding an approximation to G[g"~!;g, A], achieved

by the entries of the Hessian matrix H[g" '; g, A], which is as (205), with Hy ,,4+1 and Hy, 11,11, as

stated in [17], but 8 = 1 (stage one) or B = {=£ (stage two).

Example 7.3. By choosing a = 1/4 for the second order scheme from (9.2), the critical point of the

Lagrangian for stage two is

1 0F]g] +l OF11(g]

3 8 i n73/4 5 = —1
G, = § ) . _ E ) ) n
k gl 2 CL],k:(.gj 9, ) 3 2 aj,k(gg 9; ) |+ D Do

7.7 Fully Discrete Euler-Lagrange Equation for the Three Stage Runge-
Kutta (DIRK3) Scheme

The process is as in Section 7.4 and 7.6 but for the DIRK3 scheme, from Section 4.5.

7.7.1 Scheme One

We move on to working with additional intermediate time steps, using the scheme (82)-(84) from

Section 4.5.1. Hence, in our case now, the finite dimensional schemes for each stage are [17, Sect. 2.6]

Stage One : g" 7! ¢ argmin\I/;l(g"_l; g); (213a)
geGhy,
T n—1 1 - n—1 n—1 1 =
V3.(8"58) =5 > ajrlgi— g ok —gp )+ =D Felgl,
aT o
J,k=1 k=1
Stage Two : g"t71 ¢ argminlllga(g”*'cl_l,g"_l;g); (213b)
geGyy
Ui, g" )
. c1+co —4eieo - o a1 ntei—1
o 2cq (60%62 - 46162 —c+ CQ)T j%—:l a]’k(gj gj )(gk 9k )
€14 ca —4ecrea —2¢1(1 —3c¢1)(1 — 1) - 1 -1 1 —
(g — g™ s ZN°F
2¢1(6¢2cy — dejea — 1 + ¢2)T j%—:l 45,495 9 Mok =g )+ o kZ:l Klel

n+ci—1 n—1

8" 8); (213c)

Stage Three : g" € argmin¥j , (gnte=—t,

geGYh,

Uia(g" gt g g)

g
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Cl(]. — Cl)(l — 361)2

= s . n+cza—1 _ n+tca—1
(26162(361 — 2) -1+ 02) (3(61 —2ci1c0 + (32) - 2) T e J,k(gj 9; )(gk 9 )
Y71 N Ys N
7 8
+ > ajrles —gr T N ge — gt + =D aikles =i )k —gi T
J,k=1 J k=1
1 n
+ = Fk[g}v
«
k=1

where y7 and yg is given as (85) from Section 4.5 and Fy[g] and « is given, dependent on the equation
in question, with this being distinguished by (194) for the DLSS equation, (195) for the Thin Film
equation, (197) for equation (35) and (199) for equation (36).

As explained earlier for already implemented schemes, the critical point of the Lagrangian is

e Stage One: For minimiser u?+¢171 i
1 < . 1 OF:[g] 1 0F g
szi . -—nl —_ - —>\A kzl... .
k CIT;%,k(gJ g )+ T ko ( -0
e Stage Two: For minimiser u?*°2~1 is
c1+cp —4cier nter—1
Gy = — =
k c1[6c3ca — 4erca — ¢ + o) T z; 9; )
461624-261(1—361)(1—61 —C1 —Co n—
Z ajr(9; =95
c1(6¢3ca — 4ercag — ¢ + e2)T
1 8Fk[ ] 1 8Fk+1[g]
— — —AA k=1,...,n).
+ o 8gk + o 891: k> ( ) 7”)
e Stage Three: For minimiser «7 is
G, — 2(}1(1 — 81)2(1 — 301)2 zn: _  n+tca— 1)
k (6c3cy — 4crea — 1+ ¢a) (3(er — 2¢102 + ¢a) — 2) (¢ — e2)T 9j

2y7 n+c 2y8 n—
+ D ainle —gi T 1)+7Z%’, (g, =90 ")

N laFk[g] N laFkH[g] — M, (k=1,...,n),

with the Newton’s method carried out on the optimality condition after finding the following entries
of the Hessian matrix H[g"; g, A], again given as (205), where 8 is, for k=1,...,n

2(1=3c1)(1—c1)
60%02 —4cicp — 1 + o

661(1 — Cl)(l — 02)
3(61 - 26162 + 02) — 2

,  Stage Three :

1
Stage One: —, Stage Two:
C1
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7.7.2 Scheme Two

The process is as in Section 7.4 and 7.6-7.7, but for the main example for DIRK3 which we use only
for our numerical results.

Now for the second example of the DIRK3 scheme constructed as (95)-(97) from Section 4.5.2, of
which this was formally published in [48] and easier to compute to our minimising movement scheme.

Hence, from here now, the functionals W7 ; as part of the finite dimensional schemes for each stage i

are
Stage One : g"™* ! ¢ argminW; (g e); (214a)
g€eGh,
n 1 n
Wia(g"hg) = o D k(g — gy Dok —gi ) + = D Falgl,
a1 T [0
7,k=1 k=1
Stage Two : gt~ 1 ¢ argmin\Il;Q(g"*“l*l,g"fl;g); (214b)
gGG"
n
\P§72(gn+a1717gn71. — 2a - Z 7g;1+o¢1 1)(gk 79}7;-5—&1—1)
1 7,k=1
1 _Bl - ) n—1 n 1 F
oo D aik(e — 97 ok — Zk
aiT
J,k=1
Stage Three : g" € argmin¥j 5 (gntee—l gntoa—l gn=l. o) (214c)
geGyhy,
/8 n
_ _ _ 3 _
g’g(gn-‘r(xz 17gn+a1 l’gn l;g) = 5o Z aj,k(g' _g]n—i-o& 1)(gk: _g'ITCL—i-a'z 1)
1 k=1
a1f2 — B1Bs
+ MBS ey — g (g g )
! dik=1
af — o1 (B2 + B3) + B1Bs SPT
+ ] > ajrlei— 97 gk — g7 ) + = > Falgl.
nT G.k=1 Q=

As explained earlier for already implemented schemes, the critical points of the Lagrangian con-

cerning the minimising movement schemes are as follows:

e Stage One: Minimiser u”+t*1~! satisfying
1 OF[g]

1 o 1
N, e 1 L “AAe, k=1,
ot jz::la],k(gj g] ) + o 8gk + o agk ks ( ; 7”)7

e Stage Two: Minimiser u”T*2~1 satisfying

B« Lo 5
1 1 1 — F1 1
Gr:= - ajulg—git ) Z%k 9 )
9T T
J=1

10F[g] | 10Fki]g]
a gy a  Ogy

—)\Ak, (k‘:l,...,n),
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e Stage Three: Minimiser u} satisfying
Bs - - a1f2 — P13 =
Gr =D ajle; = gf 7T+ == D aiuley — i)
1 —
Jj=1

N o2 — a1(ﬁ2a;53) + 515 > ainlg; =957

1 8Fk[g] 1 8Fk+1[g]
_ + —
a Ogy a  Og

Jj=1

- A, (B=1,...,n),

with Newton’s method carried out on the optimality condition after finding the following entries of

the Hessian matrix H[g" ;g \], given again as (205), where 3 = a% for all stages.

7.8 Fully Discrete Euler-Lagrange Equation for the Five Stage Runge-
Kutta (DIRK5) Scheme

Last but not least, as in Sections 7.4 and 7.6-7.7 but for the DIRK5 scheme of fourth order.

Next, we move on to working with more additional intermediate time steps, using the scheme

(101)-(105) from Section 4.6. Hence, in our case now, the Lagrangian functionals as part of the finite

dimensional schemes for each stage are

- 9 n o 1 n
Stage One: U7, (" "g) == > aju(g; — 95 ow —gi™") + — > Filal, (215a)
Jrk=1 k=1
Stage Two : U7 »(g "*3/4,g”*1;g) (215Db)
e 3/4 n— 3/4 2 © n—1 ¢
- Z aj k(g Yok =i ) == > agrley =97 Doe — g8+~ > Filel,
j k=1 7,k=1 k=1
Stage Three : Wg,3(g”_l/4,g”_3/4, g" g (215¢)
8 « n—1/4 n—1/4 84 - n—3/4 n—3/4
=5 > amley =g e =g+ o= D annley — 0T g - g
25T . 25T .
J,k=1 J,k=1
26 e 1 o
~ 98- > ajrlei— 97 g —gp ) ngk[g]
Jk=1 k=1
Stage Four : U] ,(g" /%0, gn~1/4 gn=3/4 gn~1g) (215d)
15 < n—9/20 n=9/20y 25 1/4 1/4
) DR e [ A B D DRIV (R [ Ay
J,k=1 J,k=1
89 « n-3/4 nos/ay 8 - BT I
+ o O (e — Mg — g% = 7o D ke =97 o — g + — > Filel,
jk=1 k=1 k=1
Stage Five : U] ;(g" /2 g" /20 gn=1/4 gn=3/4 gn=1 g (215¢)
170 & ~1/2 12, | 275 - 9/20 n—9,/20
= > ke — gy ok =0T+ T DT ainles — ) ok — gl )
Jik=1 Gok=1
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103 < 1/4 14 37 «— ~3/4 ~3/4
— = > il — g gk — g - = ajn(g; — 9 o — g
127 . 67
J,k=1 7,k=1
4 & _ 1 <
g D ankley — g ok — i) + Y Falgl
Jk=1 k=1

As explained earlier for already implemented schemes, the critical points of the Lagrangian con-

cerning the minimising movement schemes are as follows:

e Stage One: Minimiser u”~*/* satisfying

4 . 1 OF[g] = 10F; g
T j;am(g] )t o O o og

7>\Ak, (k}:l,...,’n),

e Stage Two: Minimiser u¢71/4 satisfying

8 — n— g
Grim =Y aualey— g z 7
j=1

1 0F[g] n 1 0F11]g]

—AA k=1,...
a 8gk o 8gk ks ( i an)a

—9/20

e Stage Three: Minimiser u, satisfying
16 S n+ao 1 168 n—‘,—(x 1 52 . n—
7 951 Zajvk 9 =9 " Z ) - ﬁzaj,k(gj —Y; 9
j=1 = j=1

1 0Fy[g] n 1 0F11]g]

— Ay, (k=1,...
a agk a agk k)7 ( Y 7n)7

e Stage Four: Minimiser v/ /% satisfying
15 — 9 20 " 7 1/4 89 < n—3/4
Gy I:EZaj,k(gj*QJn / 347_Z gV )+ﬁzaj,k(gj*gj / )
j=1 j=1 j=1
1 OFk[g] | 1 0Fy1lg]
— — — — A k=1,...
17T Za] k( 9 D+ a Ogi T Agx, CER peeam)

e Stage Five: Minimiser u”*! satisfying

340 n—1 2 275 g 0/20, 103 < n—1/4
Gri=—=2=> ajkl(9; — g / Zaa, /20) ~ o 2 k(95— 9] )
=1 i=1
37 n 3 4
— 3, aak(g g +*Z%k 9; ")
j=1

1 JF[g] +18Fk+1[ 8]

— A k=1,...
a Ogy a  Ogy B veeeah)s

with the Newton’s method carried out on the optimality condition after finding the entries of the

Hessian matrix H[g"™; g, A], from (205) for each scheme, where 8 = 4 for all stages.
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7.9 Newton’s Method for DIRK Schemes

The process is as in Section 7.5, but for the DIRK schemes mentioned in Sections 7.6-7.8.

Before we outline the numerical results, here is an outline of the Newton’s method, which was
already applied for the BDF schemes, but now for the three DIRK schemes shown in this section,
again see [17, Sect. 2.7] for the approach:

e DIRK2 Scheme: For each time step 7, we apply two iterative processes, one per stage.

n—1
T )

— The first iteration corresponds from stage one, constructing g"t*~! dependent on g

that is

(867 A0) = (g0 A1) — (h1lgs g ) g gAY

where gSO) := g"~! and the iteration eventually provides g&s) = gnta-l,

n+a—1

— Then the stage two Newton iteration provides the discrete solution g7 dependent on g7

and g" !, that is

(8, A) = (g8, AFY)

. (H[gnfl’ gnJrafl; gﬂ(rsfl), )\‘(rsfl)])flG[g;r_Lfl7 g:+a71; gs_sfl), )\ﬂ(rsfl)]7

T T

(s) . 4n

0 _ . . .
©) nta=l and the iteration eventually provides g;” := g™.

where g+’ (=g

e DIRK3 Scheme: For each time step 7, we apply three iterative processes, one per stage.

n—1
T 3y

— The first iteration corresponds from stage one, constructing g”*t*1 =1 dependent on g

that is

(&, A1) = (g~ A7) — (H[gr gl AT TG g gl ALY,

where ggo) := g"~! and the iteration eventually provides g(TS) =

— Then the stage two Newton iteration provides the discrete solution g"T*2~1 dependent on

ghte1=1 and g"~1, that is

(8%, AF)) — (g, ALY

- _ (H[gn—l,gn+a1—l;g7(_s—1)’ A&s—l)])—lG[g‘rrz—l7g7z+a1—1; g'(rs_l)7 /\(Ts—l)L

T T T

(0) n+o;—1

where g,/ 1= g7 ) ntoz—1

and the iteration eventually provides ggs =g’

— Finally the stage three Newton iteration provides the discrete solution g? dependent on

gntor—l gntaz=l and gn=1 that is

(&, A) — (8, A )

=— (H[gy ', gpto! grtoe—ligle=l) A=V 1G[gn!, gnton =l gntee—l gls=h) \(s=1],

T T T T

(s) .

© ntez=1 and the iteration eventually provides g;”’ := g”.

where g+ 1= g7
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e DIRKS5 Scheme: For each time step 7, we apply five iterative processes, one per stage.

— The first iteration corresponds from stage one, constructing gf_S/ 4 dependent on g?~!

T 9

that is

(g A)) = (gD AE=D) — H[gr gl ATt gr gl A,

T T

‘(1'0) = n—1

g~ and the iteration eventually provides g(TS) = gf_S/ .

where g

— Then the stage two Newton iteration provides the discrete solution g?il/ 4 dependent on

n—3/4 n

g and g"~ 1, that is

(8, A8)) — (g™, AL Y)

T T

=~ (Hlgy gl /gl D AL Ggr g gl AR,

T T )

where gi‘” = gZ‘B/ * and the iteration eventually provides g&s) =gl
— Then the stage three Newton iteration provides the discrete solution g?_u/ 20 dependent
on g?_1/47 g?_3/4 and g" !, that is

(8, A1) — (gl A7)

T T

— _ (H[g?il, g:_z+73/4’ g¢71/4; g7(_571)7 )\S_Sil)])ilG[gzil, g:_173/4’ g¢71/4; g‘(rsfl)’ )\S_sfl)]’

where ggo) =gy ~1/* and the iteration eventually provides g(TS) = ngn/ 20
— Then the stage four Newton iteration provides the discrete solution gf_l/ 2 dependent on

gr % g g and g7, that is

(€ A) — (g, D)
== (Hg g gl AT TG g gD A,

go) _ g;z—n/zo

() ,_ gn-1/2

where g and the iteration eventually provides g;”’ :=g

— Finally the stage five Newton iteration provides the discrete solution g” dependent on

g V2 gm0 gl g3 and gn 1, that s

(g'(rS)7 /\'(rS)) - (gg—s_l)) /\S-S_l))
= gy gt gl AT TG g gl AT,

0) . yn—1/2

where g/ :=g (s) .

and the iteration eventually provides g’ := g7.
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8 Numerical Experiments

In this section, our aim is to conclude on whether we obtain a more accurate, effective scheme based,
for example, on higher order BDF and DIRK schemes. Does this create a better approximation to our

final solutions u(x,t) of our fourth order nonlinear PDEs and is there any significant effect?

8.1 Analysis for BDF Schemes

Having introduced higher order BDF schemes up to order six, derived with similar features from before,
we shall compare the time evolution of our numerical solutions for each scheme before investigating
the effects of the convergence rates in the L?-norm and the error over time step sizes for each scheme.

The plots are first shown for each BDF scheme for the DLSS and Thin Film equations, see Figure

5.
Numerical Convergence L2-error - DLSS equation Numerical Convergence L2-error - Thin Film equation
5 Various BDF schemes and numerical order p Various BDF schemes and numerical order p
10” T 10° ‘ T
107
107°
o
510
=
107" ——BDF1 (p=1.0088) 107 —=—BDF1 (p=1.0227)
——BDF2 (p=2.011) —o—BDF2 (p=2.0068)
8 BDF3 (p=2.0069) 8 BDF3 (p=1.9649)
10 —=—BDF4 (p=2.0204) 107¢7 —+— BDF4 (p=1.9805)
BDF5 (p=2.0169) BDF5 (p=1.9776)
9 ) —=—BDF6 (p=2.0169) 9 ‘ ) ——BDF®6 (p=1.9853)
10 & -7 -6 10 8 7 -6
10 10 10 10 10 10
Time step size 7 Time step size 7
(a) Numerical Convergence L? Plot - DLSS equation (b) Numerical Convergence L? Plot - Thin Film equation

Figure 5: Numerical convergence rates for various Wasserstein gradient flow BDF schemes for the

DLSS (31)) and Thin Film (34) equations.

Clearly, the difference between the second to sixth order BDF type schemes are small or none i.e.
they have the same order of convergence which is two. So despite considering additional information
i.e. discrete solution at previous time steps and increased order of accuracy (see Section 4 for details), it
does not improve the error and numerical convergence rate compared to the BDF1 and BDF2 schemes,

which are A-stable only. In other words, the BDF2 to BDF6 plots have approximately second order

convergence only.
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8.2 Analysis with DIRK Schemes

Now we consider more challenging multistep schemes, using the diagonally implicit Runge-Kutta
(DIRK) schemes of second, third and fourth order, which we have constructed also.

We present numerical results for five higher order BDF schemes plus three examples of diagonally
implicit Runge-Kutta schemes consisting of two (63)-(64), three (95)-(97) and five stages (101)-(105),
from Sections 4.4-4.6, respectively. Also, despite fixing with one initial condition per equation, we
analyse how we could maximise the smoothness of our equation(s). All schemes were implemented in
MATLAB.

Before we start, we shall gather some hypothesis for our results: For our error over the time step
size, we would expect this to decrease as the step size decreases. With additional solutions at previous
time steps to be computed for higher order schemes, as well as higher order of accuracy, the error should
be smaller for the higher order BDF and DIRK minimising movement schemes (59) when evaluated
over the time step size 7. And finally, smoother initial conditions e.g. continuously differentiable of
high order, should lead to increased numerical order of convergence.

The DIRK schemes (59), are of second to fourth order of accuracy respectively compared to the
original implicit Euler (BDF1) scheme.

We run several codes before producing the numerical convergence L? plots for each scheme on one
graph, to compare their rates over a varying time step size 7 before we construct several plots for the
numerical solutions, with appropriate initial conditions for each, as time t progresses. We have and
will be constructing plots for several diffusion equations, as set up in the last section. Furthermore,
our plots contain the numerical order of convergence p for each scheme in the legends box.

We also present plots for the Thin Film equation (34) plus equations (35) (where a = 1/4 and 2)
and (36) but alternative initial datums are considered, in accordance with [22, p. 29], from Griin and
Rumpf, and [31, p. 1569], from Kim, respectively. Note that the parameters for the DLSS equation are
considered as from [17], but on the other hand, we also summarise additional investigations on how
the smoothness of each equation is affected by variance of parameter m and its respective numerical

orders of convergence.

8.3 Results for DLSS Equation

Considering the parameters mentioned in the last paragraph, see Figure 6 for plots, we briefly mention
the features of the final solution from the DLSS equation. For our final solution u(z,t) (as seen in the
results section in [17] and Figure 6) two local minima develop. Inevitably, each scheme proposed of
varying order, constitutes an identical final solution w(z,t) when transformed back from Lagrangian
to Eulerian coordinates.

For the DLSS equation, we consider the datum from [7, 17, 28]. We shall use N = 100 step intervals
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with 7 = 1078 (increasing over time, see Figure 13) as the time step size, T' = 5 x 10~° as the terminal
time, as used in [17] when plotting the L%-error plots, with € and m verifying the initial datum and
equations considered. We will consider the same terminal time, grid points and initial time step size
for the other equations, although with different initial conditions and parameters m and e (see figure

titles for these).

Solution of DLSS equation Numerical Convergence L2-error for the DLSS equation
Wasserstein gradient flow DIRK5 scheme Initial Condition: ”u(")=eu+(°°s(” x))2m
. Initial Condition: uu(x)=cos16(7r %)+0.001 m=8, e,=0.001, Numerical Order p
10 \ . . . . 7 S—— .
m F— =1 0®
t=1x107
107 —t=5x10"
= —t=2x10"
z —t=6x10"
107 1
=1
=2
[5)
w
1073+ 1 ——BDF1 (p=1.0088)
—e—BDF2 (p=2.011)
DIRK2 (p=2.0042)
~o—DIRK3 (p=2.6584)
10 ‘ ‘ ‘ ‘ ‘ ‘ ~+—DIRKS5 (p=3.0534)
0 0.2 0.4 0.6 0.8 1 1.2 108 107 108
Space x Time step size 7
(a) Numerical Solution (b) Numerical Convergence L? Plot

Figure 6: Error vs time step 7 for various Wasserstein gradient flow BDF plus DIRK schemes and the

solution for the DLSS Equation (31)).

Furthermore, we investigate how the smoothness of our initial condition affects the convergence
order. From hypothesis, smooth functions should provide a similar order from the Taylor expansion
format. The varying initial conditions with respect to parameter to m is shown here along with the

table of numerical orders per scheme.
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Initial Condition u 0{x)=c052m(7r x)+0.001

for the DLSS equation

100 T . . . T
—m=2
——m=4
m=8
—m=12
S 401 ——m=20}
xn10 m
=1
c
iel
=
=
S10%¢
10—3 i 4 .
Q 0.2 0.4 0.6 0.8 1 1.2

Space x

Figure 7: The smoothness comparisons to the initial conditions of the DLSS equation for varying m.

m | BDF1 | BDF2 | DIRK2 | DIRK3 | DIRK5

2 1.006 | 2.0938 | 1.9965 | 2.4014 2.384

4 | 1.0089 | 2.0165 | 2.0038 2.687 3.0209

8 | 1.0088 | 2.011 | 2.0042 | 2.6584 | 3.0534

12 | 1.0073 | 2.0273 | 1.9899 | 2.5781 | 2.9261

20 | 1.028 1.992 | 1.9987 | 2.4635 | 2.8383

Table 2: The numerical order of convergence for the DLSS equations from variance of m from initial

condition.

The initial conditions has greater smoothness for the middle parameters and less for the smallest

and largest m.
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8.4 Results for Thin Film Equation

We consider the initial datum

ug(z) = % (tanh (m — EZ/%G) - tanh( R 1:3/256) )

an approximation of the piecewise hat function from [22, p. 29], see Figure 8 for plots. From the
numerical convergence plot, we observe that the improvement of the numerical convergence error for
higher order schemes are more significant for decreasing time step i.e. the plots are converging as the
time step increases. Furthermore, the numerical solution violates the minimum principle for small time
before the formation of a local minima at time ¢t = 1 x 10~°, until the solution settles to a steady state

as time progresses.

Numerical solution of Thin Film equation with Initial Cond.

. 2 . - -
u,(x)=1/2{tanh((x-97/256)/0.0785)-tanh((x-159/256)/0.0785)+0.2) Numerical Convergence L -error for the Thin Film equation
Wasserstein gradient flow DIRKS scheme with numerical order p and initial condition
100 ! 9 2 ! . u O(x):1/2(tanh((x—Q7/256)/0.0785)—tanh((x—1 59/256)/0.0785)+0.2)
=1
C
2 —t=0
3 —t=1x10°
@ t=1x10"
_ -4 —s—BDF1 (p=1.0227)
t=5x10 5 ——BDF2 (p=2.0068)
107 ——= T t=2x107 S DIRK2 (p=1.9766)
—t=6x1073 ~o~DIRK3 (p=2.6221)
. . . . 10715 . _| —= DIRKS5 (p=3.0979)
0 0.2 0.4 0.6 0.8 1 108 107 107
Space x Time step size 7
(a) Numerical Solution (b) Numerical Convergence L? Plot

Figure 8: Error vs time step 7 for various Wasserstein gradient flow BDF plus DIRK schemes and the

solution for the Thin Film Equation (34).

Furthermore, we investigate how the smoothness of our initial condition affects the convergence

order, as we did for the DLSS equation.
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Initial Condition
u 0{x)=1l2{tanh((x-97/256)/m)-tanh((x-1 59/256)/m)+0.2)

for the Thin Film equation

Solution u(x,0)

0 0.2 0.4 0.6 0.8 1
Space x

Figure 9: The smoothness comparisons to the initial conditions of the Thin Film equation for varying

m.

m BDF1 | BDF2 | DIRK2 | DIRK3 | DIRKS

0.03 | 0.9917 | 1.3794 | 1.487 1.6955 | 2.2052

0.05 1.0051 | 1.8084 | 1.7656 | 2.1334 | 2.7444

0.0785 | 1.0227 | 2.0068 | 1.9766 | 2.6221 | 3.0979

0.1 1.0078 | 2.0261 | 2.007 2.8726 | 3.4375

Table 3: The numerical order of convergence for the Thin Film equation from variance of m from

initial condition.

The initial conditions has greater smoothess for increased parameters, from the convergence error

results.

8.5 Results for Nonlinear Equations 1

Now for other unfamiliar equations with the initial datum considered for the best possible approxima-

tion (higher numerical order of convergence and lower consistency error). Firstly for (35) when a = 2
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(see Figure 10 for plots), that is
Opu(z,t) = —40, (u(z, )0y (u(x, 1) 0% (u(z, t))?)).

Again, the numerical convergence error and rates are more significant for decreasing time step 7. In
comparison to the Thin Film equation, by changing a from (35) to a = 2, the scheme has a significant
numerical convergence rate for the higher order DIRK5 scheme, although the error, e.g. if you carefully
observe at time step size 7 = 1 x 1078, is much higher for the this equation than Thin Film, hence a
significantly smaller time step would be required for this fit to be more suitable for this PDE. Here the
minimum principle is once again violated with the formation of two local minimas for small enough
time, before settling to a steady state as time progresses.

Numerical Convergence L>-eror for 3,u = -43_(u3, ud?u?)

Numerical solution of 9, u=-48, (ud, (ur‘}zuz)) with init cond.
xoox X with numerical order p and initial condition

Uy(x)=1/2(tanh((x-97/256)/0.2)-tanh((x-159/256)/0.2)+0.2) uy(x)=1/2(tanh((x-97/256)/0.2)-tanh((x-159/256)/0.2)40.2)
‘Nasserstein gradien’f flow DIHII(S scheme 10-2 . .
0.6 /\ —t=0
—t=1x10"
05 t=1x107 107 F /
0.4 m —t=2x10"3 )
= —t=4x10"° N 1
33"03 —t=8x10"° = 10
& ?
5 = 108
o]
Do 1 —=—BDF1 (p=1.0766)
10710} ——BDF2 (p=1.8466)
/ \ DIRK2 (p=1.9417)
—o—DIRK3 (p=2.66)
) ‘ ‘ ‘ . . 102 , —— DIRK5 (p=3.3186)
0 0.2 0.4 0.6 0.8 1 12 107® 107 1077
Space x Time step size
(a) Numerical Solution (b) Numerical Convergence L? Plot

Figure 10: Error vs time step 7 for various Wasserstein gradient flow BDF plus DIRK schemes and

the numerical solution for equation (35) when a = 2.

8.6 Results for Nonlinear Equation 2

Again for (35) but for a = 1, see Figure 11 for plots:

Ol 1) = — 50 ((ula, )02 (ule, ) 14).
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. . P) . 34,2 1/
Numerical solution of 8, u=-1/28, (ud, (u y4r‘)§u1"4)) with init cond. Numerical Convergence L” error: §, u=-1/2 9, (u8, (u Bfu ¥

uy(x)=1/2(tanh((x-97/256)/0.0785)-tanh((x-159/256)/0.0785)+0.2) with numerical order p and initial condition
up(x)=1/2(tanh((x-87/266/0.0785)-tanh((x-159/256)/0.0785)+0.2)
-2 . i

Wasserstein gradient flow DIRK5 scheme

1007 10
107 ¢
=
= o
S :‘6
s 3 10°
5 —1t=0 3
3 —t=1x10"*
t=5x10"* 3 ——BDF1 (p=0.9824)
—t=1x10" 107 ——BDF2 (p=2.0053)
—t=5x10° DIRK2 (p=2.0219)
10 = —t=5x10"2 | —e—DIRK3 (p=2.9044)
‘ 1610 ‘ DIRK5 (p=3.8651)
0 0.2 0.4 0.6 0.8 1 1078 107 106
Space x Time step size r
(a) Numerical Solution (b) Numerical Convergence L2 Plot

Figure 11: Error vs time step 7 for various Wasserstein gradient flow BDF plus DIRK schemes and
the numerical solution for equation (35) when a = 1.

The significant effect on the numerical convergence error/rate is high between the BDF1 scheme
and the higher order schemes. The convergence rate is improved for schemes of order two and above,
but deteriorates for BDF1, in comparison for the previous equation. Furthermore, the numerical
convergence error is improved, but not as efficient for the Thin Film equation. For the numerical
convergence plot, the minimum principle is also unsatisfied but no local minima is observed for small

time. As usual, the solution settles to a steady state as time progresses.

8.7 Results for Nonlinear Equation 3

Finally, for the equation given in [30, Thm. 3.11, p. 561], see Figure 12 for plots:
Oyu(z,t) = —0, (u(m,t)@m (%&%’;l)) .

It is inevitable from the numerical convergence plots that there is no benefit to electing the DIRK2
scheme rather than BDF2, in fact the latter has a slightly better rate. The scheme has a significant
convergence rate as the time step decreases i.e. the plots slightly converge for increasing time step. On
a positive note, the numerical convergence error for this equation is as good as the Thin Film equation,
and also the convergence rate is better here also. As for other equations, the numerical solution has
no local minimum and the minimum principle is unsatisfied for small time and the solution settles to

a steady state over time.
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Numerical solution of 8' u=-ax(uaf(ax w,uz)) with init cond. Numerical Convergence L2-error for a. u=-()x(uaf(()xufu2))

uu(x)=tanh((x-97!256)18)-tanh((x-159!256)!B)+0.1 with numerical order p and initial condition
Wasserstein gradient flow DIRK5 scheme u, (x)=tanh((x-97/256)/8)-tanh((x-159/256)/8)+0.1

107
0.13026 1
0.13024 1
:_;: —%(/ o 3
= 0.13022 - %
c =4
Ke] —1t=0 ?
= =]
2 01302t —t=1x10"° = 1
D -5
t:5X1U_4 ——BDF1 (p=1.0068)
0.13018 —t=1x10 1010 ~o—BDF2 (p=2.0072)
—t=5x10"" DIRK2 (p=2.0053)
——DIRK3 (p=2.8451)
0.13016 | . . . o2 ‘ —o—DIRK5 (p=3.1477)
0 0.2 04 0.6 0.8 1 1077 108
Space x Time step size 7
(a) Numerical Solution (b) Numerical Convergence L? Plot

Figure 12: Error vs time step 7 for various Wasserstein gradient flow BDF plus DIRK schemes and

the numerical solution for equation (36).

8.8 Time Step Variance for Time Progression

Furthermore, the numerical computations are expensive in time, however the significant impact of the
approximation occurs at the beginning and the “propagation” of the solution slows as time progresses
i.e. the solution tends towards a steady state hence we can gradually increase the time step size 7
across every time step. For the numerical solution plots, the relation between the time and the time

step size is given as in Figure 13, see [22, p. 29].

The increase of the time increment (step size) r as time t progresses

016 1

Time step size (7)
o o o (=] o
5 o o ©2 o o
= (3] o -t n =

o
o
)
T
!

0 1 2 3 4 5 6
Time (t)

o

(a) Time step size over time

Figure 13: The relationship between the time point and the time steps, applied for each iterative

procedure for our numerical solution plots.
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In fact the k-th time step T} is the summation of the time-increments (time step sizes 7;) evaluated
priori to each case i.e. Ty := Zf:o Ti.
Remark 8.1. From the summary of the Newton’s method in Section 7.5 (BDF schemes) and Section
7.10 (DIRK schemes), the time step size 7 should be generalised in our case now, i.e. should be 7, for

time step T} and then monotonically increasing for the next time step size i.e. 7 > T,_1-

8.9 Numerical Convergence Summary

The numerical convergence L? error plots, where we considered the mesh ratio o := na, expectedly
gives a higher error for increasing time step size and for the BDF1 scheme, which has a limited order
of accuracy. This backs up our initial assumptions that a higher order scheme produces a significantly
smaller error than the already constructed BDF1 scheme.

As predicted, it also shows that the error and numerical convergence rate for the BDF2 schemes is
improved in comparison to the original BDF1 type scheme. But there is no improvement for BDF3 to
6 schemes of order three to six respectively, which are not A-stable.

On the other hand, the two stage Runge-Kutta type scheme error is significantly smaller in com-
parison to all the considered BDF schemes. However, considering two schemes of identical order of
accuracy of two, the BDF2 and DIRK2 schemes, the numerical order for the DIRK2 scheme is not
necessarily superior to BDF2, despite the prior consisting of intermediate stages. Stage one of the
DIRK2 scheme only has order of accuracy one, hence ruling out the second stage of being second
order, when combining both stages which may be a contributing factor to deteriorating the numerical
order result (see Figures 6, 8 and 12). Also note that from the same figures plus Figure 10, see below,
the DIRKS5 scheme of order four shows only an approximate numerical order of three, which is likely
contributed by the recent statement but potentially by weakly chosen parameters. In fact, Tables 2
and 3 with respective initial condition Figures 7 and 9, give an improved numerical order for smoother
plots.

Also, from the figure in [17, p. 956], our new schemes show better convergence rates, for the
temporal discrete scheme, in comparison to the fully implicit finite difference scheme. With the semi-
discretisation for time taken care of, the overlying issue regarding the spatial discretisation is to be
investigated i.e. the numerical convergence L? error over the mesh size h was significantly worse in

comparison to well-known fully implicit finite difference and backward time central space schemes.

8.10 Energy Functional Dissipation

But more importantly, from the numerical approach, the scheme sees the energy functionals (32)

dissipate monotonically over time for all our schemes, as shown, for example, the DLSS equation in
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Figure 14. Except for the fact that this is proved theoretically or analytically, for BDF2 (see [35]) and
DIRK2, this is despite being unable to directly verify that this was monotonically decreasing:

Also, from our findings, the L-stable Runge-Kutta type schemes of higher order provide the best
fit in comparison to the BDF schemes of up to order six.

Hence despite the theoretical challenges of verifying numerical convergence of gradient flow type
PDEs, the two plots we have published practically, and numerically, demonstrate not only numerical
convergence (see all figures) of our sequence of discrete solutions, but also the geometric behaviour of
our solution (the density u(x,t)) obeys the gradient flow structure at the discrete level, implying a
well-posed solution to our problem for a wide range of higher order nonlinear diffusion equations.

On the other hand, despite our successes with the DLSS equation, there still lies many limitations,
when it concerns the intention of investigating other PDEs of similar order, including the fact that
our energy functional term admits a limited range only hence further work is needed to consider other
equations that could be investigated in future.

In other words, we have only demonstrated the theoretical numerical convergence proof for non-
negative energy functionals £(-). Furthermore, as stated earlier in the subsection, and from the con-
clusions by Diiring et al. [17], weaknesses of our schemes are dominated by the spatial error, which is

work to be carried out also.

Fisher Information Ef dissipation over time
for the DLSS equation

Energy functional Et dissipation for the Thin Film
equation over time

33 - 4.5 !
—BDF1 2cheme —BDF1 Scheme
aol —SBE§ Sc:eme ~——BDF2 Scheme
cheme 4t DIRK2 Scheme |
31t ——DIRK2 Scheme _
DIRKS Schome DIRK5 Scheme
—— DIRK5 Scheme
W 30k —DIRK5 Scheme 35} |

Fisher Info,
n N
[e5] w
Energy (Et)
w

27 2.5
26
2 [
25
24 ‘ ‘ : ‘ ‘ 1.5 ‘ ‘ : ‘ ‘
1 2 3 4 5 6 1 2 3 4 5 6 7
time (1) x107® Time (t) x107°

(a) Energy functional dissipation for the DLSS equation (b) Energy dissipation for the Thin Film equation

Figure 14: Dissipation of the energy functional £(-) over time for various BDF and DIRK schemes.
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9 Summary

As the three main outcomes from the thesis (see the end of Section 1.3) are covered, we summarise all

the key points and findings of the thesis:

9.1 Main Findings

The variational form of the classic minimising movement scheme, with basic assumptions on our energy
functionals and Wasserstein metrics, successfully verifies the numerical convergence of our discrete
solutions for various forms of diffusion equations of fourth order with strong nonlinearity.

It is clear that the numerical error improves considerably for increased theoretical order and the
number of intermediate stages (i.e. from DIRK schemes) of applied schemes.

The numerical order of convergence improves from increasing order and stages, however it is good
to point out that this is not fully guaranteed for schemes of similar order but various stages (between
BDF2 and DIRK?2) as we can see clearly, but the improved error from the DIRK2 scheme in comparison
is clear to verify, if not in the odd cases (see Figure 12(b)) it is not worse. However, we have found
that the errors considered across a wider range of orders of our time step 7 (we plotted across at least
two orders of 7) normally minimises this issue which you would normally expect.

It is worth to point out that we have considered for BDF1 and BDF2 and have constructed the
schemes for BDF3 to 6, however as you might have noticed from the final plots, it is not practical to
investigate for higher order BDF schemes, however results justify that we can improve approximations
further from DIRK schemes of higher order with smooth enough initial conditions, hence justifies the

selection in our numerical results.

9.2 Future Work to be Carried Out

And finally, there are some limitations to point out. Firstly the psuedo-inverse for the Wasserstein
metric is only useful in one space dimension, secondly our spatial discretisation is only applied for a
maximum of fourth order, and not for sixth order equations of similar structure.

More relevant to our contribution, the convergence proof from the BDF2 scheme is well compatible
for the DIRK2 scheme. Although it would be much more complicated, since there would be additional
stages to work with, there is potential for this being extended to DIRK3 and DIRKS5, particularly that
we can work with the similar facts and assumptions on the energy and Wasserstein metric. Possible

limitations with the extension would be the ability to generalise the intermediate time steps, where

our theoretical order of convergence was only proven for a € (0.127 1_2‘5) but the fact that we would
work with multiple intermediate steps may balance out this issue.
Finally, this was not considered for this thesis, but some work had already been attempted previ-

ously on extending to higher space dimensions. See articles [8], [11] from Carrillo et al. for details.
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Appendix

Appendix A: Derivation of BDF3 to 6 Schemes - See Section 4.1

e BDF3 Scheme: Taylor expanding u, ("), u, (t"~2) and u, (t"~3) about t = t" gives

2 3
wr (1) = up () — 7O (1) + %8t2u7.(t”) - %Eﬁ’uf(t") +O(rh, (216a)
3
ur (772) = up (E7) — 27 0yur (") + 2720%u, (1) — %afuT(t”) +O(, (216b)
n—3 n n 97_2 2 n 9T3 3 n 4
ur(t"77) = ur(t") — 30 (") + 7@ ur(t") — 75} ur(t") + O(7%). (216¢)

For this to be third order, we wish to eliminate the 72 and 73 terms, which are possible by

calculating 9(216a) — §(216b) + (216¢) = 0, giving us the resulting equation:

Tl (87) — 18u, (8" 1) + 9u, (772) — 2u, (") = =67V, E(ur (1)) + O(7).

Thus, replacing u(¢") by its approximate u and similarly for other time points, gives us the
BDF3 scheme (41).

For the minimising movement scheme, we introduce the inductive scheme, now with another

intermediate step to the BDF2 scheme:

and the minimiser u” gives us

2
— ((a +b+c)u’ —aul ™t —bul? — cu:“?’) = —Vn,&(uy),
-
which satisfies the BDF3 formula (41) if a = %, b= —% and ¢ = %. Hence, this gives us our final

scheme (45).

e BDF4 Scheme: Taylor expanding u,(t" 1), u,(t""2), u,(t""3) and wu, (t"~*) about t = t"
gives

72 -3 A
ur (") =uL (1) — 7O, (1) + ?8fuT(t”) - Faf’uT(t") + ?483117(15”) +O(7%), (217a)

3 4
wr (E72) =y (t7) — 270uy (t7) + 2720%u, (t") — %GE’UT(t”) + %afuT(t”) +0(7%), (217b)
2 3
wr (£773) =, (t7) — 3rdu, (t7) + %afuf(tf) - %afuf(tz) (217¢)
4
" 2787 Opur(t") +O(r"),
n—4 n n 2 n 32T3 3 n
ur(t"7%) =ur (t") — 470ur (") + 8705 u, (1) — Opur(t™) (2174d)
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4
32; O (") + O(+%).

_|_

For this to be fourth order, we wish to eliminate the 72, 73 and 7% terms, which are possible by

calculating —16(217a) + 12(217b) — 18(217¢) + (217d) = 0, giving us the resulting equation:

25w, (") — 48u, (1" 1) + 36u, (1" 2) — 16u, (1" %) + 3u, (") = =127V, E(u. (t")) + O(77).

Thus, replacing u(¢") by its approximate u! and similarly for other time points, gives us the

BDF4 scheme (42).

Then we introduce for the minimising movement scheme:

n.,__ . T(, n—1 n—2 n—3 n—4
wr = argmin @7 (ul} ™ ul S ul 7wl TN ),
uE'qu(Q)
a b c
T(,, n—1 n—2 n—3 n—4, L n—1 2 n—2 2 n—3 2
OF (ul ™ ul S ur T ulr ) = ;WQ[uT ,u +;W2[u7 U +;W2[u7 , U

+ §W2[u2_47 u]2 + g(u)v

and the minimiser u” gives us

2
- ((a +b+c+du —aut —bul? — cu 3 — duf_‘l) = -V, &(ul),

which satisfies the BDF4 formula (42) if a =2, b= —2, c = 2 and d = —%. Hence this gives us

our final scheme (46).

BDF5 Scheme: Taylor expanding u, (t" 1), u, (t"72), u, (t"3), u, (t"~*) and u,(t"~°) about

t=1" gives

72 -3 A
ur ("N = ur(t") — 7O (") + 363u,.(t") - Faf’uf(t?) + ﬂafuq.(t") (218a)
T du () + O(+")
120" T
n—2 n n 292 n 4T3 3 n 27—4 4 n
ur(t"7%) = ur(t") — 2700 (") + 2770 u (t7) — Tat ur(t") + ?@ ur(t") (218b)
475

- EafuT(t") +0(7%),

972 973 2774
ur (t"73) = u (") — 310, (1) + %afuT(t") - %8{?1&(1?") + 8T O, (t) (218c)
8175 . n 6
- Wat“r(t ) +0(),
n—4 n n 2 n 327-3 3 n 327-4 4 n
ur (") = wr (") — 4r0ur (") + 8707 u (1) — 3 Oy u, (t") + 3 Oy u.(t") (218d)
12875
- O (") + 0(°),
n_5 " " 2572 " 12573 4 " 62574 4 n
ur(t"7°) = u(t") — 570u (t") + 5 Ofur(t") — Oy ur (t") + o Oy u(t") (218e)



6257
24

Ofur(t") +O(1°).

For this to be fifth order, we wish to eliminate the 72, 73, 7* and 7° terms, which are possible
50 25
by calculating 25(218a) — 25(218b) + 3(2180) - Z<218d> + (218¢) = 0, giving us the resulting
equation:
137u, (") — 300w, (") + 300u, (t"2) — 200u, (t"~3) 4+ T5u, (") — 12u, (t"°)
= — 607V, & (ur (t")) + O(°).

Thus, replacing «(t™) by its approximate u? and similarly for other time points, gives us the

BDF5 scheme (43).

Then we introduce for the minimising movement scheme:

n.__ : T(, n—1 n—2 n—3 n—4 n—>5,
Ur = argmin (I)S (u'r yUr Uz U U u)7
uEPar ()
BT ("L um 2 3t 5y = aW n—1 12 bW n—2 12 CW n—3 12
4 (uT yUr Uz U UL U) T ; 2[“’7’ ’ u] + ; 2 [u‘r ’ u] + ; 2 [U’T ’ U]

and the minimiser u” gives us

((a+b+c+d+eu? —aul —bul? —cul 7 — dul™* — eu? ) = =V, E(ul)),

NN

which satisfies the BDF5 formula (43) if a = %, b= f%

gives us our final scheme (47).

BDF6 Scheme: Taylor expanding u, ("7 1), u, (t"72), u, ("73), u, (t"~1), u, (" ~5) and u, (t" )
about t = t" gives
3

n—1 n n 7—2 2 n T
wr () = s (t7) — T (¢ )+—a u(t7) = =

86ur(t") +0(r"),

4
O3u, (1) + %43;%(75") (219a)

5
- 1208t5 ur (") +

720
n—2 n n 202 n 47-3 3 n 27—4 4 n
ur(t"7%) = ur () — 270 (") + 27707 u (E7) — ?at ur (") + 78,5 ur(t") (219b)
47° 5 n 470 6 n 7
- ﬁat ur(t") + EatuT(t ) +0(7"),

277'

n—3 n n 97—2 2 n 97-3 3 n 4 n
u(t"70) = u () — 3T0pu(t )—&——c’?tuT(t ) — 7@ ur (") + Oy ur (") (219¢)
8179 . 817 .
= ST + S0 () + O,
3 4
U () = (87 — Ay (") + 870%ur () — D2 BPu(t7) + S2T u, (¢7) (219d)

1287— N

2567
Mur(t") +O(77),
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U (75) = (1) — 570 (1) + 22 02 (1) — 2257 g3 (1) + OB ey (2190)
= O B 1) + 2 g, (1) + O,
144
ur (1"70) = wu (") — 670u, (1) + 187207 u, (") — 367300 u, (") + 54740} u, (1) (219f)
32;” (1) + S22 08 (47) + (7).

For this to be sixth order, we wish to eliminate the 72, 73, 74, 7° and 75 terms, which are possible
by calculating —36(219a) + 45(219b) — 40(219¢) + 42(219d) — 28(219¢) + (219f) = 0, giving us
the resulting equation:

147w, (") — 360u, (" 1) + 4500, (t"2) — 400u, (t"~3) 4+ 225u, (t"~*) — 72u, (t"°) + 10u, (t"°)
= — 60TV, & (ur (t™)) + O(77).
Thus, replacing u,(t") by its approximate u! and similarly for other time points, gives us the
BDF6 scheme (44).
Then we introduce for the minimising movement scheme:

n.__ : T n—
ul := argmin ®F (v, u
u€PM ()

and the minimiser u” gives us
2
- ((a+b+ec+d+e+ flul —aul ' —bul 2 —cul? —dul ™" —eu™® — ful %) = =V, E(u?),

which satisfies the BDF6 formula (44) if a =3,b=—-1, c=1 d=-2 e=2 and f L

Hence this gives us our final scheme (48).

Appendix B: Non-positivity of Wh[u""!,u"]* from Equation (153) in Lemma
5.24

We selected € = % for proving non-positivity of the Wy[u? =1, u?+t~1]2 term:
By substituting this choice into the Wa[u”~!, u"]? term gives

5 2a%2 — 10a + 7 a(l —2a)(2a® — 6a + 3)
(a( )1+2a(1—a) 1+ 2a(1—a)

w) Wi e

where we wish for this to be non-negative if, by setting an estimate on A:

a(l — 2a)(2a® — 6a + 3)
1+ 2a(1 —a)

2a% — 10a + 7
1+2a(l—a)

Ar > 1-2a(l—a) (221)
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a(l —2a)(2a® — 6a + 3) - > 1+ 2a(1 —a) —2a(1 —a)(2a® — 10a + 7)
1+ 2a(1 —a) - 1+ 2a(1 —a)
1+2a(1 —a) —2a(1 —a)(2a% — 10a +7)
a(l — 2a)(2a? — 6a + 3)

= AT >

However, from the semi-convexity condition on A, see (136), the inequality (221) holds providing
that

1+2a(1—a)—2a(1 —a)(2a> —10a+7) _ 2(a—1)
a(l — 2a)(2a2 — 6a + 3) 1—2a

&1 > 2a(a—1) — 2a(a — 1)(2a* — 10a + 7) + 2a(a — 1)(2a* — 6a + 3)

(222)

<1 > 2a(a —1)(4a — 3).

which holds for all a € (0, 15/2).

In addition, from (136) we set A < 0, thus our approach is only existent if
—2a(1 —a)(2a®> —10a +6) +1 <0,

which is only true in our case for all a € (6, 1-— g), where @ =~ 0.12.

Appendix C: Proof of Exponential Prefactor (176) - See Lemma 6.7

(14+aA7)(2(1 —a)+ (1 —2a)A7)
log
2(1—a) — (1 —2a(1l —a))A7
7/T
to 0/0 (indeterminate form). Therefore, we apply L-Hopital’s rule, which gives us

Rewriting as , we have that as 7 — 0, the expression tends

aX(2(1 —a)+ (1 —2a)A7) + (1 — 2a)A(1 + aA7)

I T (L +arr) (21 —a) + (1= 2a)A7)
4 lim T Al —2a(1 —a))

=0 2(1 —a) — (1 —2a(l —a)I7)

ar(2(1 —a)) + (1 —2a)N) (2(1 —a)) + 22(1 — a)(1 — 2a(1 — a))

_
=7 4(1 — a)?

2aA(1 —a) + (1 —2a)A + A(1 — 2a(1 — a))

2(1—a) = AT

= T

Appendix D: Proof of Result (186) from (185) - See Lemma 6.10

The denominator of (185) is zero if and only if

21 —a)— (1 —=2a(1l —a))Anp=(1+aln)[2(1 —a) + (1 — 2a)An)
=2(1—a) — (1 —2a(1 —a))An = 2(1 — a) + (1 — 2a)\n + 2a(1 — a)A\n + a(1 — 2a)(\n)?

= — A\ +2a(1 —a)\n = (1 — 2a)\n + 2a(1 — a)\n + a(1 — 2a)(\n)?
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=2(a — 1)y = a(l — 2a)(\n)?
2(a—1)

ay= 2872
A a(l — 2a)

Appendix E: Finite-Dimensional Form of our Energy Functionals - See Sec-

tion 7.3

By implementing the discretisation process provided by Diiring et al. [17], as we summarised in Section
7.2, we achieve the finite-dimensional forms of our energy functionals for each of our equations, we
have provided numerical results for. The computations are given in the order as included in Section
7.3:

Proof of equation (194), Section 7.3.1:

Ea(u) =

N | =
Mﬁ

Wi 1
ik _gk—1)2/ dw

wey (kW = wi—1) + gk—1(wk, — w))*

=1
n 1 W
~5 2 ko — a0

(gr(w — wik—1) + gr—1(wr — w))3 lwy_,

1 1
57 (gk - 9k71) ( )
51%9/?5—1 5k9k
1 1 1

Proof of equation (195), Section 7.3.2:

[ (gt ()

@\»—l»

S| =

HMﬁM:

—_

T 64

i)
&

Il
| =
>~
AN
MR

15 /wk (95 — gr—1)* 5 duw
2= Ju s o7 (gr(w — wi—1) + gr—1(w — w))®
> R ey e sy L
- _é kz:; Sp(gr — gr—1) - RO —:gkq(wk — )" :’;1
= ééﬁ(% — gk—1) (921_11521 - g;flé,%)

I
ool —
[]=
| =
—
Q

ol

|

N

ol

L
N~—
7 N

1 1)
G G/

Proof of equation (197), Section 7.3.3:

QZ/

(Bt ()
Wr—1 Ok gr(w — wi—1) + gr—1 (W — w)
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—q2 i/wk (9x — gr—1)* gRa+ N
ke Y Wk—1 5]3 (gk;(w — wk_l) + gk—l(wk _ w))2a+3

(7% 1
2 2a+1 2
= 5 — _ d
a kE: /w W 9k — gr-1) (@ = wr 1) F gr 1 (n — w))?aT3 w

17/ Wk—1
CL2 n 1 Wk
_ 52941 (g — g, ]
2(a+1) ,; e (9 = ge) (g (w — wr—1) + gr—1(wk — w))2@+D lwy_y

a? ~ 1 1
=) 6 gk — gr-1) -
2(a +1) Z k 92(,“1“) 5i<a+1> gi(““) 5]:;<a+1>

k=1
a? "1 1 1
=—<> —(9x—9r-1) . .
2(a+1) ; Ok gi(flﬂ) gi(aH)

Proof of equation (199), Section 7.3.4:

k=1
) ;kZ e _5‘%“)2 e
= ;]; w:kl Sk (gr — gr—1)" - (e (@ — e 1) ‘:gk—l(wk - w))sdw
- _i k_; 09k — gr—1) (Gr(@ —wn 1) ‘:gk—l(wk — )2 ::71
= i;ék(gk—gk—l) <913_1151%_ 52) ikz:; 9k = Gk—1 (9131_1 _glg)

Appendix F: Critical Points of the Lagrangian, Gy - See Section 7.4

The critical points of the Lagrangian are given as follows for each BDF type scheme:

Lo 1 0F[g] 1 0Fi1]g]
BDF1 Scheme : Gy == > a,.4(g; p P o8
cheme : Gy =— Z%k(ga )+ o dgy * a  Ogg "

BDF2 Scheme : Gy :i(z %aj,k(gj — g}l*l) - Z S0 x(95 — g;L 2))

— —AA
o Ogy a  Og ks
11 18 - n—1 9 - n—2
BDF3 Scheme : Gy ~6r <ﬁ ;aj,k(gj —9; ) — 11 ;aj,k(gj —9; )
2 ¢ -3 1 OFy[g] | 10Fy41[g]
— :(g; s - — —AA
T = i#(95 = 9 )) + a Ogy a  Ogy ks

25 /48 & no1y 36 e
BDF4 Scheme : Gy = ( 3 Zaj,k(gj -9 1) - — Zaj,k(gj —9; 2)
=1
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16 — _— 1 OFy[g]
+%Zlaj,k(gj*9j 252%k =9, ))Jr& o
=

1 0Fk41g]

—AA 223
« 3gk ko ( )

137 /300 «— _ 300 w— _
BDF5 Scheme : Gic === (T5= Y ajule; =9/ ™) = 5= D agulg; —977)

607 \ 137 <
Jj=1
200 75 — .
137 5.k(9; an 3) 137 a;k(gj —9; 4)
j:l j=1

1 8Fk[g] 1 8Fk+1[g}
137 Za] b B g] )) + E agk + & 8gk B AA]ﬁ

49 /120 & o1 150 & n—2
BDF6 Scheme : Gy = 207(49 ;aj,k(g —gr N - 7;‘”%(9]'_9] )

400 & oz, 75
+EZ k(gi—9; ") — 19

Jj=1 j=1
24 & . 10 & -
+—Zaj,k(gj —g7 ") - 7Z(Ij,k(gj —g; 6))
19 & 147 2

1 8Fk[g] 1 8Fk+1[g}
_ + = —
a  Ogy a  Ogk

where a represents two for the DLSS equation, eight for the Thin Film equation, 2(‘&1), for a € R\{0}

a2

for equation (35) and four for equation (36).

Appendix G: Ingredients for the Critical Points of the Lagrangian and Hes-

sian Matrices - See Section 7.4

We have the calculations already for the DLSS equation, from [17, p. 11]. We have the calculations

for the following equations:

e Thin Film equation (34): The computations for the Lagrangian critical points, when k =

1,...,n:
OF! [g] 1 ( 1) 4 1 1 4 4gr_1
B = () 5 = -
gk or \9r_1  9r orgy Skgi_1  Okgi | Okgt  Ongp
1 /3 1 4gp_1
5 (4 T T B ) ,
E \9r 9r_1 9k
OF;_ ,[g] 1 1 1 4 1 1 4gp11 4
) :5 1 -1 5 (gk+1 gk):(s 4 _5 4_5 5 5 4
gk k+1 \Y9k+1 Yk k+19;€ k+1941 k+19g k+19g k+19p
1 3 1 4
_ ( 4+ 9k5+1> 7
Ok+1 \9h  Yh 9.
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and for the Hessian matrix entrries, when k =1,...,n:

O2Filg] 1 0 (3+ 1 _4gk1>: 1 (2ng1 12)
g b)

997 01 Ogi, PR &\ 9 g
O°Fiialg] _ 1 6(3 1 4gk+1> _ 1 <2ng+1 12)
9% Okt1 99k \9¢  9ie1 i Okt1 gk 9
O’Filgl 1 0 3 1 4gr—1 1 4 1
B) =50 At T g )T\ g o i a)
9kGk—1 kE OGk—1 \ 9 91 [ k gk 1 9 gk 1 9k

O’Fialg] 1 a<3+1_4gk+1>1< ) 4<1+1>
09k00k+1  Ort1 09kt \9r  Gnia 9% Skt \ 931 9p O\ 9/

e Nonlinear fourth order equation (196) The computations for the Lagrangian critical points,

when k=1,...,n
OF}[g] 1 1 1 2(a+1) 1 (0% — g1)
== o — 9k — gr—1
8% 5 gk(a;rl) gi(a+1) 913 +3 5k
_ 1 [ 2a+1 1 2(a+ 1)gr—1
(Sk: gi(a+1) gi(_al—&-l) gﬁaJrB )
OF;_[g] _ 1 2a 41 N L 2(a+1)gr
3% 5k+1 gi(aJrl) gisffl) gia+3 )

and for the Hessian matrix entrries, when k =1,...,n:

0°F?g] 19 2a+1 n o 2(a+1)gg—1

8g% 5k 3gk a+1) g}zc(f;rl) gza+3
1 2(a + 1)(2a +3)gr1 2(a+1)(2a+1)
o gi(aw) 72+ g
32FZ+1[g} _ 1 i 2a + 1 I 2(a 4 1)gr+1
dgy Ok+1 Ogk gi(““) i(f;rl) g
1 2(@+1)(2a+3)gk+1 2(a+1)(2a+1)
Srit gi(a+2) 72+ ,

°Filgl 1 0 [2a+1 1 2(a+1)gr __2(a+1)( 1 1 )

et 5 0ot \Z0 TG o\
32FZ+1[g} _ 1 0 2a +1 n o 2(a 4 1)gr+1 :_Q(a—l—l) 1 L+ 1
OgrOgr+1  Org1 Ogryr \ g20* ) gi(ffrl) g Ok \gi® gt

e Nonlinear fourth order equation (198) The computations for the Lagrangian critical points,

when k=1,...,n

OF|[g] _
Ogr,

1 1 P 1 1 2 21
Ok (gil - 9;3) " m(g o) = R S W R
1
Ok

1 1 2qy_
<2+ 2 93 1)7
E \9r 9r_1 ("
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OFf,\lg] 1 ( 11 2gk+1>

dgr Ok+1 \9r  9ip 9i
and for the Hessian matrix entries, when k= 1,...,n:
O°Fllgl _ 1 0 <1 1 2gk_1) 1 <6gk_1 2)
99; ok 09k \97 %1 9 AN

Wﬁﬂm:1.8<1 1‘%“ﬁ: 1<mﬂ_2>
d93 Ok+1 09k \9%  9in1 i Skt1 ’

gk g
PFlgl 1 0 (1 L1 ng1> 2 ( . 1)
O9kOgi—1 Ok Ogr—1 \ 97  9i_1 g ok \gi_1 G/’

OPFloalel 1 0 <1+1 _@Hﬁ__2(1 +1>
O9k0gk+1  Ok+109k+1 \Ji  Grpa g o \Ges1 92/
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