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We consider variational inequalities (VIs) in a bounded open domain Q C R¢
with a piecewise smooth obstacle constraint. To solve VIs, we formulate a fully-
discrete adaptive algorithm by using the backward Euler method for time discretiza-
tion and the continuous piecewise linear finite element method for space discretiza-
tion. The outline of this thesis is the following.

Firstly, we introduce the elliptic and parabolic variational inequalities in Hilbert
spaces and briefly review general existence and uniqueness results (Chapter 1). Then
we focus on a simple but important example of VI, namely the obstacle problem
(Chapter 2). One interesting application of the obstacle problem is the American-
type option pricing problem in finance. We review the classical model as well as
some recent advances in option pricing (Chapter 3). These models result in VIs
with integro-differential operators.

Secondly, we introduce two classical numerical methods in scientific computing:

the finite element method for elliptic partial differential equations (PDEs) and the



Euler method for ordinary different equations (ODEs). Then we combine these two
methods to formulate a fully-discrete numerical scheme for VIs (Chapter 4). With
mild regularity assumptions, we prove optimal a priori convergence rate with respect
to regularity of the solution for the proposed numerical method (Chapter 5).

Thirdly, we derive an a posteriori error estimator and show its reliability and
efficiency. The error estimator is localized in the sense that the size of the elliptic
residual is only relevant in the approximate noncontact region, and the approxima-
bility of the obstacle is only relevant in the approximate contact region (Chapter 6).
Based on this new a posteriori error estimator, we design a time-space adaptive
algorithm and multigrid solvers for the resulting discrete problems (Chapter 7).

In the end, numerical results for d = 1, 2 show that the error estimator decays
with the same rate as the actual error when the space meshsize and the time step
tend to zero. Also, the error indicators capture the correct local behavior of the

errors in both the contact and noncontact regions (Chapter 8).
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Introduction

The subject of variational inequalities has its origin in the calculus of vari-
ations associated with the minimization of infinite-dimensional energy functionals.
Variational inequalities (VIs) arise from a wide range of application areas, like me-
chanics, control theory, and finance (see, for example, [120, 73, 142]). After decades
of development, this subject has become very rich on both theory and numerics,
especially for the special class of obstacle problems. For a general discussion on the
existence and regularity, we refer the interested readers to [31, 84]. For numerical
methods, we refer to [74] for a quick review.

One of the applications of variational inequalities in finance is valuation of
American options. Options are derivative contracts where the future payoffs to the
buyer and seller of the contract are determined by the price of another security,
such as a common stock. Since the option gives the buyer a right and the writer
an obligation, the buyer pays the option premium to the writer. Models of option
pricing were very simple and incomplete until 1973 when F. Black and M. Scholes
published the Black-Scholes pricing model [23]. For an American-style option in
the Black-Scholes model, the arbitrage-free price of the option follows a parabolic
variational inequality with a diffusion operator. Some more advanced models, like
the CGMY model [40] gives integro-differential variational inequalities.

To solve parabolic variational inequalities numerically, we use the implicit
Euler method for time-discretization and the finite element method (FEM) for space-
discretization with adaptive mesh refinement techniques. Adaptive mesh refinement
is an important tool to deal with multiscale phenomena and to reduce the size of

the linear systems that arise from the finite element method. Generally speaking,



an adaptive FEM for static problems consists of iterations in the form
SOLVE — ESTIMATE — MARK — REFINE/COARSEN.

The procedure ESTIMATE determines the error distribution within the domain.
Since we cannot compute the exact error of the solution, finding a reliable and
efficient a posteriori error estimator, which are locally computable, is critical as-
pect of adaptivity. This is the main subject of this thesis for a class of variational
inequalities governed by integro-differential operators.

The outline and main contributions of the thesis are as follows.

e In Chapter 1, we introduce the general formulation of variational inequalities
in Hilbert spaces and review the existence and uniqueness of the solutions of
variational inequalities. In Chapter 2, we recall the regularity results of the

obstacle problem, which is a special case of variational inequalities.

e In Chapter 3, we introduce option pricing models very briefly. The classical
Black-Scholes model and more advanced models based on Lévy processes lead
to parabolic variational inequalities with an integro-differential operator .A.
For solving the class of parabolic variational inequalities proposed in Chapter
3, we use the implicit Euler method for time discretization and the finite
element method for space discretization to formulate a fully-discrete numerical

scheme in Chapter 4.

e In Chapter 5, we review the approximation properties of finite element meth-
ods for elliptic variational inequalities and generalize them to time-dependent
problems. On the basis of recent advances in error estimation for the implicit
Euler scheme, we prove optimal convergence rates of our numerical scheme in
both space and time with respect to the regularity of solutions. This does not
only generalize but also improve the a priori error estimation for the Laplacian

by Johnson [82], in that convergence rate is now optimal.

e In Chapter 6, we consider the a posteriori error analysis for parabolic varia-

tional inequalities upon extending an idea of Fierro and Veeser for differential



operators [72]. First, we analyze elliptic variational inequalities to give a
localized a posteriori error estimator for the error in energy norm for integro-
differential operators. And then we generalize the analysis to time-dependent
problems using the fact that the underlying operator A is strongly sectorial.
Finally, we also address the error due to lack of obstacle conformity as well
as the effect of mesh changes in some detail. The discussion in this chapter is
mainly based on two research papers: the one on a posteriori error estimation
for parabolic variational inequalities with a general second order differential
operator by Moon et al [104]; the other one on a posteriori error estimation
for variational inequalities with an integro-differential operator by Nochetto

et al [115].

In Chapter 7, we design a fully-adaptive algorithm for solving parabolic vari-
ational inequalities. In particular, for solving discrete variational inequality
problems, we generalize the multilevel constraint decomposition method by
Tai [130] to graded meshes obtained by the bisection method. We prove that
the convergence rate is globally linear and the reduction rate depends on the

minimal meshsize mildly in 1d and 2d; the dependence is logarithmic.

In Chapter 8, we perform several numerical experiments in 1d and 2d. The ex-
periments confirm our theoretical expectations and show advantages of adap-
tive algorithms for American option pricing for both differential and integral

operators alike.



Chapter 1

Variational Inequalities: Existence and Regularity

As a starting point, we introduce the concept of general variational inequalities
and review the existence and uniqueness theorem. The rest of the chapter is orga-
nized as follows. In Section 1.1, we introduce the definition the elliptic variational
inequality problem. In Section 1.2, we review the Lions-Stampacchia existence the-
orem in Hilbert space. In Section 1.3, we first introduce the notion of parabolic
variational inequality problem as well as its weak formulation; then we review exis-

tence and uniqueness results.

1.1 Abstract Setting

We begin with notation and basic concepts. The symbol a < b means a < Cb
with a generic constant C' (not necessarily the same in any two places) and a =~ b
abbreviates a < b < a.

Let ‘H be a real Hilbert space associated with inner product (-,-), which in

turn induces a norm on H via
w| = (w,w)z ¥V weH. (1.1)

When there is no confusion, we use || - || to denote the H-norm.

Denote the dual space of H by H*, i.e.

H* = {qb :H — R‘ sup [9(w) < oo}. (1.2)

wen [|wllx
It is well-known that H* is isomorphic to H due to the fact that H is Hilbert and

the Riesz representation theorem. Therefore, one can identify H* with H later.



Now let V C 'H be a dense real Hilbert subspace of H with an inner product
(+,+)y and its associated norm || - ||y, such that the identity or canonical embedding

is continuous, i.e.

ol S vy Yve. (1.3)
For any functional w € H, the map V 3 v — (w,v) belongs to the dual space H*
because, by using the Cauchy-Schwarz inequality and the continuity of the canonical
embedding, we have
[(w, )] < [[wllxllvllx S wllxllv]lv.

The dual space of V can be defined in the same way as (1.2) and denoted by V*.
Hence we can embed H into V* and identify H with its dual H* to obtain

Ve H~H — V. (1.4)
We use (-, -) to denote the duality pair between V* and V.

Assume that a bilinear form a(-,-) : V x V — R is continuous and coercive
in the sense that there exists positive constants C* > C, > 0 such that, for any
v,w eV,

la(v,w)| < C*||v||y||w]lv continuous (1.5)
a(v,v) > C,|lv||} coercive. (1.6)
For future reference, we denote A : ¥V — V* to be the linear operator associated

with the bilinear form a, i.e.
(Av, w) = a(v,w) Voo, w e V.
Using (1.5) and (1.6), we obtain that, for any v € V,

[ Av]

v < C||vlly continuous (1.7)
(Av,v) > C.,|lv||} coercive. (1.8)
The natural norm associated with the bilinear form a(-,-) (or operator A) is usually

called the energy norm which is denoted by [Jv := a(v,v)z. From (1.5) and (1.6),

we immediately notice that || is equivalent to || - ||

Cllolly < Ioll® < CJlollyy, v eV (1.9)



1.2 Elliptic Variational Inequalities (EVIs)

Now we are ready to introduce the elliptic variational inequality problem in

its weak form and discuss general existence results.

1.2.1 Variational Formulation

A general elliptic variational inequality (in weak form) can be written as fol-

lows:

Problem 1.1 (Abstract Elliptic Variational Inequality) Let K C V be a non-

empty closed convex set and f € V*. Find a u € IC such that
(Au,u —v) < (f,u—wv) Voek. (1.10)

Remark 1.2 (Relation with Variational Equations) It is easy to see that, if

IC =V, then the variational inequality (1.10) reduces to a variational equation
(Au,v) = (f,v) Vove. (1.11)

If we assume further that the bilinear form a(-,-) is symmetric or A is self-
adjoint, then the Problem 1.1 can be rewritten as the following energy minimization

problem:

Problem 1.3 (Convex Energy Minimization) Let I C V be a non-empty closed
convez set and f € V*, find u € I such that

min J(v) = %a(v,v) —(f,v). (1.12)

vekl

Remark 1.4 (Equivalence) It is easy to see that (1.10) is the first order necessary
condition for the constrained convex minimization problem, Problem 1.3. Further-
more, it is also sufficient because the objective function is strictly convex from (1.6).
Hence the equivalence follows by elementary optimization theory. For details, see

33].



1.2.2 Existence and Uniqueness

The general existence theory has been developed by Lions and Stampacchia
[93]. The proof of the existence can be reduced to an application of Banach fixed

point theorem following the constructive approach in Rodrigues [120, Theorem 3.1].

Theorem 1.5 (Existence and Uniqueness) Let a(-,-) : V xV — R be a contin-
uwous and coercive bilinear form on V and IC be a non-empty closed convex subset of
V. Then, for any f € V*, there exists a unique solution u € IC of the variational

inequality (1.10).

Proof of Existence. For any fixed u € V, the mapping v — a(u,v) is in the
dual space V*. We can find Bu € V such that a(u,v) = (Bu,v)y. In the same spirit,
we can find a representation of f € V*, denoted by b € V. Rewrite the EVI (1.10)
as: find

vek: (Bu,v—u)y <(bjv—u)y Vovek.

For any constant (3 > 0, the above inequality is equivalent to
wek: (Bb—pBu+u—u,v—u)y <0 Vovelk. (1.13)

Let Pgc () : V — K be the projection operator onto K with respect to (-, )y, i.e. for
any w € V
(w—PK(w),U—PK(w))VSO Vovelk. (1.14)

It then follows that (1.13) is equivalent to the nonlinear equation
u= Pc(06b—pBu+u). (1.15)

Define, for any v € K, G3(v) := P (b — SBv + v). Since a projection onto a closed

convex set is Lipschitz with constant 1, we have
|Gs(v1) — Ga(v2)lly < [[(v1 = v2) = BB(vr —wa)lly  Vwi,ve € K.
Hence, by using (1.5) and (1.6),

1Gs(v1) — Ga(w)ll}y < oy — 02|} — 268(B(vr — v2), 01 — v2), + B2 B(vr — )|}

< (1-28C, + B°C*?)||v1 — vo [}



By choosing 3 € (0,2C,/C*?), we can make G5 a contraction and the existence of

solution follows by the well-known Banach fixed point theorem. |

Remark 1.6 (Lax-Milgram Theorem) This general existence and uniqueness
theory is the so-called Lions-Stampacchia theorem [93]. In the case £ = V (no

active constraint), this theorem reduces to the well-known Lax-Milgram theorem.

Remark 1.7 (Representation of B) Let I : V — V* be the canonical embedding

operator characterized by
(Tu,vy = (u,v)y YV u,ve .
It follows directly that
(Bu,v)y = (IBu,v) YV ou,ve V.
Since a(u,v) = (Au,v), we then have B = I"1 A formally.

Remark 1.8 (A Numerical Method) The constructive proof of Theorem 1.5
above suggests the following iterative method for the approximation of u: taking an

initial guess u(®) € K, obtain a sequence of approximate solutions {u®} C K by
u® = P (uV + B(b — Bul™Y)) i=1,2,...

If 3 € (0,2C,/C*?), then this iterative method converges uniformly. To maximize

the convergence speed, we can choose 3, = C,/C*2.

Remark 1.9 (A Different Approach) There is a different proof due to Stampac-
chia [84] which proves the existence result for symmetric problems via the well-known
minimization principle and uses a continuation argument to handle the nonsymmet-

ric part.

Remark 1.10 (Lipschitz Continuity and Uniqueness) Suppose fi, fo € V* and

uy,us € K be the corresponding solutions of Problem 1.1, respectively. Taking



v = ug(up) in the variational inequality for u;(us) and adding the corresponding

inequalities together, we obtain

a(uy — ug,uy —uz) < (f1 — fo, w1 — ug).

By coercivity of a(-,-) and Cauchy-Schwarz inequality,

Cyllur — U2H12; <{f1 — fa,ur —u2) < || f1 — fal

Hence we can see that the mapping f — w is Lipschitz with Lipschitz constant 1/C.,
ie.

1
|lur — ually < F”fl — fallv-. (1.16)

Uniqueness of the solution follows directly from (1.16).

1.3 Parabolic Variational Inequalities (PVIs)

In this section, we deal with time dependent problems. We consider a time
interval [0, 7] C R. More general time spans can always be shifted to this one.

Let ‘H and V be the Hilbert spaces we defined in section 1.2. For 1 < p < oo,
we introduce the concept of Bochner spaces. We denote by LP(0,T; H) the space of

Lebesgue measurable functions u : [0,7] — H, with bounded norm

T 1/p
(/ lu@)IE, dt) i1<p<oo
= 0

ess supeo,r) [|u(t)]1# if p = oo.

HUHLP(QT;’H) (1.17)

Other spaces, like LP(0,T;V), can be defined analogously.

1.3.1 Weak Formulation

In this part, we assume the operator A satisfies the assumptions in §1.1. Simi-
lar to the elliptic case we discussed in the previous section, we first give the standard

variational form of abstract PVIs:



Problem 1.11 (Abstract Parabolic Variational Inequalities) Let L C V be
a non-empty closed convex set, ug € H be a given initial solution, T' < oo be the end
time and f: (0,T) — V*. Find u: (0,T) — V such that u(t) € K(t) a.e. t € (0,T)
satisfying u(0) = ug and

(Opu(t) + Au(t) — f(t),u(t) —v) <0 VoveK(t) ae te(0,7T), (1.18)
where Oyu is the partial derivative of u in time variable.

This formulation is a natural extension from the elliptic problem in §1.2. It is
convenient to introduce a weaker form for the purpose of the existence and unique-

ness discussion.

Remark 1.12 (Sum Space and Its Dual) We introduce the spaces of “sum”

and of “intersection” type by

&(0,T) := L'(0,T;H) + L*(0, T; V*), (1.19)
3(0,T) := L™(0,T;H) N L*(0, T; V), (1.20)

The “sum” space &(0,7") and its dual space J(0,7") will be useful when we discuss

the concept of weak solutions of time-dependent problems.

Now, we assume that u is the solution of Problem 1.11 and v satisfy

u, 0 € 3(0,T), u(t)e K  ae. te(0,T), (1.21)

v, 0 € 3(0,T), v(t) e a.e. t € (0,7). (1.22)
The inequality (1.18) gives that

d (1 )

p §||U—UHH + (0w + Au— f,u—v) <0. (1.23)

Although K is closed in V, it is not necessarily closed in H. We denote K be
the closure of C respect to the norm || - ||z;. Then we define the weak solution of

Problem 1.11 as following:
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Definition 1.13 (Weak Solution of PVIs) Give ug € K, 0 < T < oo, f €
S(0,T) and K is a nonempty, closed, and convex subset in V. Find

uweJ0,7), ult)ek a.e. t€ (0,7,
such that
) <0 and Of) < %Huo o) ae te(0,T),
for all v satisfying (1.22), where

o(t) := %Hu(t) —v(®)||3, + /0 (0sv(s) + Au(s) — f(s),u(s) —v(s)) ds.  (1.24)

We call u the weak solution of PVI (1.18).

1.3.2 Existence and Uniqueness

Existence and uniqueness of the weak solution of parabolic variational inequal-
ity holds under very general assumptions on A, ug and f; for example A could be a
nonlinear monotone operator. We refer readers to the monograph [31]. Regularity
as well as approximation results of the weak solution of general PVIs can be found
in Baiocchi [11]. For obstacle problems (which is the main topic of the thesis and
will be discussed in the following chapters), Ito and Kunisch [79] introduced a new
approach using Lagrange multiplier technique and proved the existence of strong
and weak solutions.

Here we simply review the classical existence result of weak solution.

Theorem 1.14 (Existence and Uniqueness of Weak Solution) For any ini-

tial solution ug € H and data f € L*(0,T;V*), there exists a unique weak solution

of Problem 1.11 and u € C°([0,T]; H).

Remark 1.15 (Uniqueness) If v, € H but not in K, we need to modify the
definition of the weak solution by replacing ug with P (ug). Otherwise there might

be multiple weak solutions; see [11].

11



Chapter 2

Obstacle Problems

In the previous chapter, we introduced variational inequalities in a general
setting. In this chapter, we focus on a particular class of variational inequalities,
namely obstacle problems. Obstacle problems were one of the main motivations
of the theory of variational inequalities and have many important applications in
various areas. One particular application in finance will be discussed in Chapter 3.

It is well known that the solution of an elliptic boundary value problem has
certain degree of smoothness depending on the smoothness of the data and the
boundary of its physical domain (see, for example, [62]). However, in general, the
solution of an obstacle problem associate with a second order differential operator
A cannot be in C? even for smooth enough data. Lack of smoothness is one of the
difficulties to handle this nonlinear problem.

In this chapter, we review some basic concepts and smoothness of solutions
of obstacle problems. This chapter is organized as follows. First, we review the
definition of Sobolev spaces of general order and angle-bounded operators in §2.1 and
§2.2, respectively. Then we define the static as well as evolution obstacle problems

in §2.3.

2.1 Function Spaces

Before we can discuss any concrete obstacle examples, we need to first recall

the theory of Hélder spaces and Sobolev spaces [1]. Here we assume that 2 C

12



Ré(d = 1,2,3) be open and bounded with boundary I' = 9Q := Q\Q2. We denote

the set of natural numbers by N.

2.1.1 Holder Spaces

Consider functions v : Q@ — R. 8 = (B, -+, B4)7 € N? be a multi-index of
modulus |3] = %, ;. We denote by

olPly

Dy = ———
oz - dxl

(2.1)

the partial derivatives of v.
For any nonnegative integer m € N, we define by C™(2) the linear space
of continuous functions v on  whose partial derivatives D°v(|3] < m) is also

continuous. Furthermore, it is a Banach space with the norm

iy i= max sup |DPv(z)|.
T 02 i51<m xeg| (@)

We define C"*(2) for 0 < o < 1 to be the linear subspace of C™(2) whose m-th

o]

order partial derivatives are Holder continuous, i.e.
|DPv(z) — DPu(y)| < Cslz — y|* Va,y € Qand 8 € N? with |8] = m.

We then note that the Holder-a space C™*(£2) is Banach with respect to the norm

|D%v(x) — DPu(y)|
|z —yl|* '

[v][cma@) = ||v]|lcm@) + max sup
=M 2 yeq

A very special case is that C'°(£2) is the functions with continuous partial
derivatives of any order. We denote by C'2°(2) the subset of C*°(2) functions with

compact support in 2.

2.1.2 Sobolev Spaces of Integer Order

Let LP(Q2) be the class of all measurable functions v defined on € with bounded

1/p
(/|v|p) if 1 <p<oo
[v][Lr @) = Q (2.2)

eSS SUp,cq|v ()| if p = oc.

norm
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The space of functions of bounded variation (BV functions) will be useful for error

analysis and can be defined as
BV(Q) = {v c L'(Q) ) sup / vdive < oo}. (2.3)

peci(@) Ja
¢l oo () <oo

Sobolev spaces with integer order are normed spaces of functions with finite
weak derivatives in LP-norm. More precisely, for any nonnegative integer number
s € Nand 1 < p < oo, the space W*P(Q) is defined to be the subset of LP(2) such
that v and its weak derivatives up to order k have a finite L?(2)-norm. With this

definition, the Sobolev spaces admit a natural norm,

B =

[ollwese = | 3 1D% 02,0
1BI<s

We can identify WOP(Q2) with LP(Q2). As a convention, we use H*(Q) to denote
W2(Q).

It is well-known that functions in H'(Q) are not necessarily bounded or con-
tinuous. So we need to define the boundary value in trace sense. We denote H* (1)
to be the subspace of H'(Q2) with zero boundary trace. It is equivalent to define
H'(Q) as a completion of C°(Q) in the H'(2)-norm (see for example [62, Theorem
2, Page 259]).

For negative integers s < 0 and 1 < p < oo, W*P(Q) is the dual space of
W=54(Q). Here ¢ is the dual exponent of p, i.e.
g=1if p= 0.

2.1.3 Sobolev Spaces of Fractional Order

Up to now, the Sobolev spaces of integer order have been defined for any integer
number. For noninteger s, there are several ways to define the fractional order norm,
for example, by the growth of the Fourier coefficients, or by interpolation theory, or
by double integrals.

We first give a definition of Sobolev spaces of noninteger order which also

specify their norms. This is important for our later a posteriori error analysis since

14



different definitions of Sobolev norms behave differently as the domain becomes
smaller, or as s approaches certain values (i.e., the equivalence constants are not
uniform with respect to the size of the domain and s).

The space H*(Q) is defined for s € [0, 1] using interpolation [18] of
o°Q):=L*Q) and  HYQ):={ve HY =0}.

The space H™*(Q) is the dual space of H*(Q). Notice that this definition using
interpolation is not restricted to the case when p = 2. W*? for 0 < s < 1 and
1 < p < oo could be defined analogously.

From the definition, it is not difficult to show the following interpolation in-

equality:

Proposition 2.1 (Interpolation Inequality) Let s € [0,1]. The Sobolev space

interpolation inequality holds, i.e.

1ol ey < M0l o) llvllzfey Y ve HYQ).
@)

We now introduce the local version of the H*-norm. Let w be a sub-domain

of Q. We then define the spaces Hi(w) for s € [0, 1] using interpolation of
L*(w) and  Hj(w):={veH'(w): vy =0}.
We will use Hg(w)* to denote the dual space of H{(w).

Remark 2.2 (Boundary Conditions) It is worth noticing that functions in H(w)
do not necessarily have zero boundary trace in the local domain w. And it is clear

that H(Q) = H*(Q) by their definitions.

Remark 2.3 (General Order) Although we only consider the case where 0 <
s < 1 here, it is clear that general s can be treated in a similar fashion via the
interpolation of H*/(Q) and H*+1(Q), where |s] is the maximum integer less than

or equal to s.
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Remark 2.4 (Zero Trace) The H*(Q) space is related to the standard fractional
Sobolev space. In fact,
1
H*(Q) 0<s< =
When s = 1, H=(Q) is a dense subspace of H2(Q) and is sometimes denoted by

HO%O(Q). See, for example, [92].

2.1.4 Norm Equivalence

Now we will review the norm equivalence results for Sobolev spaces of nonin-
teger order by Faermann [65]. Let {v;}/_; be a set of functions with pairwise weakly
disjoint support, i.e. the intersection of supports of any two functions v; and v; has

zero measure. Due to the lack of orthogonality, the ordinary relation

|5

does not hold anymore for fractional-order norm || - |

2 J )
H() - — HU]'HHl(Q)

J

He(0) even if supports of v;’s
are pairwise disjoint.

In [68, Theorem 2.2], a weaker equivalence result has been proven.

Proposition 2.5 (Norm Equivalence) There exists a constant Cs > 0 such that

J J 9 J
O D oalleiey < [ v oy < G 2 s
j=1 j=1 j=1

for {vj}jzl C H*(Q) with weakly disjoint support.

(2.4)

2
gs(Q)a

Proof. We first prove the second inequality which is needed in our a posteriori
error estimation in Chapter 6. We know that {vj}jzl has pairwise weakly disjoint
support (pairwise intersection has measure 0). Let ; be the support of v; for each

1 <j < J. We can define an operator T : H;.Izl H*(Q;) — H*(Q) such that

J
T(’Ul,...,UJ) = Z’Uj.
j=1
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Obviously, for s = 0,1, we have

T (vy,... v

M) Z o117

Hence the interpolation argument gives the second inequality with Cy = 1. The

Hs(Q)

reverse direction is much more involved and we refer readers to [65]. W

Remark 2.6 (Different Definitions of Sobolev Spaces of Fractional Order)
Faermann defined in [65] the noninteger Sobolev norm by extending function v to

R? and then using Fourier transform:

lo(2)]

Hs(R%) = H ]' + |§| )8/2 HL2 (R4)

where ¢ is the Fourler transformation of v. It is well known that this norm is

equivalent to the H*-norm by zero extension.

Remark 2.7 (Applications in A Posteriori Error Estimation) Based on this
equivalence result, Faermann [68] gave a reliable and efficient (but unfortunately not
computable) error estimator for boundary element methods for integral equations

with s not an integer.

2.2 Angle-Bounded Operators

With the definitions of Sobolev spaces in the previous two subsections, from
now on, we fix the general Hilbert triple consider in Chapter 1 to be the following

particular setting (still quite general though):
(V,H, V") = (fIS(Q),Lz(Q),H‘S(Q)> ,

for 0 < s < 1. Furthermore, we will consider a class of operators A, namely
angle-bounded operators, in the following chapters (especially for applications in
finance). This notion was introduced by Brézis and Browder [32] as a nonlinear
generalization of sectorial operators, and more recently revisited by Caffarelli in the

context of regularity theory [38].
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2.2.1 Angle Condition

Let A : H3(Q) — H™5(Q) be a linear monotone operator and we employ the

energy norm (if it is a norm) as defined in Chapter 1
loll = (Av.0)2 Vv H(Q),
induced by the operator A, as well as its dual norm ||-||,.

Definition 2.8 (Sectorial Operator) A linear monotone operator A is called sec-

torial if it satisfies the strong sector condition
2 2 2 s
[(Av, w)|” < 49° o]l [lw]] Vv, w € H*(Q). (2.5)

This is equivalent to the following inequality for the skew-symmetric part of

A [32, Prop. 11]:
|(Av, w) = (Aw,v)| <2A ol flwll ¥ v,w e B (Q), (2.6)

with a positive constant A satisfying v2 = (A2 +1)/4. We observe that (2.5) implies

that A is Lipschitz continuous and

lAvll, == sup (Av,w)/ [lw]|

weH*(Q)
satisfies

1 7S
o JAv[; < loll* < JAvl? Vv e HY(Q).

Definition 2.9 (Angle-bounded) Let H be a Hilbert space, and let D(F) C 'H be
the domain of an operator § : H — 2". Then § is said to be ~*-angle-bounded if

there exists a positive constant v such that
(F(0) = F(w),w —z) <Y*(F) = F()v—2)  Vovwze D). (2.7)

Lemma 2.10 (Equivalence) The conditions (2.5) and (2.7) are equivalent for A

linear.
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Proof. We simply set © = v — z and @ = w — z in (2.7) to get the equivalent

formulation (we omit the tildes)
(Av,w) < ¥*(Av,v) + (Aw, w) YV u,w e D(A). (2.8)

Then replace v by av with @ € R and argue with the resulting quadratic inequality
in a, i.e.

oy (Av,v) — a (Av, w) + (Aw,w) > 0

to realize that (2.5) and (2.8) are equivalent. [

2.2.2 Coercivity Property

We conclude this section with the coercivity property [110, Lemma 4.3], which

will be crucial in a posteriori error estimation later in Chapter 6.

Lemma 2.11 (Coercivity) Let the linear sectorial operator A satisfy the condi-

tion (2.7) (v*-angle-bounded). Then we have

1
(Ao — Aw,w—2) <27 Jo =2l = (o —wl’ +lz—wl?)  Vowzek
(2.9)

Proof. In view of the Cauchy-Schwarz inequality, we get

(Av — Aw,w — 2) = (Av — Aw,w — v) + (Av — Aw,v — 2)
2
< —flv—wl”+2v[lo—w| flv—=z|
1 2 2
< =5 llv—wl”+29" flo ="

Similarly, we get

(Av — Aw,w — 2) = (Az — Aw,w — z) + (Av — Az, w — 2)
< Iz —wl* + 2y o — 2| flw -z
<~ lle—wl* +2 o~ 2l
Adding the last two inequalities gives (2.9). [
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2.3 Obstacle Problems

This presentation mainly follows Rodrigues [120] and Friedman [73]. Unfortu-
nately, it is impossible to review all regularity results available in the literature. For
regularity results for other types of variational inequalities, like the case of gradient

constraint, the biharmonic obstacle problems, etc, we refer to the monograph [31].

Remark 2.12 (EVI and PVI) Since we shall focus on the variational inequalities
with obstacle type constraints throughout this note, we will later refer to elliptic
and parabolic obstacle problems as EVI and PVI, respectively, with a little abuse

of notation.

2.3.1 Elliptic Obstacle Problems

Problem 2.13 (Elliptic Obstacle Problems) Suppose in Problem 1.1, the con-

vex set has the following structure
K:={veV|v>yx}, (2.10)
where the function x € V is the so-called obstacle. The corresponding VI problem
(VI) Find we K: (Au— f,u—v) <0 Vovelk, (2.11)
18 called the elliptic obstacle problem.

Suppose u € K is the solution of the obstacle problem, Problem 2.13, the set
of points C(u) := {x € Q : u(x) = x(x)} is called the contact set or coincidence set,
and its complement N (u) = Q\C(u) the noncontact set or non-coincidence set. The
boundary F(u) between the two sets is called the free boundary or free interface.

From now on, we use vy (v_) to be the non-negative part of a function v (—v),
i.e., v; = max{v,0} and v_ = — min{v, 0}.

We start by stating without proof a useful but relatively restricted regularity
result [120]:
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Proposition 2.14 (General Regularity Result) Assume that
(x —v)s €V, YveV and |ve|n <|v|lx, YveH. (2.12)
If f € H and (Ax — f)+ € H, then the solution u of the obstacle problem
vwek: (Au—fiu—v)<0 Vovek. (2.13)

satisfies the estimate

[Aullre < 1F N2+ 1CAX = £+l

Remark 2.15 (Dirichlet Obstacle Problem) The simplest example of A is the

Laplace operator, —A. In this case, we take the Hilbert triple to be
V=HYQ), V'=HYQ), and H=L*Q)=mH"

The bilinear form a(-,-) = (V-,V:) is an inner product which induces the energy
norm for the Laplace equations. A direct application of Proposition 2.14 to the
Dirichlet obstacle problem gives H?(§))-regularity of the solution assuming f €

L3(Q), x € H*(Q), x < 0 on 90 and Q being convex or 9Q € C1! (see Brézis and
Stampacchia [34]). It has been shown that the solution w of a Dirichlet Obstacle
problem can never be better than C1!(Q2) regardless how smooth the obstacle y and

data f are (see Caffarelli [39]).

2.3.2 Equivalent Formulations

There are several different ways to formulate the variational inequality prob-

lem. We now discuss some of its equivalent formulations briefly.

Complementarity Problems

The most frequently used form is linear complementarity problem (LCP): find

a solution u© € V such that
Au—f>0
(LCP) uw—y >0 (2.14)

(Au— f,u—x) =0.

21



The last equation is the so-called complementarity condition. This is actually equiv-
alent to (2.11) if y € V.
Proof of Equivalence. If u is a solution of LCP (2.14), then for any v € V and

v > x we have

(Au—f,u—v) = <Au_faX_'U> Soa
in view of the complementarity condition and the sign condition of Au — f.
On the other hand, if u is solution of VI (2.11), it is trivial to see that u
satisfies the first two conditions of LCP. The complementarity condition is obtained
by taking v =u 4+ (u — x) and v = x. [

Nonlinear Equation

Motivated by the proof of existence theorem 1.5, we can formulate the VI

(2.11) as a nonlinear projection equation
(NE) u= Pg(u+ (b— Bu)), (2.15)

where P () : V — K is the projection operator defined as (1.14).

Proof of Equivalence. First the VI problem can be written equivalently as
(Bu—b,u—v)y <0 VYovek. (2.16)

Define e := u — Pgc (u+ (b— Bu)). If u is solution of VI (2.11), by taking v =
u— (b— Bu) and v = u in the definition of projection (1.14), we get that

(e — (b — Bu), 6)1; < 0.

This, in turn, gives the sign condition
(b—Bu, e)y > ||}, > 0.

By taking v = P (u — (b — Bu)) in (2.16), we get (b— Bu, )y, < 0. Hence ||e|ly = 0.
The converse direction can be derived directly from (1.14) by taking w =

u— (b— Bu). |
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Variational Inclusion Problem

The VI (2.11) can also be viewed as an inclusion problem. If we write the VI

problem as a variational inequality of second-type!:
(VI2) (Au— fou—v) +I(u) = Zx(v) <0 Voel. (2.17)

Here Zx is the indicator function of the convex set K and it is convex lower semi-

continuous:
0 ifvelk
I]C(U) =

00 ifveg K
When A is symmetric, it is clear that this problem is equivalent to a convex mini-
mization problem

1
min 5@(’0, U) - <f7 U> + I/C(U>‘

veY
A more general formulation is given by Brezis and Stampacchia [34]. VI (2.17) can

be written as a variational inclusion problem (IP):
(IP) Au + 0T (u) > f. (2.18)

Notice that the convex function Zx : R — R might not be differential in usual sense.
We use the more general subdifferential mapping 0Zyx, which is a multivalue map

such that, for any value ¢ € 0Z(x)
I (y) — I () > c(y — x) VyeR.

Remark 2.16 (Lagrange Multiplier) If K is the convex set defined in (2.21),
we let §: K — H*(2) be the multivalue operator associated with the variational

inequality in /C, i.e.
v €Fv) &  alv,v—w) < (v,v—w) YweK. (2.19)

For details, see § 2.3.2. If we further define the multivalue operator A\(v) := §(v)—Av
with D(A) = K, we see that A(v) < 0in Q and A(v) = 0in N = {v > x} (simply

!The variational inequality in the form (2.11) is usually called variational inequality of first-type.
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argue with w = v+ ¢). It turns out that A is the subdifferential 0Zx. Such a A can
be viewed as a Lagrange multiplier (see Definition 2.22 in §2.3.4) of the constraint

v > X

The following lemma provides an important insight for a posteriori error esti-

mation which will be discussed in Chapter 6.

Lemma 2.17 (§ s Angle-Bounded) If A is ~v*-angle-bounded (see Definition
2.9), then the nonlinear operator § = A + X\ is ~3-angle-bounded with constant

o = max(1,7). Moreover, § satisfies for all v,w,z € K

F) —F(w),w —z) <y {Av — Az,v — 2) + (A(v),v — 2)
<Y Av — Az, v — 2) + (AMv) — M(2),v — 2).

(2.20)

Proof. Since §(v) = Av + A(v), in view of Lemmas 2.10 and (2.5) we only need
to deal with A\(v). We resort to the fact that A(v) = 0Zx(v), which translates into
the property

Aw),w—v) <0 Vowek.

In fact, if v > y then A(v) = 0 whereas if v = y < w then A(v) < 0. Consequently

(A() = AMw),w — z) = (Mv),v = z) + (A(v),w —v) + (Mw), z — w)
< (Av),v = 2) < (Av) = A(2),v — 2),

whence we deduce (2.20)

(F) = F(w),w —2) <y Av — Aw,w — 2) + (A\(v) — A(2),v — 2)
<5 (F(v) = F(2), v — 2).

The last inequality implies that § is 72-angle-bounded, as asserted. ]

2.3.3 Parabolic Obstacle Problems

The parabolic obstacle problems can be defined in an analogous way,
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Problem 2.18 (Parabolic Obstacle Problems) Suppose that, in (1.18), the con-

vex set has the following structure
K:={veV|v>x(t) ae te(0,T)}. (2.21)

Then the corresponding variational inequality problem, Problem 1.11, s called the

parabolic obstacle problem.

Remark 2.19 (Equivalent Formulations) Similar to the elliptic problem (Prob-
lem 2.13) discussed in §2.3.2, we can write the parabolic problem (Problem 2.18) as
equivalent LCP, NE, IP formulations also.

For V = H'(Q) and a second order elliptic operator A : H'(Q) — H~1(Q)
satisfying (1.5) and (1.6), the following classical regularity result is well-known (see

[30, Section 2.4]).

Lemma 2.20 (Regularity) Suppose the obstacle x(t) € H*(Q) a.e. t € (0,T) and
x(t) <0 on the boundary (0,T) x I". If

f e (0. T]: L3(9), 88—{ € LN0,T: LX), and o€ HAQ)NK,

then the problem 2.18 has a unique solution u satisfying

u € L0, T; H*()), % € L>(0,T; L*(2)) N L*(0,T; H(Q)).

Remark 2.21 (Singularity in Time Horizon) For parabolic problems without
constraint (K = V), the smoothness of u in time is directly related to the smoothness

of f in time under compatibility assumptions of f and ug on I'. In fact,
f e H0,T; V) = u e H0,T; V)N HT0,T; V).

On the contrary, for obstacle problems, no matter how smooth uy and f are, the

time derivative d,u could be discontinuous.
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2.3.4 Lagrange Multiplier

We now look at a very important quantity for constrained energy minimization,
namely the Lagrange multiplier. In Chapter 6, we shall employ it for a posteriori

error estimation.

Definition 2.22 (Lagrange Multiplier) We denote the residual of u by

— Au or elliptic problems
V' s Aw) =4 T Jor elliptic p (2.22)
f—0wu— Au for parabolic problems;

Au) is often referred to as the Lagrange multiplier.

It is clear that A\ = 0 for problems without obstacle constraint (linear equa-
tions). For problems with constraint, this quantity encodes information about the
contact region. It may be regarded as a reaction in elasticity applications.

To be able to understand the properties of A better, we first look at the elliptic
obstacle problem. It is easy to see, from the definition of A\ as well as the variational

inequalities (1.10), that

A<0
A= f—Ax inC(u) (2.23)
A=0 in AV (u)

These important characteristics of A tells us:

e When the constraint is not active (N (u) or u > x), A vanishes as in the linear

equations.

e When the constraint is active (C(u) or u = x), A < 0 is nonzero; furthermore,
the magnitude of A measures the interaction between the solution and the

obstacle.

Remark 2.23 (First-order Optimal Condition) The condition (2.23) can be
viewed as an extension of first-order optimal condition for constrained minimization
problems. For stationary problems, when A is symmetric, continuous, and coercive,
(2.23) is equivalent to the well-known Karush-Kuhn-Tucker (KKT) condition [89]

for constrained minimization.
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Chapter 3

Option Pricing — An Application in Finance

The evaluation of the price of an option contract is of considerable importance
in finance [78]. It is well-known that there is no general closed-form analytical
solution for the price of American-style options. To solve this problem, people
usually resort to numerical methods, whose improvement is still an active field of
research. The American-style option pricing problem based on the classical Black-
Scholes model can be written as a variational inequality for a differential operator.
This reformulation is crucial to construct a successful numerical treatment of the
problem, as suggested by Wilmott, Dewynne, and Howison [142]. However, in some
more advanced models (like the CGMY model [40]), the problem is more complicated

and involves a pseudo-differential operator.

3.1 Option Contract

An option is a contract between the writer and the holder that gives the right,
but not the obligation, to the holder to buy or sell a risky asset at a prespecified
fixed price within a specified period [142, Chapter 1|. The underlying risky asset
could be stocks, stock indices, futures, currencies, commodities, or even weather.

An option contract is a form of derivative instrument, which can be traded on
exchanges or over the counter. A call (put) option allows its holder to buy (sell)
the underlying asset at the strike price K. Option holders can only exercise their

FEuropean-style options at the expiration or maturity date, T'; in contrast, American-
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style options can be exercised at any time before they expire.

Purchasing options offers you the ability to position yourself accordingly with
your market expectations so as to both profit and protect yourselves with limited
risk. The decision as to what type of options to buy depends on whether your outlook
for the respective security is positive (bullish) or negative (bearish). If your outlook
is positive, buying a call option with lower strike price creates the opportunity to
share in the upside potential of a stock without having to risk more than a fraction
of its market value. Conversely, if you anticipate downward movement, buying a
put option with high strike price will enable you to protect your investment against
downside risk without limiting profit potential.

The option premium is the price at which the option contract trades. In
return, the writer of the call option is obligated to deliver the underlying security
to an option buyer if the call is exercised or buy the underlying security if the put
is exercised. The writer keeps the premium whether or not the option is exercised.
Then it is natural to ask what is a fair price of an option.

Because options are derivatives, they can be combined with the underlying
security to create a risk neutral portfolio (zero risk, zero cost, zero return). Imple-
menting this in practice may be difficult because of “stale” stock prices, large bid/ask
spreads, market closures. If stock market prices do not follow a random walk (due,
for example, to insider trading) this delta neutral strategy or other model-based
strategies may encounter further difficulties. Even for veteran traders using very
sophisticated models, option trading is not an easy game to play. Hence, the op-
tion pricing problem is an important and fundamental financial problem. A good
estimation of an option’s theoretical price contributed to the explosion of trading in

options.

3.2 Black-Scholes Model

Models of option pricing were very simple and incomplete until 1973 when

Black and Scholes [23] published the Black-Scholes pricing model. Their model
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gives theoretical values for European put and call options on non-dividend paying

stocks.

3.2.1 A Simple Example: American Put Option

To introduce this classical model, we take the pricing problem of an American
put option on a non-dividend paying stock as a model problem. In the classical
Black-Scholes model, we assume that the price S(¢) of the underlying risky asset

(e.g., a stock) is described by geometric Brownian motion

% = rdt 4+ odW (3.1)

with volatility ¢ > 0 and interest rate » > 0. When no confusion arises, we will
assume the random variables all have dependence in time ¢ and drop the argument

t.

Remark 3.1 (Wiener Process) A Brownian motion (name from physics) is often
called the Wiener process. A Wiener process W; is characterized by the following

three facts:
o Wy =0;
e W, is almost surely continuous;

e The increments Wy, a; — W, satisfies independent normal distribution with

mean value 0 and variance At for any ¢, At > 0.

The Wiener process is the simplest continuous Lévy process which will be discussed

in the next Section.

An American put option with strike price K and expiration date T' gives the
holder the right to sell one asset at any time t before the expiration date at price
K. At any time ¢ when the option is exercised, its value is given by P(S(t)) with
the payoff function

P(S) = (K — S); = max{K — S,0}.

We want to solve the following problem: If at time ¢ we have an asset priced at S(t),
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e What is the fair price V(.5,t) of the option?
e When is the optimal time to exercise the option?

Let S(t) denote the underlying stock price and V(S,t) be the American put
option price at time ¢. It is well-known that the price of an American option satisfies

the Black-Scholes equation:

oV 1 , ,0%V ov B
E+§U S W—I—T’S%—TV—O V.S > S(t) and t € [0,T], (3.2)

where o is the volatility of the underlying stock, r is the interest rate, and Sy(t)
denotes the exercise boundary at time t. We know that the price of an American
option is never less than the pay-off function P(S) because of the non-arbitrage

assumption!; therefore
V(S,t)=P(S) V0<S<Sit) and t e [0,7]. (3.3)

The final and boundary conditions are given by

V(S,T)=P(S5), S>0,
V(Sy(t).t) = P(Ss(1), 35(S¢(t),t) =1, 0<t<T, (3.4)
limV(S,t)=0, 0<t<T.

In this way, we write the price of an American put option as the solution of a
free boundary problem (3.2)—(3.4). In Figure 3.1, we see that, for an American
put option, when the underlying stock price is greater than the exercise boundary,
we should hold the put option; otherwise, early exercise could avoid possible loss.
Although this formulation is mathematically beautiful, a major difficulty under this

setting is that one needs to solve for V along with the unknown exercise boundary?

S;.

Tt simply means no one can make immediate risk-free profit

2For American option holders, they need to decide whether and when to exercise an option.

This leads to an optimal exercise policy problem.
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Figure 3.1: Price of American Put Option. Left: pay-off function P; Right: excise
boundary Sj.

3.2.2 Black-Scholes Inequality

The idea is to reformulate the problem such that the free boundary does not
show up explicitly and the degeneracy at the origin is avoid [80, 81]. If we use the
time to maturity £ = T — ¢ and log price z = log S as independent variables, then

the function

satisfies the following linear complementarity problem LCP (we will write ¢ instead

of  for time to maturity from now on):

Problem 3.2 (Black-Scholes Inequality) Find u(z,t) such that
ou  o0?0%u o? ou
with the obstacle condition
u(z, t) > x(z) fore e Rand 0 <t<T (3.6)
and the initial condition

u(z,0) = up(x) forx € R, (3.7)

where ug(z) = x(z) = P(e*) is the payoff function in the log of the asset price.
Moreover, for each point (z,t) € R x [0,T], the complementarity condition has to

be satisfied, i.e., there holds equality in at least one of (3.5) and (3.6).
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We have shown in §2.3.2 that LCP’s can be also written as variational inequal-
ities. So it is clear that Problem 3.2 is a special example of parabolic variational

inequalities.

Remark 3.3 (Localization of Domain) To solve problems like Problem 3.2, which
is formulated on an infinite domain, we usually truncate the infinite domain to get
a finite domain [—L, L] (this procedure is usually called localization). It introduces
truncation error which decreases exponentially fast as L increases. On the other
hand, the localization also removes the degeneracy (when S = 0) artificially. To get
around this, there is a different approach which avoids using the log-price has been

proposed by [5].

Remark 3.4 (Solving the B-S Problems) Generally speaking, there are two ba-
sic ways to solve option pricing problems: analytical methods and numerical meth-
ods. Black and Scholes [23] derived explicit pricing formulas for European call
and put options on stocks which do not pay dividends. For American options, the
Black-Scholes model results in a variational inequality. One can not find explicit
closed-form solutions to the American option pricing problem in general. When the
formulas for the exact solutions are too difficult to be practically used, we resort to
numerical methods, such as lattice methods, simulation-based methods, PDE-based
methods, etc. We refer to the book by Wilmott, Dewynne, and Howison [142], the
recent review by Broadie and Detemple [37], and the references therein for a review

and comparison of many numerical strategies for pricing American options.

Remark 3.5 (Perpetual Options) A perpetual option is an option with no ma-
turity date. Of course, only American-style perpetual options make sense then. For
pricing perpetual options in the B-S model, we only need to modify Problem 3.2 by

removing the time-derivative term to obtain a steady state variational inequality.
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3.3 Beyond Black-Scholes Model

In the classical Black-Scholes (B-S) model, the underlying risky assets are
assumed to be geometric Brownian motions. In practice, all the parameters (strike
price, expiration date, interest rate, etc) can be observed except the volatility. This
implies an one-to-one relation between the value of an option contract and the
volatility. However it is observed in “real” world that it is necessary to use different
volatility for different strike price or maturity to fit the Black-Scholes formula with
quoted prices of European options. This phenomenon is called wvolatility skew or
volatility smile depending on the shape of the volatility curve. Because of the
existence of the volatility smile, traders usually need to use a matrix of implied

volatilities [141] to adjust prices.

3.3.1 Lévy Processes

Many advanced models beyond the classical B-S models have been proposed
to overcome this difficulty. We only mention one of the approaches, which enriches
the stochastic dynamics of the underlying risk asset by allowing jumps (see [4] and
the reference therein for a quick review). These models can be treated in a general
framework using Lévy processes. In real life, it is observed that the price of a risky
asset could have sudden jumps. For example, in Figure 3.2 and 3.3, it shows the
exchange rate of US dollars to Euro from the beginning of century till now. We can
see jumps if we examine the picture carefully.

Starting from the seminal work by Merton [102], many models were developed
along this direction in the last two decades. The variance Gamma model by Madan
and Seneta [95] was the first model which used a particular Lévy process to model
the asset dynamics. It was extended to option pricing later by Madan et al. [94]. All
these models as well as the classical B-S model can be considered in the framework
of Lévy processes [91]. In this section, we shall first review some basic concepts of

Lévy processes.
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Figure 3.2: Foreign exchange rate: US dollars per Euro.
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Definition 3.6 (Lévy Process) A stochastic process, X; (0 < t < oo and Xy =

0), is a Lévy process if and only if it has independent and stationary increments.

Remark 3.7 (Independent and Stationary Increments) By the definition, for
any Lévy process X;, the random variable X;. n; — X; has same but independent
distribution as the Xy a; — Xy with 0 < ¢,¢/, At < oo. It is then clear that the

Wiener process introduced in Remark 3.1 is a particular example of Lévy processes.

Example 3.8 (Poisson Process) In addition to a Wiener process, another simple
example of Lévy processes is a Poisson process. The Poisson process N,(t > 0)
represents the number of events since time ¢ = 0 and increment Ny, a; — N; satisfies
a Poisson distribution for any ¢ and At > 0. Merton [102] used Poisson processes

to model the occurrence of jumps in real market

% = rdt + odW + ndN.

It is often called the jump-diffusion model.

3.3.2 Lévy-Khintchine Formula

The characteristic function of a Lévy process can be represented using the fol-
lowing Lévy-Khintchine formula (detailed discussion can be found in the monograph

by Sato [121]).

Proposition 3.9 (Lévy-Khintchine Formula) Let X; be a Lévy process. Then
we have the following representation of the characteristic function of X,
) 1 )
In E[e"*] = iatf — 5021592 + t/ (e — 1 —ifz1)<1) v(da).
R
where a > 0, 0 € R, and 1, is the characteristic function and a measure v on
R\{0} satisfying
/min{l,x2}y(dx) < .
R

Remark 3.10 (Lévy-Khintchine Triplet) From the proposition above, a Lévy

process is a combination of a drift component, a Brownian motion component and
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a jump component. These three components can be determined by the Lévy-

Khintchine triplet (a, o2, v).

e The first parameter « is called the drift term which determines the develop-

ment of the process X; on the average.
e The second parameter o2 defines the variance of the Gaussian part of X;.

e The last parameter v (the so-called Lévy measure) is responsible for the be-
havior of jumps. It is usually assumed that v(dx) = k(z)dz with k(-) being
the Lévy density of X;. Intuitively speaking, the Lévy measure describes the

expected number of jumps of a certain height in a unit time interval.

Remark 3.11 (Regularization) We notice that the Lévy density might not be
integrable near the origin. Regularization is necessary to make the integral in the
Lévy-Khintchine formula integrable. The function 1 + i6x1),<; is used for regular-

ization (to guarantee integrability around zero) here.

Remark 3.12 (CGMY Model) The CGMY model [40] is a generalization of the
variance Gamma model [95]. Here we just give the Lévy density of the CGMY

model without getting into details. The density function can be written as

e ow ifr <0 s
CcGMY\T) ‘= _ .
C% if > 0,

where constants C' > 0, G,M > 0, and Y < 2. Here C' is a measure of the overall
level of activity; G and M control the rate of exponential decay of the Lévy density
(they are usually different due to different reasons causing up and down movement
of the price of risk assets); Y is used to model the fine structure of the stochastic

process.

Remark 3.13 (Relation with Fractional Laplacian) It is well known that the

Fourier transform of the Laplace operator can be written as

(—Au)"(€) = [g[*a(s).
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In this manner, we can define square root of the Laplace operator to be

More generally, we can define [55], for all s € R, that

(=A)u)" (&) = [¢[*a(s). (3.9)

This is related to the so-called fractional integral operator. In fact, we can compute
the fractional Laplacian (—A)*® using a singular integral
u(z) — u(y)
—A)? =Cys PV ——dy, 3.10
(~Afule) = Cuu- PV [ HE iy (310)
This integral operator is then related to the CGMY model (G =M =0, Y = s for
d=1).

Using similar techniques as in the case of Black-Scholes, it has been shown
(see [118]) that value of options written on an underlying geometric Lévy process
can be formulated as integro-differential equations (European-style) or variational
inequalities (American-style) [4]. In the following section, we will give a general
formulation of a class of integro-differential variational inequalities which can cover
the important cases of European and American option pricing problems with Lévy

asset.

3.4 Option Pricing as a Variational Inequality

In this section, we shall specify a class of problems which will be treated
numerically in the following chapters. We shall introduce fully-discrete numerical
methods to solve the problem in Chapter 4; we analyze the a priori as well as
a posteriori errors of the numerical methods in Chapter 5 and 6; finally we shall
propose adaptive algorithms to improve efficiency in Chapter 7.

Assume the linear operator A : V — V* to be continuous and coercive and

a(+,+) to be its associated bilinear form. To cover the interesting applications men-
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tioned in the previous two sections, we consider the following evolution integro-

differential variational inequalities: find u(t) € K(t) such that
(Opu(t) + Au(t) — f(t),u(t) —v)y <0  VwoveK(t)ae te(0,T), (3.11)

where the convex set
Kt) ={veViv>x)}.
Here f,u,v are obviously also functions of x, which we omit for convenience.
Now we shall introduce a general variational inequality problem which can
be used for American option pricing problems on assets whose prices are modelled
by a Lévy process. Let Q be an open and bounded polygonal domain in R? and

Q := Ox(0,T). For areal constant Y < 2, we define a continuous pseudo-differential

operator A;: HY/?(Q) — HY/?(Q)
Anu(z) = / k(z —y)u(y)dy  Yue HY?*(Q), (3.12)
Q

where k(x) is a given kernel function. We assume that, in the definition (3.12), the

kernel function k(z) € C*°(R\ {0}), and that the condition
07 k()| < || (3.13)
near r = 0.

Remark 3.14 (More General Pseudo-differential Operators) For financial ap-
plications considered in this thesis, the pseudo-differential operator A; (3.12) is gen-
eral enough to cover most important models, like Lévy jump-diffusion models and
the CGMY model. However, the theory, which will developed in the following chap-
ters, can be extended to more general classes of operators. For example, we can
allow operators which are not transition invariant, i.e. Aju(z) = [, k(z,y)u(y)dy,
also. In differential operator case, operator A with coefficients depends on x are

considered in [104].

Remark 3.15 (Singular Kernel) Since we could and would like to (to allow
jumps) have singular kernel as discussed in previous section, we need to give the in-
tegral operator in (3.12) a proper meaning. Taking the kernel function as in CGMY

. —Cla| . .
model as an example, i.e. k(z) = fﬂﬁ, we usually consider the following cases:
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1. [pk(z)de < oo or Y < 0: In this case, the integral is not singular and the

corresponding underlying asset has finite activity and finite variation.

2. Jpak(z)dr < oo or 0 <Y < 1: In this case, the integral need to be regular-
ized by [ k(z — y)(u(y) — u(z))dy. This corresponds to the case when the

underlying asset has infinite activity but finite variation.

3. Jga*k(z)dz < co or 1 <Y < 2: In this case, the kernel function is more
singular; the underlying asset could have infinite activity and infinite variation.
We could regularize the integral by [, k(z—y)(u(y) —u(z)— (ev~" —1)u'(z))dy

for example.

Let p € (0,2] be a positive constant. We define V := H?/?(Q). We consider

the following class of linear operators.

Definition 3.16 (Operator A) Define A: H?/?(Q) — H*/?(Q) in the following

three class where coefficients ¢, € R 0 < ¢; € R, ¢; € R?, ¢y € R are constants:
e Casel (p=2): In this case Y < 2
Au ==V - (coVu) + ctAju + ¢ - Vu + cou,
where ¢, € R%*? is a positive definite matrix.
e Case Il (1 < p < 2): In this case Y = p and
Au := ciAru + ¢1 - Vu + cou,
where A; satisfies the Garding inequality:

I

(Arv,v) = K|Vl = Kellvlfe g (3.14)
with x, > 0 and o < p/2.
e Case Il (0 < p < 1): In this case Y = p and
Au = c; Aru + cou,

where A; satisfies the Garding inequality (3.14).
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From now on, we define s = p/2 and the operator A : H*(Q) — H*(Q). We

note that 0 < s < 1 depends on the specific application.

Remark 3.17 (Financial Meaning) For a Levy process, ¢y corresponds to the
covariance matrix of a Brownian motion; the integral operator A; corresponds to a

jump process; the term with ¢; is necessary to achieve the Martingale condition.

Remark 3.18 (Continuity and Coercivity) In all these three cases, we can see
that (1.7) always holds and (1.8) is satisfied if ¢, is sufficiently large. Hence the
existence and uniqueness of the solution can be proved by the general theory intro-
duced in Chapter 1 and 2. Furthermore, the energy norm associated with A, |||, is

equivalent to the H*(Q)-norm.

Remark 3.19 (Strong Sector Condition) From continuity and coercivity of A,

it is then clear that the operator A satisfies the strong sector condition (2.5), i.e.

| (Av, w) | < [ Av]

ve - lwlly <2yl - flwll v, weV,

where v = % and V = f[s(Q) Hence, by Lemma 2.10, A is an angle-bounded

operator which satisfies the coercivity condition (2.9).

Remark 3.20 (Smooth Pasting) Regularity results for obstacle problems with
fractional power of Laplacian are discussed by Silvestre [128]. He proved that the
solution v is in C1#(Q) for time-independent obstacle problem with A = (—A)*(0 <
s < 1). For more general problems, it has been shown by Boyarchenko and Lev-
endorskii [24] that (for perpetual American options) the smooth pasting property
(C! solution) may fail in the pure jump cases (for example, c; = 0, ¢c; = 1, ¢; # 0,
and Y < 1). So in general, we can not assume that smooth pasting holds for our

numerical treatments.

40



Chapter 4

Numerical Methods for Obstacle Problems

Many numerical schemes have been developed and analyzed for variational
inequalities in the past three decades. The standard techniques for both static and
evolution variational inequalities can be found in the book by Glowinski [75, 74].
For option pricing problem, several numerical algorithms [3, 76, 77, 98, 99, 100] have
been proposed recently.

In this chapter we discuss numerical methods for the obstacle problems of
general form discussed in §2. We review the finite element method for space-
discretization and the general 6-scheme for time-discretization. And then we discuss
a fully-discrete numerical scheme for PVIs to prepare ourselves for later chapters
on error analysis and adaptive methods. The rest of this chapter is organized as
follows. In section 4.1, we review basic concepts of continuous Galerkin method and
finite element approximation. Then we introduce the general §-scheme which is com-
monly used for evolution equations in section 4.2. Finally, we give a fully-discrete

numerical scheme for parabolic variational inequalities in 4.3.

4.1 Finite Element Methods

The finite element method (FEM) has a long history in practical use and is
widely applied to lots of problems in physics and engineering. It has been proved
to be very successful in many areas, like structural mechanics. After forty years

extensive development, the subject of standard finite element method has become
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a well-understood and successful area in scientific computation.

Remark 4.1 (Why FEM?) The reason we choose to use the finite element method
instead of the finite difference method is due to the following features of the finite

element method:

e The most attractive feature of the FEM is its ability to handle complex ge-
ometries, boundaries, and operators with relative ease. Since we are going to
handle differential and integral operators in a uniform framework, it is much

easier to use the finite element method.

e The finite difference method approximates the differential equation whereas
the finite element method approximates the underlying function space. It is
more natural to enforce the obstacle constraint in the finite element approxi-

mation.

e The finite element method provides a mathematically sound framework for de-

riving a prioir and a posteriori error estimates along with adaptive algorithms.

For elliptic partial differential equations, the Galerkin method exploit the weak
formulation and replaces the underlying function space by an appropriate finite di-
mensional subspace. And FEM is a Galerkin method that uses piecewise polynomial
spaces for approximate test and trial function spaces. The readers are referred to
[50, 83, 25, 29] for more detailed discussion on construction and error analysis of
the standard finite element method. This idea can be naturally extended to elliptic
variational inequalities.

To explain the main idea, we first introduce the finite element method for the

following elliptic variational inequality as an example:

Problem 4.2 (Elliptic Variational Inequality) Let 0 < s < 1 and the elliptic
operator A : H*(Q) — H~*(Q). Given data f € L2(Q) and a closed convex set K,
find v € K such that

(Au,u —v) < (f,u—wv) VveK:={veHQ)|v>x} (4.1)

For the definition of Sobolev spaces, see §2.1.
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Step 1. Domain Partion

We first partition the domain into small subdomains. Let €2 be an open polyg-
onal domain. We then discretize the polygonal domain €2 into simplexes 7 € 7.
Let h, = |r|a be the diameter of 7 € 7 and h(z) be the local meshsize, that is
the piecewise constant function with h|, := h, for all 7 € 7. The collection 7T of
elements (triangles or tetrahedrons) is called a mesh or triangulation. Throughout
this work, we will only consider conforming meshes, i.e. the intersection of any two
elements in 7 is either an edge(2d) /face(3d), vertex, or empty (see Figure 4.1 for an
example). We denote by Pp,(7) the set of all nodes in the mesh 7. Here we use the
subscript h to describe the discrete nature and this does not imply the underlying
meshes are quasi-uniform with meshsize h. Given a node z € P,(7), we define the

local meshsize to be h, := max{h, : 7 € T and z € 7}. Let hpin := min.cp, (1) b2

=

to be the minimum meshsize of 7.

Figure 4.1: A Conforming Partition of Q

Step 2. Finite-dimensional Approximation

Let V(7) C H*(R2) be the space of continuous piecewise polynomial finite

element functions over the mesh 7" which vanishes on the boundary I' := Q\ €, i.e.
V(T) :={ve C(Q) : v|, is a polynomial for all T € T,v=0on I'}. (4.2)
We then use a finite-dimensional set

K:={u, € V(T)|up > xn} closed and convex

43



to approximate the feasible set K, where x;, is an approximation of the obstacle y.
We notice that there are many ways to approximate the continuous test function
space. Different choices will result in different numerical methods. In this note,
we shall focus on the simplest case — linear finite element method on triangles or
tetrahedrons, i.e. v|, is a linear polynomial on each 7 € 7. The weak form of the

finite element approximation reads

Find u;, € K : a(up, up, —vp) < (fyup —wvp) Voo, €K (4.3)

Step 3. Solving the Finite-dimensional Problem

Let polynomials {¢;}/_, be a basis of the I[-dimensional space V(7). Let
A = (a(¢s,1;))!;—, be the resulting stiffness matrix of (4.1). If U= (U)_, X=
(X;)_, € R are the vectors of coefficients of u;, and x;, namely u;, = Zle U,
and x, = Y1, X, and F = (F,)L, = ((f, ¢i>)f:1, then U satisfies the finite-
dimensional variational inequality:

FindU>X: AU-F)T(U-V)<0 VV>X

Upon solving this finite-dimensional problem, we obtain a discrete approximation
uy, of Problem (4.2). It is clear that this discrete problem admits a unique solution
(see, for example, [74]). There are various ways to solve this finite-dimensional
variational inequality. For the moment, we assume that there is a magic black box

which can give us the solution of this problem. Once this discrete VI problem is

solved, we get an approximation of the exact solution.

Remark 4.3 (Approximation of y) There are several ways to approximate the
convex set K. For example, we can take x;, = x (conforming, i.e. K C I, but not
practical) or take y; to be the Lagrange interpolant of x for continuous y (might

not be conforming).

Error Estimations

For standard finite element approximation of elliptic equations, the most im-

portant property is an orthogonality property (i.e. the so-called Galerkin orthogo-
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nality)
a(u — up,vp) =0 Vo, € V. (4.4)

This is a simple observation of the weak formulations of the exact and discrete
solutions:

a(u,v) = (f,v) VveV

a(up,vp) = (f,vn) VYoveV.
Taking v = vy, in the first equation and simply subtracting the two equations gives
the Galerkin orthogonality (4.4).
A Priori Error Analysis. Using the definition of the energy norm, the Galerkin
orthogonality (4.4) and the strong sector condition (2.5), we have, for any v, € V,
that

lu = wnll® = a(u = un, u = up) = alu = wn,u—va) S flu — sl flu = onl].
Hence, we obtain the quasi-optimality of the finite element approximation
_ < i _
llw = unll < inf Jlu—onll- (4.5)

This means uy, is almost the best approximation of u in the subspace V. We shall
discuss this in Chapter 5 in detail.
A Posteriori Error Analysis. A posteriori error estimation relies on the following

error equation (or residual equation). It is straightforward that
a(u —up,v) = a(u,v) — a(up,v) = (f,v) — alun,v) = (f = Aup,v).

Hence, by continuity and coercivity of A and the Cauchy-Schwarz inequality, we
obtain

If = Aunll, S llu = unll S If = Aunll, - (4.6)

Notice that, on the right-hand side, we only have the data f and the discrete solution
up,. This upper bound does not depend on the unknown solution u. Of course, to
make the upper bound useful in adaptive algorithms, we need it to be local and

computable. This will be addressed later in Chapter 6 and 7.
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Some Comments

We now summarize this short introduction of finite element methods with a

few comments.

Remark 4.4 (Quasi-uniform Meshes) Let 7 be a mesh over the domain 2. We

say that 7 is quasi-uniform if there exists a constant hg independent of 7 such that
hoShTSho V1reT.

Remark 4.5 (Shape-regularity) Let {7;} be a family of conforming meshes over
the domain 2. We refer {7;} as a shape-regular family if there exists a generic
constant C' independent of j such that

diam(7)

I <C VTELJJ’]},

where diam(7) is the diameter of the smallest ball containing 7. Notice that the
shape-regular family allows meshes that may be very highly locally refined (contain-
ing elements of very different sizes). This condition is equivalent to the mazimum

angle condition which is crucial for standard finite element analysis [7].

Remark 4.6 (Higher-order Finite Element Spaces) The test function space
V(7) does not necessarily have to be a piecewise linear polynomial space. It could
contain high-order polynomials to achieve better approximability. By choosing dif-
ferent trial function spaces and different convex sets K, one can construct different

finite element methods.

4.2 Euler Method for ODEs

Before we can introduce a fully-discrete numerical method, we review a simple
time discretization scheme, the Euler method, for the Cauchy problem (initial value
problem): find w : [0,7] — R satisfying

u'(t) +F(tu(t) =0 Vite (0,7)

u(0) = g
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where F(¢,-),t € [0,7] be a family of continuous and coercive operators from V to
V.

We partition the time domain [0, 7] into N subintervals, i.e. 0 = tg < t; <
-~ <ty =T and let k,, :=t,, — t,_1 be the time step-size. We denote the approxi-

mate solution at each time step ¢, by U™, forn=0,..., N.

N

N, we define the piecewise constant interpolant W

For any sequence {WW/™

and the piecewise linear interpolant W as
W) =W" W) :=I)W" +Q—I1t)W"  Vte (ty,ta, (4.8)

for 1 < n < N, where the linear function I(¢) is defined by

t, — 1
[(t) := ? Vte (thot,tn] (4.9)
We also denote by {dW"}Y_, the discrete derivative of the sequence {W"}_,
n __ n—1
own ::% V1<n<N. (4.10)

Since W is piecewise linear in time, we denote ;W to be the left derivative of W in

time. From this definition, it is easy to see that
oW (t) =own Vit e (th1,tn] (4.11)

For a function w continuous in time, we let W"(-) := w(t,,-) be its semi-
discrete approximation. Hence, by the convention above, W is the piecewise constant
approximation of w and W is the piecewise linear interpolation (in time) of w.

Now we are ready to formulate the §-scheme: given an initial guess U° of uq,

solve the following discrete problem
SU™ +0F(tn, U™) + (1 — O)F (tu_r, U™ =0, (4.12)

form=1,...,N and 0 < 6 < 1. For different 0, we get different finite difference

schemes:

e Forward Euler Method : 6 = 0 (explicit scheme)
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e Backward Euler’'s Method : § = 1 (implicit scheme)

1
o Trapezoidal Method: 6 = 5 (Crank-Nicolson Method).

The convergence, stability and consistency results for these methods are standard

(see, for example, [6, Chapter 5]).

4.3 Numerical Methods for Parabolic VI

With the two basic building blocks introduced in §4.1 and §4.2, we can now
introduce a class of fully-discrete numerical methods for the parabolic obstacle prob-
lem (2.18). We first recall the continuous problem and then give a fully-discrete

numerical scheme to solve it.

4.3.1 Continuous Problem

To simplify the representation, we assume that {2 be an open bounded polyg-
onal domain in R¢ with boundary I' and Q := Q x (0,7 be the parabolic cylinder.
Consider an obstacle x € H'(Q) such that x < 0onI'x(0,7T) and nonempty convex
sets

K(t) :={ve H Q) :v>x(t)} a.e. te[0,T]. (4.13)

We consider the linear operator A : H*(Q) — H5(Q) for 0 < s < 1 given in
Definition 3.16. The operator A gives rise to the continuous and coercive bilinear

form a(-,-) : [H*(Q)]?> — R defined by
a(v,w) := (Av,w) Yo, w € H(Q).

For the moment, we further assume that y € C'(0,T; H(Q) N C(2)). We can
use linear Lagrange interpolation x} to approximate x(t,). Instead of using the
interpolation to define the approximate obstacle, we can also employ an operator
based on averaging. This will be discussed in Chapter 5. Hence this restriction will

be removed later.
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Problem 4.7 Given data f € L'(0,T; L*(Q)) and initial condition uy € K, find
we L0, T;K)N HY0,T; H*(Q)) such that

(Opu(t) + Au(t), u(t) —v) < (f(t),u(t) —v) VoeK(t) ae te(0,T). (4.14)

4.3.2 Semi-discrete Problem

We can apply the backward Euler method to parabolic variational inequality

(4.14) to get a semi-discrete numerical scheme:

Method 4.8 (Backward Euler Method) Given the initial guess U° = vy and

1 [t
g / £(#) dt, (4.15)
ko Ji, |
find an approximate solution U™ € K for 1 <n < N such that
U™, U™ — vy +a(U™, U™ —v) < (F",U" — ) Vovek. (4.16)

Remark 4.9 (Implicit Scheme) The backward Euler method, Method 4.8, is

fully implicit. At each time step n, we need to solve an elliptic variational inequality
(U™, U™ = v) + kpa(U™, U™ —v) < (U™ + ko F™* U™ = 0) Vovelk.

This problem has a unique solution from Theorem 1.5. We can apply the finite
element method discussed in §4.1 to solve it at each time step once the initial guess

U? is given.

We now recall some convergence results of the semi-discrete solution of Method
4.8. These results will be useful when we discuss the a priori error estimate for fully-
discrete problems in Chapter 5. The following lemma is first proved by Biaocchi [11,
Theorem 2.1] and then generalized and improved by Savaré [122, Theorem 4] and

gives the regularity of the semi-discrete solution as well as its first time derivative.

Lemma 4.10 (Regularity of Semi-discrete Solution) For any initial guess U° €

V', the temporal semi-discrete problem (4.16) admits a unique solution {U"} and
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Ur e K, for1 <n < N. IfU° =uy € K and f € &(0,T), then we have the

piecewise linear (in time) function
U € 3(0,7).
Furthermore, if f € BV (0,T;H), we have that
oU € 3(0,7)
and there exists a constant C' depends on f and ug such that
| — Ullz0,1) < Ck.

Remark 4.11 (Comments on Regularity) As discussed in Remark 2.21, we can
not expect dyu to be continuous even if data is sufficiently smooth. Under this
consideration, O,U € J(0,T) is almost the maximal regularity one can ask; maximal
regularity of u is explored in [122]. Using Proposition 2.14, we observe that AU is
in L>°(0,T;H) because f € BV (0,T;H) and 9,U € L*(0,T;H).

Next we recall the following convergence rate for backward Euler method in
[110], which is optimal respect to the time stepping method and the regularity of the
solution. In this work, Nochetto et al. exploit the angle-bounded condition without
assuming further regularity of the solution to prove the optimal convergence rate

via a novel a posteriori error estimator. This result is consistent with Lemma 4.10.

Lemma 4.12 (Error Estimation for Semi-discrete Solution) Let the opera-

tor A be v-angle-bounded. If
Ul=wuye{veK|AveH} and f € BV(0,T; H),
then we have the error
T 1 T 1
2 2 =112 2
max{olgtag%Hu— ol (/0 Ju— UJ? dt) (/0 Jlu T a) } < Ck,
where the constant C' depends on v, ug, and f only.

Proof. The result is a direct consequence of [110, Corollary 4.10]. n
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4.3.3 Fully-discrete Problem

We can solve Problem 4.7 numerically by a 6-scheme for time-discretization
and a conforming finite element method for space-discretization. Apparently, there
are many possible combinations in this class. We will focus on one of the simplest
combinations: backward Euler and linear finite element method. In the next two
chapters, we shall consider the error committed by this particular fully-discrete

numerical scheme.

Discretization

For the numerical treatment of Problem 4.7, we discretize the spatial domain
Q) into simplexes 7 € 7, and partition the time domain [0, 7] into N subintervals,
le. 0=tg<t1 < ---<ty=Tand let k,, :=1t, — t,_1.

Let V(7') be the usual conforming piecewise linear finite element subspace of
H5(Q) over the mesh 7. For the moment, we assume that the finite element space
does not change in time. We shall consider the case of mesh changes in time in
Chapter 7.

Consider the corresponding discrete convex set at time t = t,,
K':={veV(T):v>xi} (4.17)

where the sequence x} € V(7) is a piecewise linear approximation of the obstacle
X(t,) for 0 <n < N. For example, when the obstacle x is continuous, we could take
X} to be the piecewise linear Lagrange interpolant of x(t,). For convenience, we
denote the set of space-time piecewise linear functions which satisfies the discrete

constraints all the time as
K:={V|V(t,) € K" and V(¢) linear in [t,—1,t,], n=1,...,N}. (4.18)
Given an initial guess U € K°, we define feasible set

K:={V eK|V(t)=U}.
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Numerical Scheme

Now we formulate the following fully discrete numerical approximation of
Problem 4.7 by using linear finite elements in space and backward Euler method in

time:

Method 4.13 (Fully-discrete Method) Given the approzimation F" € L*(Q)
of f at time t, for 1 < n < N, and initial guess U € K°, find an approzimate

solution Uy € K" for 1 <n < N such that
1
k_<U}7 — UL U — o)+ a(Up, U — ) < (F™ U — ) Voo, € K" (4.19)

Remark 4.14 (Existence and Uniqueness of Solution) Based on the general
existence theory for elliptic problems developed in Chapter 1, we know that the

inequality (4.19) has a unique solution for any 1 <n < N.

Discrete Problem

The discrete problem (4.19) admits a unique solution [74]. Moreover, let
{1..}I_, be the set of nodal basis functions, and let

I

A= (o) + k()

be the resulting matrix of (4.19). If U = (U;),X = (X;) € R are the vector of

nodal values of U}’ and x}, namely

1 1
=1 =1

and the right-hand side
- n n !
F = (F) = (U + kaF" )

=

then U satisfies the variational inequality:

FindU>X: (AU-F)T(U-V)<0 VV>X (4.20)
In (4.20), it is trivial to see U > X. Taking V =U+ W for any VvV > 0, we
obtain that AU — F > 0. Furthermore, by taking V = X and U + (Ij — X),
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respectively, we can see (AU — F)T(U — X) = 0. In this way, we obtain a discrete

linear complementarity problem (LCP) as in §2.3.2:

—

AU>F, U>X, (AU-F)(U-X)=0 (4.21)

We shall discuss how to solve this finite dimensional variational inequality in great

detail in § 7.5.
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Chapter 5

A Priori Error Estimation

In this chapter, we consider a priori error estimation for the numerical methods
proposed in Chapter 4 for both stationary and evolutionary variational inequalities.
Here we shall assume both the time horizon [0, 7| and the polygonal space domain
Q) are partitioned uniformly. The main purpose is to derive discretization error in

terms of time step-size k and space meshsize h.

5.1 A Priori Error Estimation for EVlIs

Before we look at the parabolic variational inequality (4.14), we first review
the convergence results of linear finite element method for the elliptic variational
inequality (4.1). This discussion motives the optimal convergence rate proof for
parabolic problems in §5.2. The general discussion on a priori error estimations of
finite element methods for linear elliptic PDEs can be found, for example, in [29].

The first a priori error estimation for elliptic variational inequality was given by
Falk [69] for symmetric bilinear form a(-,-) (but the proof works for non-symmetric
problems also) in the abstract setting discussed in chapter 1. In [69], Falk proved
optimal convergence rate for linear elements for problems with homogenous bound-
ary data. Later, the result was extended to the nonhomogenous case, quadratic

elements and mixed finite elements by Brezzi, Hager, and Raviart [35, 36].

o4



5.1.1 Abstract Error Estimation

We now present an optimal approximation result which is a modification of

(69, Theorem 1].

Theorem 5.1 (Optimal Approximation Property) Suppose A is continuous
and elliptic as in (1.7) and (1.8). Let u and uy, be the solutions of (4.1) and (4.3),
respectively. If f — Au € V*, then

_ 2 < s { _ 2 _
e = ually S inf { flu=vall} + 11f = Aul

u— vh||v}

* 1 f - . .]_
y 7£1€11C||uh v|ly (5.1)

AV

+[If = Aul

Furthermore, if f — Au € 'H, then
= wnlfy < inf, { = onl}, + 11F = Aully llu = vl |
1 — Aully inf s — ] (52)
Before we prove the results above, it is worth mentioning the following comments

for better understanding of the theorem.

Remark 5.2 (Approximation Error) The first term of the two inequalities above,
(5.1) and (5.2), is the approximation error due to replacing the infinite-dimensional
test function spaces by the finite element subspace. If the solution satisfies f — Au =
0 in distribution sense, the above theorem reduces to the standard quasi-optimality

(4.5) of finite element methods for linear elliptic boundary value problems.

Remark 5.3 (Non-conformity Error) The second term of (5.1) and (5.2) mea-
sures non-conformity of the approximate constraint set K. If K C K (conforming),
this term vanishes and we only have the first approximability term; otherwise it tells

how “different” the sets K and K are.

Proof of Theorem 5.1. Recall the continuous and discrete variational inequali-

ties, (4.1) and (4.3):
a(u,u —v) < (f,u—v) Yo ek

a(up, up, — vp) < (f,up — vp) Y, € K.
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By adding the last two inequalities, it is easy to see that
a(u, w) + alup, up) < (f,u—v) + (f,up —vp) + a(u,v) + alup, vp).
Subtracting a(u, us) + a(up, u) from both sides of the inequality above, we obtain
alu —up,u—up) < (f,u—v)+ (f,up —vp) + alu,v — up) + alup, v, — ).

Since

a(up, vy, —u) = a(u — up, u — vy) — a(u, u — vy),
we regroup terms on the right-hand side to get
alw—unyu =) <((fru— ) = alu,u— o)) + ((fun—v) = alu, up —v))
+a(u — up, u — vyp)

={(f — Au,u —vp) + (f — Au,up, — v) + a(u — up, u — vy)
(5.3)

By coercivity of the bilinear form, the left-hand side of the above inequality yields
alu —up,u—up) > Cy||u— uh||]2, ;
On the other hand, by continuity,
a(u —up,u —vp) < C*[lu —uplly [Ju —vpy, -

Then the theorem follows immediately from the Cauchy-Schwarz inequality and the

last two inequalities and (5.3). |

5.1.2 Application to Stationary Obstacle Problems

Based on the previous general approximation theorem, we obtain the following
optimal error approximation of the linear finite element method for the Dirichlet
obstacle problem, ie. V = H'(Q) = HYQ), V* = H Y(Q), H = L*(Q), which
has been discussed in Remark 2.15. The proof hinges on the regularity result (see
Remark 2.15) and classical interpolation theory. We leave the proof out (for details,

we refer to [69]).
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Corollary 5.4 (Dirichlet Obstacle Problem) Let Q) be a bounded convez polyg-
onal domain. Let f € L*(Q) and x € H*(Q)) be admissible. If u and uy, are the
solutions of (4.1) and (4.3), respectively, then there exists a constant C' which de-
pends only on ), f and x such that

Ju— uhHHl(Q) < Ch.

Remark 5.5 (Higher Order Finite Element Approximation) From the pre-
vious corollary, the energy error converges optimally for linear finite element method
respect to the approximation space and regularity of u. On the other hand, for
quadratic finite element method, it has been shown [35, Lemma 4.3] that the con-
vergence rate is O(h%?7¢) for smooth enough f, x and €. This is due to the lack of

regularity of solutions of obstacle problems discussed in Remark 2.15.

5.2 A Priori Error Estimation for PVlIs

In this section, we shall consider parabolic variational inequalities, and derive
optimal a priori error bound in J(0,7)-norm. We can further assume that the
conforming condition K C K(0,T") is satisfied. In fact, we can use the transformation
w = u — x to transform the original PVI to a problem with a simple constraint
K(t) := {v € V]|v > 0}. Hence, for simplicity, we assume y = 0 in this chapter. Let
2 C R? be an open and bounded polygonal domain and 7 be a quasi-uniform mesh
(with meshsize h) of . Let V(7') be the P! finite element space associated with 7.

Furthermore, we use uniform time partition with time step-size k.

5.2.1 Introduction

A priori error of the semi-discrete problem (4.16) has been studied in [11, 109,
110]. Baiocchi [11] proved that for initial solution uy € H?(2) the error u — U
in the energy norm converges a priori with order of O(k) for A being the Laplace

operator. In [109, 110], Nochetto et al. proved optimal convergence rate of the
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backward Euler solution for more general evolution problems with a very different
approach, a special case of which has been given in Lemma 4.12.

There are a number of a priori error estimates available for the fully-discrete
method (4.19) for parabolic variational inequality (4.14). Johnson assumes that
up € W2 (Q) and obtains (with some additional assumptions on the speed of prop-
agation of the free boundary) an error estimate O((logk~)"/*k%* + h) for the
L*(0,T; H'(Q2)) error for implicit Euler (time) and linear finite element (space) dis-
cretization. Vuik [138] generalized the error estimation for general #-scheme; he
used the same techniques as Johnson and obtained same suboptimal convergence
rate in time. Berger and Falk [17] analyzed the convergence of truncation method
(using linear finite element, explicit time scheme) for a class of parabolic variational
inequalities and obtained the L?(0,T; H*(€)) error can be bounded by C.(h + k')
when k < h?. More recently, Fetter [71] obtained an almost optimal L> error bound
using an auxiliary parabolic variational inequalities assuming uy € L2(0,T; L?(2)).

To prove optimal convergence of the fully-discrete scheme (4.19), we will take
full advantage of recent developments in the error analysis for time-discretization
for evolution problems [109, 110]. We carry out the error estimation in two steps:
first we look at the error between the temporal semi-discretization solution U and
fully-discrete solution U, and introduce a general estimation for the energy error;
then we apply the known results for the error of semi-discrete solution U (Lemma
4.12) as well as the regularity result for semi-discrete solution U (Lemma 4.10) to

prove Theorem 5.11.

5.2.2 Estimation of Space Error

Applying the standard energy method, we give a general estimation of the
“space” error ||U — Upl|2(0,r;v)- Recall that, by convention, || - || denotes the H-

norm and ||-|| is the energy norm.

Lemma 5.6 (Abstract Error Estimation of Space Error) Let U and U, be

the solutions of the temporal semi-discrete problem (4.16) and the fully-discrete prob-
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lem (4.19), respectively. If
T
B0.7:9) = |0 - v)@)+ [T -0 a
0
and F — 6;U — AU € L>(0,T;H), then we have that
T
B0.1:0) S int (JU@) - D)IP+ [ € at),

VieK 0

where
= =i = = = 2
€ (t) = |F = 6,U = AU - U = Vu|| + ||U = Vi ||” + l6:(U = Vi) |I?
s a piecewise constant function.

Proof. For convenient of the presentation, we first define

L(t) = <5t(U — Uh),U — Uh> + G(U — Uh,U — Uh)

Here, as we defined in §4.2, we use the following notation

Vv — n—1
6tV(t) = Tv if ¢ S (tn—latn]a

for any piecewise linear (in time) function V.
Integrating L(¢) in time and applying the triangle inequality, we get that

N

/Tw) dt=3 / (6:(U = Uy),U — Tyt + /T 1T =TI at

n=1"tn-1

N T
— Z((U" —Un) — (Ut —uprh, Ut - U +/0 1T — Uhmzdt

3
—

v

NS 1 T = e
IR Y R vl B [
0

n=1

(5.4)

On the other hand, for any finite element function v, € K, we always have

L(t) =1+ I+ Il where

I:= <(5t(U — Uh), U - Uh>7
I.= a(U—Uh,U—vh),
I .= <5t(U — Uh),vh - Uh> + CL(U - Uh,’l}h —Uh).

29



We keep the first part as it is and start to estimate the other two parts.
By the Cauchy-Schwarz and Holder’s inequalities, we get that

1< S [T -Tll” + 5 7 - wnll”

For the third part, we first divide it into three parts and apply the semi-discrete as
well as fully-discrete variational inequalities (4.16) and (4.19). Then we obtain that

Im = <5tU, Uy — U> + CL(U, Vp — U) + <5tU,U — Uh> + G(U,U — Uh)

apply (4.16)

+ <5tUh,Uh — ’Uh> + &(Uh,Uh — Uh)J

apply (4.19)

< (6,U + AU — F,v, — U).

Hence, in the above two inequalities, we take a piecewise constant function v, € K
such that
up(t) =V e K® fort € (tp_1,tn], n=1,...,N

and obtain that

- — 1,— = 1,— —
L) < (6(U =0T = Vi) + 5 [T = Tul[* + 5 |7 - V|
+||[F = 6,U — AU|| - [|U = V|
< (U -0, U=V + —H}U Ul|” + €. (5.5)

Combining (5.4) with (5.5), we directly get

1 1
I =D+ 5 [T - Tl
1 o T
5||U0 U,?||2+/ (6:(U = U),U —V4) dt+/ ¢ dt. (5.6)
0 0
Now we are left with the term f0T<5t(U —U,),U — V},) dt. Using summation by

parts, we get

T
/ (0(U = Up),U = Vi) dt =(UN = U, U = Vi) = {U° = U, U° = V)
0

—Z/ — U, 8(U = V) dt.
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On the right-hand side, we take any V}, € K (V2 := Vi (tg) = UP) to obtain by the

Cauchy-Schwarz inequality

| =000 -V @t < SI0=UDIE+ I = RO - |0 -

N t
e, n 1
+30 [ I - v+ L1 - Vil

n=1Ytn-1

Hence, by choosing an appropriate ¢, it follows from the last inequality that
T - — 1 5 1 T 9
| o -7y @< gl - v+ 5 [T -0 ar
0 0
T
U0 TP+ IO - VDI + [ € e (57)
0

Combining inequalities (5.6) and (5.7), we get the desired result. |

Remark 5.7 (Comparison with Existing Analysis) Notice that, in the previ-
ous lemma, we only deal with piecewise constant and piecewise linear functions (in

time). This gives us the advantage to get around a mixed term (in our notation)

like

un—l—l

(Buuttren) = 0 < ()

n

as analyzed in [82, 138], which is responsible for a suboptimal convergence rate as

well as an additional requirement on the free boundary.

5.2.3 Positivity Preserving Operators

Positivity preserving operators are of particular interests for obstacle problems
because we usual need the outcome of the approximation operator still satisfies the
obstacle constraints. The piecewise linear interpolation operator preserves positivity
and gives optimal approximation property; but unfortunately, it is well known that
the interpolation operators are not stable in H'(2) and can be only well-defined
for continuous functions. The usual averaging approximation operators, like the
Clément operator [51] or the Scott-Zhang operator [125], are stable but not positive.

A positive operator which is stable and has optimal approximation properties on
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polygonal domains has been constructed by Chen and Nochetto [49] and further
analyzed in [116].

First we define the positive preserving operator given by Chen and Nochetto
[49]. We denote the interior nodes of 7 by {z;}/_;. Recall that {1;}._, are the
canonical nodal basis functions of V(7), i.e. ¢;(x;) = d;; for j =1,...,1. For each

1 <1< 1, let w; be the support of ¢, i.e.
wi == U{T € T | supp(v;) N1 # }.
For any 7 € 7, we denote the union of elements surrounding 7 by w:
w, =U{r eT |7 N1 +#0o}.

Let B; be the maximal ball centered at z; and B; C w;. For any v € L'(Q),
we define the operator IIj, : L'(Q2) — V(7)) by

(Ilyv) () = i <|;Z| /B‘ v)qﬁl(:c) (5.8)

From the definition above, it is clear that the operator II; preserves positivity, i.e.

Me>0 Yo>0. (5.9)
Furthermore, due to the symmetry of B; with respect to x;, we have
(Ipv) (2;) = v(w;) Vv e PY(B,).

Next we review briefly the stability and optimal approximation results of II;

for the proof, see [49, Section 3].

Lemma 5.8 (Stability) For any 7 € T and 1 < p < oo, the following estimates
hold

1. ||Hhv||Lp(T) < ||U||Lp(7) VoeLP(Q);

2. ||VHhU||Lp(T) < ||VU||Lp(T) Yuve Wl’p(Q).
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Lemma 5.9 (Optimal Approximation) For any 7 € 7 and 1 < p < oo, we

have the following estimation
[v = Wyollwinery S BZND™ 0|l prw,y ¥ v € W™P(Q) N IWHP(Q),
where 7 =0,1 and m =1, 2.

Remark 5.10 (General Order) Using the interpolation estimate (Proposition 2.1),
this result can also be applied for any real number 0 < s < 1 to obtain optimal ap-

proximation property

v = oollwerry < RS D™0 |,y ¥ v € W2P(Q) A TWEP(Q).

5.2.4 Optimal Convergence Rate

In this section, we shall present an optimal convergence result for the fully-

discrete method (4.13) in L*°(0, T; L*(Q)) N L*(0, T; H'(Q))-norm.

Theorem 5.11 (A Priori Error Estimation for PVIs) Let Q be a convez polyg-
onal domain. Let A= —A. Let

feBV(0,T;L*(Q)) and wuy e H*(Q)NK.
Given an initial guess Uy satisfying
Up >0 and |lug - Uyll = O(h),
we have the error estimate

T
max ||u(t,) — Up[]? +/0 lu — Uh||%11(9) < C(k* + n). (5.10)

1<n<N

Proof of Theorem 5.11: Recall that, in our convention, u™ = u(t,) and @ is the

piecewise linear (in time) function. Applying the triangle inequality, we obtain that

/0”° llu— Tl dt < 2/0”“ llu— T dt+z/0”“ 17Tl dt.  (5.10)

for any integer 1 < ny < N.
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For the first term (time error) on the right-hand side of (5.11), a consequence
of Lemma 4.12
t7l0 .
/’mu_mfﬁgo@a (5.12)
0

For the second term (space error) on the right-hand side of (5.11), we a choose

piecewise linear function V}, in the approximation property, Lemma 5.6, such that
Vi(0) =Uy, and Vi(t,) =ILU(t,), n=1,...,n,

where II;, be the positive operator defined in §5.2.3. For any 0 < n < N, since
U(t,) > 0, we have I1,U(t,) > 0. Hence V}, € K is admissible. Consequently,
the regularity results U € L>(0,T; H*(Q)) (see Remark 2.15 and Lemma 2.20) and
6:U € L*(0,T; L*(2)) N L*(0,T; HY(Q)) (see Lemma 4.10) give the estimate

2 o 2
I = Ut + [T =Tl de 5 00), (5.13)
Plugging (5.12) and (5.13) into (5.11), we arrive at
t’!L
=GP+ [ =Tl de 5 O + 1)
0

Note that the last inequality is true for arbitrary positive integer 0 < ng < N. We
can pick ng such that ||(u — Uy)(t,)||* is maximized. Hence the estimation (5.10) is

established. [ |

Remark 5.12 (More General Operator) The operator A does not need to be
—A in the previous theorem. The proof can be extended to general second order

elliptic operator case.
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Chapter 6

A Posteriori Error Estimation

Since the seminal work by Babuska and Rheinboldt [8], a considerable amount
of effort has been made in developing reliable and efficient adaptive algorithms for
boundary value problems over the last three decades. The main idea of adaptive
algorithms is to generate a discretization of the time-space domain such that local
error is equally distributed.

Since local error is not available in general, computable local error estimators
play a major role in designing adaptive schemes. Compared with a priori error
estimates discussed in the previous chapter, a posteriori error estimators possess

the following important features:

e They are computable and depend only on discrete solutions and data, instead

of the exact solutions.

e They are quantitative and so instrumental for adaptive mesh generation and

error control.

Before we discuss the a posteriori error estimation for our particular problem, it is

worth mentioning some of its general principles:

1. Reliability. We require the computable error estimator (denoted by &) to
be a global upper bound of the error in certain norm (denoted by E) up to
a multiplicative constant, i.e. ¥ < C1€. This means the error estimator £ is
reliable in the following sense: if the error estimator is small enough, then the

real error will not be too big neither.
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2. Efficiency. A reliable error estimator £ could over-estimate the error F. To
guarantee over-estimation does not happen, we require £ to be efficient, i.e. €

is also a global lower bound of the error, i.e. £ < CyFE.

3. Estimation Quality. The ratio C;/Cy provides important information of
the quality of the error estimator. If this ratio is close to 1, then the error

estimator is very close to the error.

4. Local Error Estimation. To derive an adaptive algorithm from a reliable
and efficient a posteriori estimator £, the global upper and lower bounds are
not enough. We need information of local error to decide where more compu-
tational effort is needed. To achieve this, the estimator £ should be localizable,
ie. £=7) ;7 E(1), with each local indicator £(7) providing some information
of the local error F(7) on element 7. Mathematically, this can be expressed as
local efficieny or a local lower bound of the form £(7) < E(7). This suggests

that we have to reduce the local estimator £(7) to reduce the local error.

For classical theories and techniques of a posteriori error estimation of elliptic partial
differential equations, we refer interested readers to the reviews by Verfiirth [135]
and Ainsworth and Oden [2].

Since reliable and efficient a posteriori error estimation is the key to develop
efficient adaptive schemes, we shall explain this part carefully in this chapter. The
main material of this chapter is based on [104, 115, 117]. The rest of the chapter is
organized as follows. We first introduce the main idea of a posteriori error estimation
for obstacle problems in §6.1. Then we consider the conforming case when the
discrete obstacle x, = x: we give a posteriori error estimators for elliptic variational
inequalities in §§6.2, 6.3, and 6.4 and discuss how to deal with time-dependent
problems and time discretization error in §6.5. We then extend our analysis for
general obstacle y for which numerical approximation of x introduces additional
obstacle consistency error in §6.6. Finally, we consider mesh changes as well as

coarsening error in §6.7.
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6.1 Introduction

For variational inequalities (VI), the a posteriori error analysis is very recent
and rather intricate. One of the difficulties is that VI's lead to non-Lipschitz non-
linearities and the linearization techniques [135] used for nonlinear problems do not
work any longer.

To gain some insight on the difficulties involved, we let F(u) := Au + A(u) be
the nonlinear operator discussed in §2.3.2, which consists of the linear operator A
and the nonlinear part A that accounts for the unilateral constraint « > y. The

Lagrange multiplier, A, satisfies

—u — Au < inC={u=
Au) = / Av=0 " tu=x} (6.1)
0 in N ={u> x};

hence A\(u) restores the equality in (3.11), namely,
u + Au+ ANu) = f. (6.2)

A posteriori error estimates of residual type are obtained by plugging the

discrete solution U into the PDE. Roughly speaking, we get the defect measure
G=f-U—AU - \U), (6.3)

which is called Galerkin functional in this nonlinear context; the precise definition
is given in §6.2 for elliptic VI and §6.5 for parabolic VI, respectively. This is a
replacement for the usual residual in linear theory. To obtain sharp a posteriori error
estimators, we must be able to provide a discrete multiplier A(U) with properties
similar to (6.1).

In fact, the linear part r of G, that is r := f — U; — AU, does not give correct
information in the contact set C, where the solution adheres to the obstacle regardless
of the size of r. Notice that r is the usual residual for linear PDE. We point out
that failure to recognize the importance of A(u) leads to a global upper bound of
the error but not to a global lower bound [49]; overestimation is thus possible.

This issue was first addressed for elliptic variational inequalities by Veeser

[134] and further improved by Fierro and Veeser [72] in H'(€2). Nochetto, Siebert,
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and Veeser extended these estimates to L*(£2) and derived barrier set estimates
[113, 114]. The duality approach, reported in [12], is not suitable in this setting
because of the singular character of A(u).

A residual-type L?(0,T; H'(f2)) error estimator was proposed for parabolic
variational inequalities by Moon et al [104]. If the variational inequality becomes
an equality, the energy estimates in [104] reduce to those in [16, 119, 136]. More re-
cently the estimator proposed in [104] was extended to variational integro-differential
inequalities [115].

For problems with integro-differential operators, another difficulty arises, namely
the non-local character of integral operators. On the other hand, in many practical
problems, the integral operators are of pseudo-differential type and possess some

pseudo-local properties. In particular, for the integral operator A; (3.12), we have
sing supp A;v C sing supp v,

for any v € C*(Q2)* [133, Theorem II1.2.1]. Here the singular support of a distri-
bution v, denoted by sing supp u, is the complement of the open set on which v is
smooth. Due to the pseudo-local properties, the adaptive algorithms work well in
practice [147]. Adaptive finite and boundary element methods have been discussed

for integral equations in several papers [139, 140, 43, 41, 42, 68, 66, 67].

6.2 Stationary Problems

To explain the main idea of our a posteriori error estimation, we first look at

the elliptic variational inequality problem, Problem 2.13: find v € K such that
(Au—fiu—v) <0 VoeK:={v|v>x,veV} (6.4)

We use linear finite element method (see §4.1) to solve this problem numerically.

Consider the discrete convex set corresponding to K
K:={veV:v>xu} (6.5)

where V C H*() is the continuous piecewise linear finite element space.
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For the moment, we assume that the approximate obstacle is exactly equal to
the real obstacle, i.e. x;, = x. This means our discrete feasible set is conforming,
K C K. The more general case where K is not a subset of K will be discussed later.
Now we formulate the following numerical approximation of the inequality (6.4) by

using piecewise linear finite elements: find u;, € K such that

(Aup — fyup —v) <0 VoeeKk (6.6)

6.2.1 Lagrange Multiplier

As in the linear case, we define the residual to be
Th = f - Auh. (67)

Note that, for variational inequalities, the error equation A(u — wuy) = 75, which is
the starting point for residual-type error estimations for linear elliptic PDEs (see
§4.1), does not hold any more. Residual-type error estimators for elliptic variational
inequalities have been given in [134, 113, 72, 111, 26].

The basic idea is to introduce an appropriate computable approximation A, of

the Lagrange multiplier (see Definition 2.22)
ANi=f—Au € H(Q). (6.8)

In Section 2.3.4, it has been shown that the Lagrange multiplier X\ is non-positive
and vanish in the noncontact region in the sense of distributions. Furthermore, it is

clear that we have the following error equation
A(U - uh) =Tp — )\, (69)

which corresponds to the error equation for linear equations.

6.2.2 Abstract Error Bounds

For the moment, we assume that we have obtained a computable approximate

Lagrange multiplier A, < 0 and focus on how to get upper and lower bounds of
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the error. Notice that the error bounds developed here are independent of the
particular choices of the discrete Lagrange multiplier \,. We will discuss how to
define a practical A, in Section 6.3.

From (6.9), it is easy to see that
lu — unl® = (Aw — up), u—up) = (rp — A, u— up) . (6.10)

Adding and subtracting A, < 0, by the Cauchy-Schwarz inequality, we obtain

—~

llw = wnll® = (ra = M+ M= Aw—up)

1
< S llrw = Ml + 5 e — wnl]* = (0 = Ay — wp) -

N | —

On the other hand, by definition (6.8) of A, we have

(A=An,0) = (f — Au— A, )
= (A(up —u), ) + (rn — M, 0) ¥V € H*(Q). (6.11)

Hence [|A — M ” < Jlu — wn]® + Irn — An]%. So we can find an upper bound
= wnll® + IA = AnllZ S W= Az = = Ay — )

For the second term on the right-hand side of the last inequality, since u; €
K C K, we have (\,u —up) > 0 by the continuous variational inequality (6.4).

Furthermore, with A\, < 0, it is easy to see that

(A u —up) = An ,u—X) = (A, un — X) < — (Ap,un — X) -

——"
<0 >0
Hence
lw — wnll® + 1A = Aull? S llrw = MnllS = s un = X) - (6.12)

Remark 6.1 (General Obstacle) Notice that the conformity assumption K C
IC greatly simplifies the analysis of the term (A — Ay, u — uy). For problems with
general obstacles, this term also yields terms controlling the obstacle consistency
error (we refer to [104] for details). We will revisit this when we discuss problems

with a general obstacle later in §6.6.
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By rearranging the terms in (6.11) and using the strong sector condition (2.5),

we have, for any ¢ € H*(Q2), that
(rn = An, ) = (Alw —un), 0) + (A= A, 0) S flu—wnll - ol + 1A = Anll - lell -
Consequently, using the triangle inequality, we have
llrn = Ml S Nl = wnll® + 1A = A2

Hence ||, — M| is also a lower bound of the error |Ju — up||* 4 [|A — Ax]|> up to a
multiplicative constant.
Because of the important role of 7, — A, in the error estimation (see [134, 72,

111, 104] also), we call it Galerkin functional and denote it by
gh =Thp — )\h- (613)
Then the previous analysis can be summarized in the following abstract lemma.

Lemma 6.2 (Abstract Error Bounds: Stationary Problems) Let u and uy,
be the solutions of (6.4) and (6.6), respectively. If N\, < 0, we have the upper

and lower bounds

IGAIZ < = wnll® + I3 = MallZ S WGnllZ = s = x) - (6.14)

6.3 Approximation of Lagrange Multipliers

In practice, it is important to find a “good” approximation Ay, whichs mimic
the properties of A at the discrete level. The ideal choice would be A, = A of course,
but this is impossible because A is not computable. A simple-minded choice is to
take A\, = 0 and then Lemma 6.2 yields the standard upper bound for linear elliptic
equations

2 2
llee = unl” < lrall -

However, this bound has the drawback that the residual r, in the contact region

contributes to the bound. In other words, even if u; were the exact solution, we
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would obtain a nonzero upper bound due to nonzero values of A in the contact
region. A good practical upper bound should be “localized” in the sense that only

the value of the residual in the noncontact region contributes to the error bound.

6.3.1 Discrete Contact and Noncontact Sets

Before we can define the discrete Lagrange multiplier A\, which gives a “local-
ized” upper bound, we first need to define discrete sets that mimic the contact set
C := {u = x} and noncontact set N := {u > x}.

Let 7 be a triangulation of the polygonal domain €2 and S be the set of all
sides or faces of triangles or tetrahedrons in 7. Denote by w, the support of the
piecewise linear nodal basis functions {1, }.cp,; see Figure 6.1. Let v, C S be the
skeleton of w,, namely the set of all interior sides of w, which contain z; for d = 1, ~,

reduces to the node z itself. Similarly, we denote wg be the set of triangles sharing

% A

(a) Local patch w, (b) Skeleton ~, (c) Basis function 1,

Figure 6.1: Local Patch
the side S € § and w, be the the union of elements surrounding 7 € 7:
wy i =U{reT |7 N1 # o}
We split Py, into three disjoint sets
P =Ny UCLUF,

with the noncontact nodes N, full-contact nodes Cj, and free boundary nodes Fj,
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defined as follows:

Ny :={z€Py|uy > x inintw,}, (6.15a)
Ch:={z€Pp|u,=xand r, <0in w,}, (6.15b)
fh = Ph \ (Nh U Ch) (6.15C)

The residual 7, contains two parts: a smooth part (interior residual) and a

singular part (jump residual). Let the interior residual associated with A to be
R(up) == f — Ajup — ¢1 - Vuy, — coup, (6.16)
and the jump residual on the side 71 N 7 to be
J(up) == —co(Vup|ry -1 + Vgl - 19), (6.17)
where v; is the unit outer normal vector to the element 7, € 7 for i =1, 2.

Remark 6.3 (Separation of Sets) If z € N, then u,(2) > x(z). It is easy to
see that there is no node in the neighborhood of z being a full-contact node. This
is because the definition of C, requires u, = x in the whole star w,. Conversely, if
2 € Cp,, then any node z € P, Nw, cannot be in N},. The noncontact nodes and the

full-contact nodes are complete “separated” by the free boundary nodes.

Remark 6.4 (Sign Condition) Notice that 7, is not a discrete object, it is im-
possible to check the sign condition r;, < 0 in the definition (6.15b). In practice, we
check R(up) < 0 at all quadrature nodes x, € w, and J(up)|s < 0 for sides S C 7,

instead.

6.3.2 Discrete Lagrange Multiplier

A first attempt for A, would be a piecewise linear function A\, = Zzeph S,

in such a way that the nodal values s, are weighted means on stars w,:

s, = <Th7¢z> / <17¢z> z € Ph NnQ (618)

0 zeP,NT,
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and s, can be naturally divided into two parts s, = R, + J., where

(R(un),2) / (1,9) z€ PN
0 ze PNl

R, =

and
—(coVun, Vb,) [ (1,1,) z €PN

0 zeP,NT.

J, =

Note that \ is zero on I' N A, which motivates us to define s, = 0 on I'. This
definition yields s, < 0 and s, = 0 for 2 € N, and it is thus quite appropriate
for NV}, but not necessarily for z € C,. In fact, to achieve localization of the error
estimator )\, must equal the linear residual r in w, for z € Cp, thereby leading to
A =1, <0in w,.

We can blend the two competing alternatives via the partition of unity {1 }.cp,

and define formally the discrete Lagrange multiplier
M=) b+ > s (6.19)
2€Cy, 2€P\Ch
As a consequence of s, < 0 and the sign conditions in (6.15b), this definition guar-
antees that A\, < 0 in Q. With the choice of A, (6.19), the Galerkin functional
vanishes in the numerical contact region in the sense of distributions (this is often
called the localization property), i.e.

gy = Z T, — Ap = Z (Th - Sz)¢z (6'20)

z€Ph 2€Pp\Ch

Remark 6.5 (Formal Definition of )\, and G,) The definitions of A\, and G,
are formal. Since the residual r, € H~*(€2) and is understood in the sense of distri-
butions, we should view 7,1, also as a distribution. For any function ¢ € H 5(92),

we define
<Th7vb27 90) = <Th7 <P¢z> :

Because o), € H *(Q2), everything is well-defined.
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Remark 6.6 (Approximation of Lagrange Multiplier) With this definition of

An, We can see that
A= =A—(rn—=Gn) = (f — Au) — (f — Aup) + G, = —A(u — up) + Gp.
Hence, using the strong sector condition (2.5) and the triangle inequality, we have
IA = Aull. S lw = wnll + 11Gell. -

Therefore, if ||u — up|| converges at the same rate as ||Gy||,, the approximation error

of Lagrange multipliers ||A — A\z]|, is of at least the same order.

6.4 Residual-type Error Estimation

We now derive a residual-type error estimator based on the abstract estimation

derived in the previous section.

6.4.1 Upper Bound

In Lemma 6.2, we obtain an abstract upper bound formally. In practice, we
still need to find a computable and localized upper bound of the dual norm [|Gy?

and a lower bound of (A, up, — x).

From Global to Local

We start with finding an upper bound of |G, ||>. It is equivalent to finding an
upper bound of ||Gy||z-s). We first show that we can bound the global H~*(£2)-

norm by a sum of localized norms on w, for s € [0, 1]. Recall the definitions of local

Sobolev norm || - || g2 (..) and its dual norm |[| - || s (.. ); see §2.1.

Lemma 6.7 (Localized Upper Bound of the Dual Norm) Assume that G =
> eep, 9= and g, € Hp(w,)*. For s € [0,1] there holds

||G||?{fs(n) < (d+1) Z 19|

ZEPy

2
M) (6.21)
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Proof. We have for v € H5(1),

o)l =| 3 () | < 3 1-ligionys oMo (6:22)
z2€Py z2€P
1/2 1/2
2 2

< (z o Hﬁ(wz)*) (z o H;(wz)) 623)

ZEPy 2E€Py

Note that we have for s = 0 and s = 1 that

2 2

> Il e < (A4 1) 1] q) (6.24)

2EPy

since at most d + 1 of the stars w, overlap on each simplex.

For any v € H*(Q), we define an operator

which restrict v to local patches, i.e.

T(v) = (Uz)zeph with  v,(x) := v(z) v€ws

0 otherwise.
For s = 0 or s = 1, (6.24) gives ||[T(v)||* < Hv||2~s(ﬂ). By interpolation, we obtain
(6.24) for all s € [0, 1], which in turn implies (6.21). |
Although the right-hand side of (6.21) is localized, it is still not computable.

The following lemma shows how to bound the negative norms by LP norms:

Lemma 6.8 (Computable Upper Bound of Local Dual Norm) For z € Py,
assume that g, € LP(w,) satisfies fwz g. = 0 when dw, N'T" has measure 0. For
1<p<2, letd(%—%)<s§1. Then

9] Hp(wn) S pd1/2=1/p) 19: M1 o - (6.25)

Proof. Case i: dw, NT has measure 0. Then fwz g. = 0 by assumption. We have

for v € H{(w.) and any constant C, € R

(g2, 0)| = (g2, 0 = O < Mgl Loy 10 = Coll oy
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where p~'+¢~! =1 (for p = 1 we define ¢ = 00). Let © := h;'w, and 9(2) := v(h,2),
hence [[v — C.| o) = hY7 |5 — C:|la)- We have
10 = Cell oy S 110 = Cellgy e

since Hli((f)) s Lq(d)) for s > g — g —

g — g (equality is true for s = 0 and ¢ = 2,
e

not true for s = % and d =1, ¢ = o0). now choose the constant C, as the mean

value of ¥ on w,. For s = 0 we have
16— Cell oy < Mol 2oy = B2 ol - (6.26)
(@2) (@) (wz)
For s = 1 we use the second Poincaré’s inequality
10— CZHHl(&)Z) S ‘®|H1(®Z) = hi_dﬂ ‘U‘Hl(wz) < hi_d/z HUHHl(wz) : (6.27)

Now we define an operator 7} : L*(w,) — L*(@.) such that T}(v) := © — C,. Then
(6.26) and (6.27) give

IT-(0)l| 2oy S B2 0l 2y and (T (0)|ar oy S PL2 (0] on)-
Interpolation argument gives

lo = C4|

< ps—d/2
H3 (@) ~ hZ=%= ||v] Hi(w:) Vs e[0,1].

Case ii: Ow, NI has positive measure. We take C, = 0. Notice that (6.26)
still holds for C', = 0. For s = 1 we can now apply the first Poincaré’s inequality to

get (6.27). By the same argument as in Case i, we get (6.25). [ |

Error Close to the Free Boundary

We now look at the second term at the right-hand side of (6.14) in Lemma
6.2. Clearly, (An,up — x) is zero when \, is zero (noncontact) or u;, = x (contact).
Hence it encodes an error committed close to the free boundary.

It is trivial to see the following estimation of (A, u, — x) [104, Lemma 3.2]:

Lemma 6.9 (Lack of Monotonicity: Stationary Case)

(A, up — x) = Z s,d, where d, = / (up — X)U.. (6.28)

z€Fn
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Proof. Because u; = y in w, for any z € C;, and s, = 0 for z € N}, we then get the
result. |

This new term is due to the nature of the contact problem since it vanishes
for problems without constraint. We want to obtain an upper bound for it in terms
of more standard error estimators. For contact problems, heuristically speaking,
the jump residual of u;, should be a good local error indicator in the noncontact
region, as suggested by the well-established a posteriori error theory for linear elliptic
equations. On the other hand, in the contact region, the jump residual of wy :=
up — X appears to be appropriate because it matches the localization behavior (0
when full contact). In the transition region associated with the free boundary the
estimate is more subtle. It seems to be reasonable to have both jump residuals of
uy, and wy,.

We first consider d,, for z € Fj. Similar analysis has been performed in dif-
ferent contexts [113, 134]. By the discrete quadratic growth! property [113, Lemma
6.4], we obtain that

[wnll ooy S hallJ (wn)ll L), (6.29)

because wy(z) = 0 by the definition of the set of free boundary nodes Fj,. Hence,

by the definition of d, (6.28), we have

d. :/ whwz < ||whHL°°(wz)/ ¥, 5 hi—i_dHJ(wh)HL‘x’(vz)’

Using a scaling argument, we can get the following estimation
3,4
do S h2 [T (w22 () - (6.30)

From the definition of the nodal based Lagrange multiplier (6.18), we know

that
0< —s,=—{(ryv.), (6.31)
where
VA ,lvbz
Y, = T o

!This is a statement about the quadratic growth of any non-negative function with bounded

second derivatives. The continuous quadratic growth property was proved by Baiocchi [10].
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is the normalized (in L'-norm) basis function for any z € Py, ie. [y, = 1. It is
easy to see that

_dtl

and ||IEZHL2(VZ) ~h. * .

_d
2

92l 2wy 2 Bz
Consequently, by the Cauchy-Schwarz inequality,
_ _di1 _d
—s: < (1) She * 1 (un)ll2g) + e ? 1R (un) |l r2n)- (6.32)

Now we are in a position to derive an upper bound of the free boundary error
estimator term —s,d,. From the two inequalities (6.30) and (6.32) obtained above,

we get

=2y S | (wn)l| 2o 19 (wi)ll 2y + B2 R (un) 2o

J(wn) || L2+,

S hall T (i) 22y + Bl (wn)l[22(s) + B2IR(un) 2y

(7=

Remark 6.10 (Convergence Rate) From the inequality above, we find the new
free boundary term is at least of the same order as the jump residual and the
interior residual terms. Our numerical experiments show this estimate is actually

pessimistic. Usually, this term is of higher order than the jump residual.

A similar calculation has been carried out by Bartels and Carstensen [15] in a

different context for an averaging error estimator for obstacle problems.

Computable Upper Bound

Based on the last three lemmas, Lemma 6.7, 6.8, and 6.9, we can obtain
a computable localized upper bound of the energy error. We first give a couple
comments about the assumptions for the upper bound result (Theorem 6.13). Recall

that p = 2s with s € [0, 1].

Remark 6.11 (Ajuy is in LP(2)) To make sure our estimator is actually finite,
we will need Aju;, € LP(w,). In fact, if ‘l%(&)‘ < C(1 + [€])Y, then the pseudo-
differential operator

Ap s WHP(Q) — WYP(Q)
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is continuous ([133, Theorem XI.2.5]). For piecewise linear finite element function

up,, which is in WH%_E”’(Q), we have Aju;, € LP(Q) if

1
->Y —1.
p

Next, we give an example in one-dimension to motivate this property.

Example 6.12 (An 1d Example) Let the kernel function of A; be k(x) = 1/|z|*TY
and uy, be a continuous piecewise linear finite element function. It is clear that Ajuy,
have singularities near the end points of each subinterval of the domain. Suppose
that £ = 0 is such an end point (for general case, we can show the same result by
shifting the domain). A particular example of u; and its derivatives close to x = 0

is shown in Figure 6.2. Near x = 0, the function (Ajuy)(x) behaves like |z|~Y 1,

S :

—.O— . &
S —5,
(a) up, (b) Duy, (c) D?uy,

Figure 6.2: Finite element function and its derivatives

For Aju; to be in LP, we need

/ || YPdr < oco.
|z|<e

And this inequality holds when (1 —Y)p > —1 or % > Y — 1 which is exactly the

condition in the previous remark.

Theorem 6.13 (Upper Bound) Let f € LP(2) and p > 1 satisfy

Y—1<%<%+%. (6.33)
Then we have the following finite upper bound for the error of uy,
o=l + A =Ml Y (2 +€2) = Y sede, (6.34)
2P \Ch, 2€Fp
where
2s+d—2d

772 = hz ||J(uh)||2L?(fyz) and 53 = hz ! H (R(uh) - Rz)'@szip(wz) : (635)
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Remark 6.14 (Choice of p) For any dimension d, the admissible set of p is nonempty
if we have
p 3

Y<ﬁ+§

For example, if d = 1 and Y = p, the admissible region of p is shown in Figure 6.3.

The region marked by gray indicate the possible p for different Y’s. In the gray

Y

2

1
0 1/2 1 ]_)

Figure 6.3: Admissible Region of p (d = 1)

region left to the dashed line (0 <Y < 3/2), we could choose p = 2; on the other

hand, for 3/2 <Y < 2, we need to pick some 1 < p < 2 in the gray area.

Remark 6.15 (Localization) The space error estimator is fully localized, i.e.,
there is no contribution from z € Cj, the discrete contact set. Note that this is
consistent with the absence of obstacle approximation error because x;, = x. Like-
wise, the term —s.d, > 0 contributes only when z € F;,. One may also wonder
whether the sets of full-contact nodes Cj; and free boundary nodes Fj, are good ap-
proximations of the actual contact region and free boundary, respectively. We will

explore this point further via numerical experiments in Chapter 8.

Proof of Theorem 6.13.

Case i (p =2) Recall the localization property (6.20) of G, :

Gno)= D (rn—s)e0) Ve HY(Q).

ZG'Ph\Ch
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By the definitions of the residual r, = f — Auy, and the interior residual R(uy) in
(6.16), we have

<Tha ¢¢z> = <R(uh)> prz> - <C2vuha V(Wﬁz» :

This, and the definition (6.18) of s,, give

<Th — Sz, ¢¢z> = <R(uh) - Rza ¢¢z> - <C2vuh> V((p,@bz» - <Jza ¢¢z> .

For each node z € P,\Cp,, by the definition of J,, we get for the third term on the
right-hand side:

- <']27 <P¢z> = Cgo,z <C2vuh7 v¢z> s

where C, . = (p,1.) / (1,9,) is a weighted average for interior nodes z € P, N2
and C, . = 0 for boundary nodes z € P, NI

Hence integration by parts gives

Gr) = Y AR - Reg)+ 3 [ June - Codin (630

2€PL\Ch 2€PR\Cp © 1%

Applying the Cauchy-Schwarz inequality and taking

G = Z g. with ¢, = (R(Uh) - Rz)¢z
zEPR\Ch

in Lemma 6.7 and 6.8 (since fwz g. =0 for z € P, NQ), we then obtain

Z <(R(uh> - Rz)wm 30>
2€Pp\Ch

2

S| R [(Reun) = Rl | 10l
zE’Ph\Ch

For the second part of (6.36), we use standard scaling argument based on a trace
theorem and the Poincaré’s inequality to get (see also [108, Theorem 3.6))

2

> /J(uh)(w—cgo,z)% S| D heldlizn, | Ielaq-

2€PR\Cp © 7 2€PL\Ch
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Then, by applying Lemma 6.2 and 6.9, we get the result.

Case ii (p < 2) In this case, the constant ¢ = 0 and in turn the jump term
J(up,) vanishes. The upper bound follows directly from the proof above by taking
cy = 0. n

6.4.2 Lower Bound

Inspired by the global lower bound in Lemma 6.2, we first prove that the
dual norm |G|, can be bounded from below by the sum of local dual norms
1Gn |l 75 (. then we show that the local error estimators 7. and . are lower bounds

of |Gnll yr-+(s.) up to an oscillation term for each node z € P.

From Local to Global

We first prove a crucial lemma with the help of the norm equivalence result

(Proposition 2.5).

Lemma 6.16 (Localized Lower Bound of the Dual Norm) LetG € H*(Q).
For s € [0,1] there holds

DGy S NGy

ZEPy

Proof. We first partition the set of nodes P, = Uf‘il P} such that the intersections
int w, Nintw, = @, for any z and y in each P} for i =1,..., M.

For each z € Py, let ¢, € H (w,) satisfies

(G 02) = Glls@y and [l

s (wn) = NGl

Similar to the argument as in the heat equation case [16], we have

S NGy = D (G0 = (G 3 02) <G | D -

z€P} z€P}, z€Pj z€P},

A5(Q)

On the other hand, using Proposition 2.5, we obtain
2

| 3 e < 2 ety = D el = 2 16T

z€P}, z€P}, z€P}, z€P},
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The last two inequalities yield that
2 ,
S NG oy S NGy i=1... M.
zeP},

Hence the result. [ |

Lower Bound in Terms of Jump Residual

Now we prove the lower bound of local dual norms in terms of the jump
residual. Recall that n, = 0 for Case Il and II. The only non-trivial case then is the
Case I (p =2) when ¢y # 0.

Lemma 6.17 (Lower Bound of Local Dual Norms: Jump Residual) We have
the following lower bound of the local dual norm provided p = 2
S NGy D>, & VZEPL\Ch
wE('Ph\Ch)ﬂwz

Proof. We construct test functions explicitly as in [72]. Let S C 7. be a generic
side (face) and wg be the union of the elements 7 € 7 sharing side S. Consider the
classical bubble functions [135]

bso= [ v, and b= [] ¥y (6.37)

yEPRrNS yEPrNT

and define ¢g as

@S = bS - Z 6T,yb7'wy7

YyEPLNT,TCws
with constant coefficients 3, € R. We have enough freedom to choose the constants
Bry such that (pg,1,) = 0 for y € P, Nwg. Furthermore, it is clear that supp pg =
wg and Qgls = bg. We can see by scaling argument and the trace theorem that
1,d_
22
z

_1 4
165l i1 (we) S =2l @sllzzsy  and (| @sllraws) She © "ll@sllezs).  (6.38)

We finally set the test function g := J(uy)|s $s and observe that

)2 S S0 / J(un)bsty

yeP,ns 7S
=) /J(uh)2¢s¢y: > /J(Uh)%qu-
yePnS VS yep,ns v o
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From (6.36) and (6.38), since Cy,, = 0 for ¢ = ¢g, we see that

1T (un)lFas) S (Gnows) = > ((Rlun) = Ra)ts, ps)

z€(Pp\Cr)Nws

< NGl leslimen + D0 (R = Rty ol o

z€(Pp\Cr)Nws

5 (thHH?l(MS) + Z hglc+§_5 H (R(uh) - Rx)meLP(ws) )hz§ HJ(uh)||L2(S)'

z€(Pp\Cr)Nws

By adding contributions from each side in ., we obtain the result. [

Remark 6.18 (Local Lower Bound) In case A is a second order continuous and
coercive differential operator (c; = 0), it has been shown that |G| z-1(.,) is a lower
bound of the local error up to an oscillation term; see [104, Lemma 3.7]. This, in
turn, yields local efficiency. Unfortunately, it is not true for global operators A in

our context.

Simply applying the previous two lemmas (Lemma 6.16 and 6.17) and the

abstract lower bound (Lemma 6.2), we get the following global lower bound:

Theorem 6.19 (Global Lower Bound: Jump Residual) The following global
lower bound holds provided p = 2

2 2
Yo o Shu—wl’+ A=l + Y &

ZEP;L\C}L Zeph\ch
Lower Bound in Terms of Interior Residual (p = 2)

Now we prove the lower bound in terms of £, up to an oscillation term for the
rest two cases (p < 2). For simplicity, we first present results for p = 2 and general
result can be studied analogously.

An interesting observation is that, in Case II and III, the estimator &, behaves
very differently than in Case I. We observe that £, in numerical experiments is of
higher order than the real energy error for Case I; see Table 8.14. However, in the
remaining two cases, it has the same order as the energy error as we can expect

from the following lemma; see Table 8.11.
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Since ¢o = 0, we have R(uy) is actually the full residual r, and, because of

Galerkin orthogonality, we have
R, = (R(up),v.) / (1,1,) =0 VzeN,

Hence, in this case, we have

& = BIIR(un)v: |l 2y < REIR(u) g, =: &..

Here, for short, we denote the weighted L*-norm

ol = ([ )"

We first introduce some new notation. Let

R.:= > (R(up) = Ro)ts (6.39)

2€(Pp\Cp)Nw:
If all of z € P, Nw, are in the noncontact set (corresponding to a linear elliptic
equation), then R, = R(up).
For each node z € Py, define w, to be the corresponding reference patch of w,.
On the reference patch, we can define a finite dimensional function space P,. Let
the finite dimensional space P, on w, be a scaling transformation of the space I@)Z.
For any node z € P,\Cy, we define the oscillation to be

osc? := inf hgs( |(R(us) = R.) = .5+ |IR. - sz@Z). (6.40)

P.€P,

Remark 6.20 (Standard Oscillation Term) If all nodes in w, are noncontact,
then it is clear that R, = 0 and R, = R(up). In this case, this oscillation term
reduces to the standard oscillation term osc, = h$infp ep, || R(up) — Ps||y, for linear

elliptic equations [108].

Lemma 6.21 (Lower Bound of Local Dual Norms: Interior Residual) Let the

residual R(uy) € L*(QY). Then, in Case Il and I, there exists a constant C' > 0 such
that

2 < C’||gh||?{73(%) + 20sc? z € Pp\Cp. (6.41)

86



Proof. For any ¢ € H*(w.), it is easy to see that

2€(Pp\Ch)Nw>

Then we add and subtract a function P, € P, to get
(Gn, p2) = (Pey02) + <f%z - P, soz> -
Now take the test function ¢, := P,1, € f[s(wz). Then we have
12115, = (Prsed = (Guips) = (e = Pryipr).
Hence, by the Cauchy-Schwarz inequality, we arrive at

| 7] (6.42)

+|1A. - P

v 1P|

IR (74 PR NP v

Since ¢, is finite dimensional and has the scaling property, we have the inverse

estimation Hgoz‘ ) < ChZ_SH%HH(wz) < Chz_SHPZH¢Z by using the interpola-

Hs (w,
tion argument and noticing that ¢, < 1. Applying the inverse estimation to the

inequality (6.42), we immediately obtain

17|

oo S ODGnll sy + 1B = P2l (6.43)
On the other hand, the definition of the interior error estimator gives

thH(R(uh) - RZ)¢Z}}i2(wZ) S thHR(uh) - RzHiz

<2n2 ([P, + |(Rlun) = B) = P15 ). (6.44)
Then combining (6.43) and (6.44), we get the result. |

Remark 6.22 (Convergence Rate of the Oscillation Term) For elliptic dif-
ferential equations, the oscillation term is usually of higher order than the error
estimator. So asymptoticaly, it will be small and can be ignored. However, for
problems with an integro-differential operator, this is not the case. For example, if
we take A = A; and the kernel k(z) = 1/|z|? for d = 1, we notice that the residual

rn, = f — Aruy has logarithmic singularities towards the end points of each interval;
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Figure 6.4: Residual is singular close to the end points of each interval. Upper:

discrete solution wuy; lower: residual r = f — Auy,.

see Figure 6.4. Even worse, as we refine the mesh, this oscillation does not go away.
Hence it is not clear whether there is any chance to have the oscillation to be of
higher order. In fact, numerical experiments show that it is not the case. If you
choose P, to be piecewise linear (or even quadratic) polynomials, the oscillation is

of the same order as the estimator &,.

Remark 6.23 (Choice of IP,) In the standard oscillation term for linear finite el-
ement method, usually it is enough to take P, to be a constant function. However,
constants will not help us in general in the current context. This is because the

optimal value of

inf || R(up) — P,

P,eConst

(I

occurs when P, = R,, which is zero due to the Galerkin orthogonality. So we need
piecewise linear polynomial space for P, at least. We shall discuss this in Chapter

8 with specific test examples.
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With the help of this lemma and Lemma 6.16, we obtain, by summing local
terms together, that:

Theorem 6.24 (Global Lower Bound: Interior Residual (p =2)) If R(uy) =
f— Auy, € L*(Q), we have the global lower bound

> (€= 205¢) S llu—wll” + 1A = Ml
ZE'P;L\C;L

Lower Bound in Terms of Interior Residual (1 < p < 2)

Above we only discuss the case when p = 2. For 3/2 < Y < 2, in the error
estimator £,, we need in general 1 < p < 2. Similar to the discussion for p = 2, we

can also define weighted LP-norm

» 1/p
ol = ([ ToPe)

and the oscillation term
9 . 2d 9 - 9
ose2 = inf A7 ([|(R(un) = R2) = Poflo, + 1R = P2,

This is consistent with the definition before for p = 2.
P
Let ¢, := P.1,. Using the same argument as in the derivation of (6.42), it is

easy to see that

1P, = [ Pipe = (Guuid = (B = Pror).
For the second term on the right-hand side, we have
| R-rypiv.= | {(RZ - Pz)wi’} - [Pfﬁbﬁ} .
By the Cauchy-Schwarz inequality, it follows that

P17, < NGl - llep-]

frogony T I1B: = Pellpas. - @:llg.. (6.45)

On the other hand, using the interpolation argument and inverse estimate as in

Lemma 6.8, we have

d, d
_3_34_5

_S_i+% P
o (wn) S D l:llza@.y =R " Pl Lo

- |
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Because 1 < p < 2, so?<q<oo,wehave%<%<1andinturn
P p 1 P
1P e[ o) < P22 (| Loy = 122 llgu.-
Plugging this inequality into (6.45), we then get
P —S—é-i-g P ~ 2
1Py, < Che P IGhll s @) 1P Mg, + 1R — Pellp. || P2 [l g

b P
Notice that || P ||, = [P, . by simple calculation. Then we obtain that

d, d
Rl

IP.lps. < Chz * 2 (|Gull sy + IR = Prllp.

and in turn the lower bound

=9 2s+d— 22

=1 RGw) — Rl < ClG -y + 2052, (6.46)

We summarize the discussion above in the following theorem:
Theorem 6.25 (Global Lower Bound: Interior Residual (1 < p < 2)) If the
residual R(up) = f — Auy, € LP(Q2), we have the global lower bound

> (€2 - 20se2) S lu—wnll + I = Ml
zePh\Ch

Non-negative Lower Bound

For elliptic PDEs, the oscillation term osc, is usually of higher order than
the error estimator. However it is not the case for problems with singular integral
operators. The question is whether we get a non-negative lower bound or we just
get some trivial inequality with a negative quantity in (6.24). For elliptic equations,

a more careful analysis gives a non-negative lower bound of the error.

Lemma 6.26 (Non-trivial Lower Bound) There exists a constant C' > 0 such

that

0< > (8-0s) Shu—wll, (6.47)
z€Pr\Ch,
where the error estimator and the oscillation term read

& = || R(un)|

osc, := h Pizlélfpz | R(up) — Pxl|y, -

Pz
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Proof. It is clear that, to show (6.47), we only need to prove
R () ey = CH2 (I R@n)IZ, = ing |1R(m) = P.J3,). (6.48)

Let P, € P, be the best approximation of R(uy) in P, with respect to || - ||,,-norm.
Then, by orthogonality, we have

1R un) 5. — 1R (un) — P

iz = HPZH'iz

Hence we only need to prove that ||R(us)||g-sw.) 2 h:||P:|ly. > 0. In order to
show this, we first prove the corresponding inequality by exploring the equivalence
of norms on finite dimensional spaces and then we prove a scaling inequality to close
the gap.

Step 1. Let @, be the reference star with size 1 and © be the function v
on reference star after transformation. Because P, is finite dimensional, then it is

well-known that

12115, S Nl .-

Let {b;}M, be the orthogonal basis of P, on &.. Then
M

i=1

Consequently,

M
1P, S P s S D (R(@) bitha) [bill sy S 1Ry (6.49)

=1
by the Cauchy-Schwarz inequality.
Step 2. To obtain the inequality (6.48), we need a scaling inequality for H~*-
norm. By definition, we have
|R(un)||r—s(w,) ==  sup / R(up)v = sup hZ/ R(iu)0. (6.50)
”U”f{s(wz)zl Wz ”v”}}s(wz)zl Wz

On the other hand, the first Poincaré inequality gives

1/2
vl 71 sy = (||U||%2(wz) + ||VU||%2(WZ)) < (CR2+ 1)'Y?||[ V|2,

-1+4 . —-144
Sl = b 2 olgey < h: 2|0l g,
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d
Furthermore, it is easy to see that |v||;2w,) < hZ|[|v||L2@,). Hence, interpolation

argument on the scaling operator T:9—wv gives the scaling inequality

_d
he? o]

s () S |17

HS(U:)Z)' (6.51)

Whence, using (6.50) and (6.51), we arrive at
. . _ed
R ()| 2.y = oy P / R(in)0 < b 2 [|R(up) || -s(w.)- (6.52)
Mizs@a)=t
Step 3. Applying the results obtained from the previous two steps, we obtain
that

WZNPAR. S PG, S IR@) | a-x@. S b2 IR (un) - o) -

Hence we get the lower bound (6.47). [

We now summarize this section with a few remarks.

Remark 6.27 (Remarks on the Interior Residual) From the definition of R,,
we can see that (R(uh) — Rz)@bz has mean value 0. The term &, behaves very

differently in the case when ¢y = 0 than the case ¢y # 0.

e In Case I, the numerical results (Table 8.14) suggests that &, is of higher order
compared with the jump residual term 7,. In fact, this is not surprising at
all. For example, in a special case when A = —A (Dirichlet obstacle problem

without integral operator),

52 = hg”(f - fZ)wZH%Z(wZ)
which is exactly the usual data oscillation term [106, 107, 108].

e On the other hand, in Case Il and I, we have 0 < p < 2 and the jump residual
term 7, vanishes because ¢ = 0 and R(uy) = 7y, is actually the full residual.
Indeed, &, does not behave like the oscillation anymore. If the constraint
is nonactive, the constant R, is zero for every node z € P,. In these two
cases, the term &, is of the same order as the energy error in our numerical

experiments (see Table 8.11).
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Remark 6.28 (Other Types of Error Estimators) Several different types of er-
ror estimators have been developed for elliptic PDEs. They are residual-type esti-
mators, hierarchical-type estimators, estimators based on local problems, and esti-
mators based on average. See [135, 2] for details. From the discussion before, it has
been shown, using an energy method, we can derive a localized residual-type upper
bound of the global dual norm ||G|,. In [127], Siebert and Veeser gave an error
estimator of hierarchical-type and proved convergence of the adaptive algorithm us-
ing this estimator; they treat the contact and noncontact cases in a global sense in
the upper bound proof which leads to a gap between the upper and lower bounds.

Estimators based on averaging technique are considered in [15].

6.5 Time-dependent Problems

A posteriori error estimates as well as adaptive methods for linear parabolic
equations have been discussed by many researchers since early 80’s; for example,
Bieterman and Babuska [20, 21] for 1d problems. In 90’s, Erickson, Johnson,
and Larsson made systematic efforts to develop adaptive methods for linear and
nonlinear parabolic equations [57, 58, 59, 60, 61]. More recent advances include
[119, 136, 48, 16]. A new approach based on elliptic reconstruction technique was
proposed by Makridakis and Nochetto [96] for semidiscrete problems and by Lakkis
and Makridakis [90] for fully-discrete numerical methods.

In spite of all above, adaptive methods for parabolic problems are less un-
derstood, especially for nonlinear problems like PVI. In this section, we consider a
special case of evolution problem (Problem 4.7). To explain the idea, for the mo-
ment, we assume that xy does not change in time and it is piecewise linear in space.
Furthermore, we assume that the underlying finite element space does not change
in time (the mesh 7 fixed).

Given the initial solution uy € K := {v € H¥(Q)|v > x,a.e.Q}, finding a
solution u € L*(0,T; L*(Q)) N H*(0,T; H*(2)) such that u € K and

(O + Au,u —v) < (f,u—v) Vovek. (6.53)
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We apply the fully-discrete numerical scheme (backward Euler linear finite element),

Method 4.13.

6.5.1 Lagrange Multiplier and Galerkin Functional

We now define the continuous and discrete Lagrange multipliers and Galerkin
functional for the time-dependent problem analogous to the stationary case in §6.4.

We define the Lagrange multiplier A as follows
A(t) == f(t) — Owu(t) — Au(t) € H*(Q), t€0,T]. (6.54)
At each time t,,, n =1,..., N, we define the residual
ry = F"—6U; — AU},
and split the set of all nodes P}, into three disjoint sets
P =N UCUF,

where noncontact, full-contact, and free boundary sets are given by

N =1z e P, | U > x(t,) in intw,}, (6.55a)
Cp ={z€Pn| U =x(t,) and r; <0in w,}, (6.55b)
Fpi=Pu\ (N UCH). (6.55¢)

Notice that we define these sets for general Y € H'(Q) instead of restricting ourselves
to the time-independent y because we will discuss the general case in the next
section. In this section, x(t,) = x forn=1,... N.

Then we can define the discrete Lagrange multiplier A} as

A= b+ Y st (6.56)

2€Cp 2€P\Cpy
with )
Thy ¥z
, 2€P,NQ
sti= 4 (L) (6.57)
0, zeP,NI.
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At time t,, the Galerkin functional is defined by

Gr=ri —Ap =) (= st (6.58)

ZG'Ph\Ch
which satisfies the localization property as well as the mean value property, i.e.
((rjy — s2),, 1) = 0. Notice that these properties were crucial to obtain a localized

upper bound for elliptic problems in §6.4.

6.5.2 Abstract Error Bounds

Now we are ready to introduce the main steps to treat time-dependent prob-

lems. Let Gy, be the piecewise constant (in time) Galerkin functional (6.58), i.e.
Gn=F —6,U, — AU, — Ay,.
This and the definition of \ (6.54) give, for any ¢ € H*(Q), that
(Gr.o) = (Alu—=Th), @) + ((Ou— 0Ux) + (A= An), @) = (f = F,¢).  (6.59)

Taking ¢ = u — U, in (6.59) and applying Lemma 2.11, we get
1d
2 dt
<292 |[T5 = Un|” = (A = Ryu— Un) + (Gnou— Un) + (f = Fru—Up) . (6.60)

1 —
o= Unll3acoy + 3 (e = Tall” + e = UIP)

Since (\,u — U,) > 0 and A;, < 0, as before, we obtain that
—()\—Kh,u—Uh) S —<Kh,Uh —X>.
Then applying the Young’s inequality with appropriate constants for the last two
terms on the right-hand side of (6.60), we get
1 — 2 1
5= Unllze + 7 lle = Unll” + 5l = Unll®

< 22|00 = Ul|* = (R, U = x) + 4[| Gl + 41 = F|. (6.61)

On the other hand, rearranging terms of (6.59) and applying the strong sector
condition (2.5), we have that

100w = Un) + A =B} < 12* [l = Tall” + 311Gl + 3117 =712 (6:62)
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Adding the two inequalities (6.61) and (6.62), we get the upper bound after
dropping all the constants:

2
*

d — _
%HU — Uh”%Q(Q)‘I’ (}Hu — Uhm2 + |||u — Uh”|2) + }H@t(u — Uh) + ()\ — Ah)

SNTw = Ull* = (B O =)+ IGll + 1l = FI

Integrating in time, we then obtain the following upper bound of the error in

L2(0,T; H*(Q))-norm. We define the error to be
T
E*0,T39) = |[(u = Un)(T)| 2 + /0 llw=Tul|* + llu = TslJ* at
T
+ / 182 — Un) + (A = Rp)||” at (6.63)
0

Lemma 6.29 (Abstract Upper Bound: Time-dependent Problems) Letu and
{UMYN_, are solutions of the continuous and discrete variational inequalities, (1.18)

and (4.19), respectively. Then we have the following upper bound:

T
E2(0,7:9) < to — U ey + / [T — 0" at

v [ 1@

Remark 6.30 (Role of Each Term in the Upper Bound) Notice that on the

2

L= @t —x)der [l =TI e 6.00

right-hand side of the last inequality, the first term measures the initial error; the
second term is computable and measures the error due to time discretization; and
the last term gives the data consistency error due to time discretization of f. The
third term corresponds to space error and has been analyzed before for stationary

problems.

At each time step t,, |G|, can be treated exactly as in the elliptic case (see
§6.4). Treating term (A}, U, — x) is slightly different than in Lemma 6.9 though
due to the time dependence. We now estimate this term following the idea in [104,

Lemma 3.2].
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Lemma 6.31 (Lack of Monotonicity: Evolutionary Case) The following in-
equality holds
n n k” n n n— n jn
/t1<Ah,Uh —x)dt > — Z ?(Ah,(Uh — U Y,) + Z knstdl, (6.65)
n 2€CRUFY 2EFP
foranyn =1,..., N, with the constants
ai= [ - = [ @ =0 0 (6.66)
Proof. Using definition U, = [(t)U;"~" + (1 — {(t))Up, with I(t) given in (4.9), and
integrating in time yields

K

tn
/ (A Un = xnpdt = (A}, Ut + U — 2xn)

tn—1

5

= %(A;; U}?_l - U;Z) + kn<AZa U;LL - Xh>'

We finally observe that s7? = 0 for any z € N;® and U = x, in w, for z € C}.
Therefore (A}, (Ul — xn)¥.) = std? for z € F}' and zero otherwise, whence the

desired estimate (6.65) follows immediately. [

Remark 6.32 (Further Simplification) Since we assume the obstacle does not
change in time, the previous lemma can be further simplified. For any node z € C},

we have U}’ = x in w, and U,’L‘_l > x. The non-positivity of s7 then gives

t
" n kn n n n—1 n. n
/tnl(Ah,Uh —x)dt > — Z ?<sz, Uy = U ),) + Z knstd?.

2€FP 2€FP

Remark 6.33 (Lower Bounds) Similar abstract lower bound in terms of |G|,
can be obtained as in §6.4.2; a lower bound in terms of the time error estimator is

trivial due to the triangle inequality:

tn th
[T - v ar <2 [ -l + 10 -l ar
tn—1 tn_1

6.5.3 Localized Error Estimators

Finally, we summarize this section by giving a computable residual-type local

error estimate. Let R(U;) and J(U}') be interior and jump residual at time ¢,
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respectively, i.e.

R(U?) := F" — U — AU — ¢y - VU — coUP
J(UP) = —cs(VU s, - 1+ VU, - 1)

We shall use residual-type space error estimator as an example here for time-
dependent problems. Other types of error estimators can also be derived without
much difficulty. We define the following jump and interior indicators as in §6.4:

2s+d— 22

) = h [T UG,y and (1) =ha 7 [(R(UF) = RY) el oy »

where R} := (R",1,) / (1,%,) is the weighted average. Define the error estimator

N

E=(E&+E+E+EL+ED) (6.67)
with
£ = |luo — U£||2L2(Q) initial error
ahy?
£ = ; ?n H}U,’L‘ - U;_lﬂf dt time error
N
£ = an{ Z [(n2)? 4+ (&)%) — Z s?d?} space error
n=1 2EPK\CR! ZEFP
N
& = an{ Z [(s2, (U = U, )| } mixed error
n=1 2€FP
T =112
£} = / ‘Hf — Fm* dt data consistency
0

Applying Lemma 6.7 and 6.8 on ||G/'||?, Lemma 6.31 and Remark 6.32 on
fOT (A}, Un — x) dt, we then have the following computable and localized upper
bound from the abstract upper bound (6.64):

Theorem 6.34 (Upper Bound: Evolutionary Case) Let f € L'(0,T; L*(Q))
and p > 1 satisfies
p 1

1
Y —-1<-< —+ —.
P 2d+2

Then we have the following upper bound for the error

E*0,T;Q) < &2
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Remark 6.35 (Inactive Constraint) For the noncontact nodes A}’, the varia-
tional inequality becomes an equality. This is reflected on the vanishing of all terms
that account for the unilateral constraint. The resulting estimator reduces to an
energy-type estimator for a linear diffusion equation. This result, however, is differ-

ent from earlier versions [119, 136, 16] in that

e our new error indicators are star-based instead of element-based;

e the interior residual estimator is of higher order than the jump estimator for

differential operators;

e the linear sectorial integro-differential operator A is much more general than

the Laplace operator.

6.6 General Obstacle

In previous sections, we derived an a posteriori error estimator for variational
inequalities with the conformity assumption, i.e. K C K. In practice, we could
have problems with an obstacle which cannot be approximated exactly by piecewise
linear functions. For example, in American put option pricing problem (see §3.2),
obstacles usually take a form like y(z) = max(K — e*,0) where K is a constant.
We shall now consider the general case: Problem 4.7 with general obstacle xy which

might depend on time also.

6.6.1 A Magic Bullet?

Since x is known, one can make a transformation w = v — y and rewrite the
original VI as a new problem for w with a zero obstacle. It seems that difficulties
associated problems with a general obstacle could be dealt with exactly as before.
But actually this may not be a good idea since, as in §6.4.1, it is appropriate to look
at the difference u — x only in the contact region but not in the noncontact region.

This can be explained by a simple example. In Figure 6.5, the solution u is

smooth outside of the contact region. The oscillatory obstacle x should not affect
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the mesh grading. But after transformation, w = u — x, we introduce artificial
singularities because w is not smooth and local refinement is needed outside of the
contact set. A related issue we want to point out here is that in the contact set, there
is a kink at x = 0 which makes the solution v not smooth, but it is not necessary
to refine more around x = 0 provided x = 0 is a mesh point. Inside of the contact

region, the only thing that matters is the obstacle resolution.

= = = obstacle x = = = obstacle 0
solution u solution v = u=x

051

-0.5 . I\ —05 . . .
-1 -0.5 0 0.5 1 -1 -0.5 0 0.5 1

Figure 6.5: Localization Effect. Left: The obstacle y is oscillatory outside of the
contact region where the solution u is smooth. Right: After transformation w =
u — X, the solution w is not smooth outside of the contact region and very small

meshsize is needed there.

Based on this observation, we consider the case of general obstacles x € H'(Q)
directly instead of relying on the “magic” transformation. This generalization will
not affect the estimation of |Gy ||, which is built solely upon the approximate obstacle
Xx» but not related to the exact obstacle y. We only need to revisit the estimation

of
T J—
/ <)\—Ah,u—Uh> dt.
0

6.6.2 Obstacle Consistency Error

Therefore, in what follows, we derive a lower bound for ftt::l (A=A}, u—Uy) dt.

To this end, we further define x, = I(t)x7 ' + (1 — I(t))x} € C([0,T); V() to
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be a space-time piecewise linear approximation of x. Notice that, for numerical

N .

_q; the piecewise linear function yj is used solely

approximation, we only need {x}'}
for theoretical purposes.

We observe that in general x,(t) # x(¢) for 0 < ¢ < T. To handle this lack
of consistency, we follow Veeser [134] and introduce the auxiliary function U} :=

max (U, x) € K. Since (A, u — U}) > 0, we have that
(A= AR u—=Un) = (A, Uy —u) + (A= AR, Uy = Un). (6.68)

We next consider each term on the right-hand side of (6.68) separately.

First Part

For the first term on the right-hand side of (6.68), we invoke
AP <0  and (Ah,x —u) >0
to obtain

= (AL, Un = xn) + (AL Uy — Un) + (A, X0 — X)- (6.69)

Arguing as in the proof of Lemma 6.31 with the first term on the right-hand side,

we deduce

tn
/ (Ap, Up — xp)dt
tn—1
kn n n n— n n— n Jgn
—— Y (U =T = O = X)) W) + Y ksl

2€PR\N? ZeFT

The first term on the right-hand side is the most general form of the mized error in
Theorem 6.34.

However, we now have two additional terms in (6.69) that account for the

obstacle inconsistent approximation, as illustrated in Figure 6.6. To bound them we

utilize the definition of U}, which results in U} — Uy, = (x — Up) ™, as well as A} <0,
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tn—1 tn

X
O 2 U Xh
Uy e U,

n
Xh

n—
Xh

Figure 6.6: Obstacle Consistency: If the obstacle x and its space-time piecewise
linear approximation x; do not coincide in w, X (t,_1,t,) for nodes z € P, \ N},
then the quantities (A}, (x —Uy)"1),) and (A}, (xn—x)"¢.) measure the local lack of
conformity. Note that these quantities vanish for z € N}, that is for the noncontact

nodes.

and end up with

(A, (Uy = Un)) > (A}, (x = Un)eba),
(Ahs (xn = X)¥=) = (A, (xn — X))

Second Part
We can also rewrite the second term on the right-hand side of (6.68) as follows:
(A=A Uy = Un) = ((Ou—=0,Un) + (A= AR), (x = Un) ™) = {(Qpu = 6U), (X = Un) ™).

The second term on the right-hand side is most problematic. We handle it via

integration by parts in time:

- [ @u=0). (=1 = ~(u= Ui =0+ [ =T a- )

Note that we can eliminate the first term on the right-hand side at ¢ = 0 because if

Xo(x) > Up(z) then ug(z) > xo(z) > UP(x) whence (ug — U}, (xo — Up)") > 0.
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Upper Bound of Obstacle Consistency Error

With the estimates of (6.68) given above, we now derive an upper bound of
the obstacle consistency error. After applying the Cauchy-Schwarz inequality three

times, we arrive at
T JE—
/ <)\ — Ah, u — Uh>dt
0

>3 (X B @ -t - b - ) v - Y k)

=z

n=1  zeP,\N} i
T
+ Z /0 Ay (X = UR) "+ (xn — X)) ) dt
2€Py,
T _ I
B A YA R Yy AN

~ 20— 2 Lo o
> 1w = U = 5=l 0= Un) (D)
Tes 2, 1 P 12

= | g b= O+ o o = O .

with €1, 9,63 > 0 arbitrary. We finally choose appropriate €1, €5 and e3, and insert
the above estimate into (6.75) to obtain an upper bound.
We first define the error estimator which has one more term compared with

Theorem 6.34 to account for the obstacle consistency error

E=(E+E+E+ELTE +8§7)% (6.70)
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with

EZ = |jug — U,(L]H%Q(Q) initial error
N g ,

& = Z E" o — U}?_lm dt time error
n=1
N

£ = Z k‘n{ Z (n2)? + ()] - Z s?d?} space error
n=1 z€Pp\C}} ZEF]

£
li
WE

Bl S AR (@ -0 = g = X D)ea] mixed error

1 zeCpuFy

3
Il

T
E2:=||(x — Upn)™(T))? —I—/O Il Ox — Uh)+m2 + |9 (x — Uh)+H|i dt obstacle consistency

N .
- Z Z / (AP A{x — Ut + (xn — x) T b, dt

n=1 zeCpuFp * tn—1

T
£ = /0 H‘f - FHE dt data consistency

Theorem 6.36 (Upper Bound: General Obstacles) For Problem 4.7 with a

general obstacle x € H'(Q), we have the following upper a posteriori bound
E*0,T;Q) < &%

Remark 6.37 (Obstacle Consistency) Terms involving (x — Uy)" are only ac-
tive away from the noncontact set, a crucial localization property, and accounts for
the lack of constraint consistency U, < x in both space and time; see Figure 6.6.
The space-time situation x, > X, depicted in Figure 6.6, is only detected by the
term (A}, (xn — x)"¢.). In particular, if z € C}! is a full-contact node, then this
is the only nonzero local indicator. Besides justifying its presence, this argument
shows that such a term can be regarded as a complement to the notion of full contact
nodes which hinges on the condition x} = x(t,) in w,; see §6.5.1. For a kink or cusp
pointing downwards the relation x;, > x is not only to be expected but it might
suggest that one needs strong local refinement. This is not true because asymptoti-
cally the discrete solution detaches from the obstacle and so (A}, (x5, — x)T¢.) = 0;

see [113] for a full discussion.
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6.7 Mesh Changes and Coarsening Error

Till this point, we assumed the spatial test function space V does not change
in time. To derive a practical adaptive algorithm for evolution problems, we need
to allow mesh to change in time to give optimal approximation at each time step.
This is because singularities of solutions of time-dependent problems could change
their location or strength.

Mesh change is a delicate issue for evolution problems. An example has been
constructed by Dupont [56] who showed changing the mesh in an uncontrolled way
could lead to convergence to wrong solutions. For linear parabolic equations, coars-
ening error is examined by Chen and Feng [48], and Lakkis and Makridakis [90], and
earlier by Nochetto et al [112] for degenerate parabolic problems. In this section,

we shall consider mesh changing and coarsening error estimates.

6.7.1 Transfer Operator

Let 2 € R? be an open and bounded polygonal domain. We now introduce
spatial quantities for 1 <n < N fixed. Let 7" be the mesh at time ¢, and P}’ be
the set of all nodes of 7", including the boundary nodes. Let V™ be the space of
continuous piecewise linear finite element functions on 7.

For problems with general obstacles, it is not obvious how to define the transfer
operator from one time step to the other because the usual linear interpolation
operator or L2-projection operator does not always work in practice. As an example,
we consider linear interpolation operator I" | : V=1 — V" as the transfer operator
and show why it fails in a thought experiment in Figure 6.7.

In Figure 6.7, we suppose the exact solution u does not change in time. At
time step n, the adaptive algorithm detects that the time error is quite big because
of the sudden change of numerical solution U}, in the contact region and decides to
reduce the time step-size to make the time error smaller. Since this effect is actually
due to the resolution of the obstacle instead of the time step, reducing the time

step-size does not help. Hence the adaptive algorithm would either get stuck here
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Figure 6.7: Top: exact solution at time t,. Middle: numerical solution U;* for
uniform mesh. Bottom: numerical solution U;'. Since in the contact region the
numerical solution U}Z‘l is below y, the adaptive algorithm detects this and refines
accordingly. However I,’;”_lU,’f_l = U,’f‘l, whence the time error (difference between
Up and I"_ U which is related to the gray area) does not decrease as the time

step-size decreases.
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if there is no control on the maximum number of iterations for time adaptation, or
end up with unnecessary refinement of time step-size.
Inspired by this example, we now introduce a new transfer operator Z" ; :
V7! — V" which circumvent this difficulty:
" v:i= Z max {I_ v(2), X} (2) } ¥z, (6.71)
ZEPP
where I, : V=1 — V" is the linear interpolation operator. If the obstacle does not
change in time, i.e. X7 = x7~", then UP™' > x7 and Z"_, reduces to the previous
transfer operator I’ ;. Numerical experiments in Chapter 8 demonstrate Z' ; works

well in practice.

6.7.2 Residual and Galerkin Functional for Mesh Changes

We now need to introduce and modify notation to deal with mesh changes.

N

N, we still denote the piecewise constant interpolant W

For any sequence {W"}
and the piecewise linear interpolant W; see (6.72). Furthermore we define the new

piecewise linear function W to be

W(t) ;== 1) W+ (1= 1(t))W™, (6.72)

for any t € (tp—1,tn], 1 < n < N, where the linear function [(¢) is defined in (4.9).
We also denote by
wn — Wn—l _ wn — Ig_lwn—l

"=, MW" =
ow o ; e

Vi<n<N. (6.73)

After comparing these new notation with our notation introduced in Chapter 4, we
can easily find that
SW(t)=0W" YV teE (tyq,tn

The definition of residual is also modified due to mesh changes
= F" — U — AU,
as in the definition of nonlinear defect measure Gy, the Galerkin functional

Gri=ri = Ay =Y (= st

zePh\Ch
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that now incorporates the new definition of r}.
We split the set P;* into three disjoint sets as before (but with the new defini-
tion of r™):

Pr =Ny UC UFY

with the noncontact nodes N}, full-contact nodes Cj?, and free boundary nodes F7*

defined as in (6.55).

6.7.3 Coarsening Error Estimate

We apply the energy method used in §6.5; see (6.59). From the definition
(6.54) of the Lagrange multiplier ), it follows that for any ¢ € H*(1)

Ghy ) = (A(u—Tp) + (Bou — 6:U03) + A= A), @) — (f = F, ).

By taking ¢ = u(t) — Up(t) in the last equation, we obtain

1d _
Sl = Ul + (Afw = Ty, u = U
= (Gnu— Un) + (0Un — 8, u— Us) (6.74)
— ()\—Kh,u— Uh> + <f—F,u— Uh>
We now proceed as in Lemma 6.29, namely we Integrate both sides of the equality

on [0, 7] and use the coercivity inequality (2.9) and the Cauchy-Schwarz inequality
to get the following inequality:

E?(0,T;9)

< lwo = U H2 initial error

N N
+ Z/ H‘U’L - Uhm2 + (0,Up, — 6,Up,u — Uy) dt evolution error
n=1"7tn-1

Nt (6.75)
+Z/ H‘ghm* dt spatial error
n= tn—1
P
- / (A= Ap,u—Uy,) dt mixed error
0
T
+/ H}f—ﬁmi dt. data oscillation
0

108



Remark 6.38 (Coarsening Error) Note that, comparing with Lemma 6.29, we
now have the new term fOT<5tUh — 5tl7h,u — Uy) dt on the right-hand side that
accounts for mesh evolution. The remaining terms can be handled as in previous

sections.

We now discuss the difference between the case when mesh changes and the

fixed mesh case, especially the new term. It is easy to show, by triangular inequality,

that
o TT 2 1 n n—11||2
|7 =il = g oy - v
2 n— n— n—
< 2 (07 - ZoG I + IBv - G )P)
Furthermore, we have
Izt = < |\ op ™ = na oy + | o= = o
Hence it follows that
n T7 2 < n—1
|-l dtwkn(mUh e §
n—1
+ || Ut - U 1}H (6.76)

+ H\Iz_lwz—l - fs_lvs—luf)-

Notice that the three terms in (6.76) represent three different parts of the error: the
first term is the time error; the second term is the coarsening error; and the last
term contributes to the obstacle consistency error. These three terms will contribute
in &, &, and &,, respectively.

To handle the new term, we recall that

I:LL—IU}?_I — U;:_l
kn

5tUh - (Stﬁh ==

and use the Cauchy-Schwarz inequality to get
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t’!L o
/ <5tUh—5tUh,Uh—u) dt
tn—1

tn 1
< [ It = o N - ul

tn—1

2 tn £
ﬁ+/ WU — uf? dt
* tn 1 2

n 1 mn n— n—
< /tnl 2%ek2 |1z oy~ = oy

t
" 1 n—1 n n—1 2 1 n n—1 n—1 2
< [ lmati - ma g it - G e
tn
€ 2
4 / SO — ul? dt, (6.77)
tn712

for any positive constant €. We can choose appropriate € to absorb the last term on

the right-hand side of (6.7.4). Then we are left with two new terms, namely

2

*

1 1
STt - B and L - U

2
.

These terms accounts for the obstacle consistency error and coarsening error, re-

spectively. So we add these two terms to &, and &, respectively.

6.7.4 Final A Posteriori Upper Bound

We combine the inequalities (6.76) and with the estimate in the previous sec-

tion and choose appropriate constant € to arrive at the following upper bound of

the error £(0,7;1).

Theorem 6.39 (Final Upper Bound) For Problem 4.7 with a general obstacle

x € HY(Q), we have the following upper a posteriori bound for adaptive mesh
E2(0,T;0) S €2,
where the error estimator is given by
£ = (24 E+E+EL +E24+E+E2)7 .

The various estimators account for different discretization effects and are listed and

described below:
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Initial Error Estimate

53 1= [Jug — UF(L]H%Z(Q)

This part of the error estimator is due to the initial mesh and approximation of the

initial condition wug. It can never be reduced once the initial mesh has been fixed.

Time Error Estimate

N
&= ko ||Up -T2 U7
n=1

This part measures the error because of the evolution of the solution u. Philosoph-
ically it is only a good approximation of the evolution error when the space error is

small, i.e. U} is close enough to the real solution u(t,).

Space Error Estimate

N

=k Y [P+ (€)= st}

n=1 zEPP\CR ZEFT

where we modify the residual-type error estimators in (6.70) as follows

= ||pda o) W (R(UR) — RY) 6

and £ = ‘

L2('Yz) Lp(wz) .

This is because we may have different local meshsize in different stage of evolution.
The constants s? and d? are defined in (6.57) and (6.66), respectively. We can

separate the contribution into three parts & = &, + &7, + &£ 3 where

N
5}%,1 ::Z Z kn(n?)2

n=1 zePP\C}!

N
5}%,2 ::Z Z kn(g,ZL)z

n=1 zePP\C}!

N
Eigr=—Y_ Y knsid

n=1 P\ Fp
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Mixed Error Estimate

g ::;kn{ S AL (U7 =T U = 0 = T )] )

2ECPUFT
This part contributes not only to error due to the space discretization but also to

evolutionary error.

Coarsening Error Estimate

N 9 N 1
=2 kU™ = BT I+ > N = Ui
n=1 n=1""

N
>k Y (AL U = U = (g =D )

2€CIUFD
This quantifies the coarsening error. Mesh coarsening leads to information loss and

thus the need to control it not to spoil the overall approximation.

Obstacle Consistency Error Estimate

2 dt

*

E=x = U (M)*+ /0 I (x — Uh)+m2 + [|oe(x — )

N N
1
+ 2 Tl = B I DS e v - 0
n=1 "

—Z Z / {0 = U+ (xn — x) 1. dt
n=1 zeCpu tn—1

This part measures the discrepancy between the numerical obstacle y; and the real

obstacle .

Data Oscillation Estimate

&= [ Nr-Fla
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This part of the estimator gives information of the approximation of the data f.
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Chapter 7

Adaptive and Multilevel Algorithms

It is well known that the standard finite element approximation on a quasi-
uniform grid converges optimally with respect to the number of degrees of freedom
provided the solution is sufficiently smooth. However, sometimes solutions might
not be smooth enough for the standard finite element method to achieve optimal
convergence rate. Furthermore, the strength and locations of singularities are some-
times not known a priori. This rules out the possibility to design a priori optimal
meshes. In particular, for American option pricing problems, the solution is singu-
lar close to the maturity in time and the strike price in space; in some cases, the
space derivative of the log-price has jumps across the free boundary (whose location
is unknown). With this motivation in mind, in this chapter we design a practical
adaptive time-space mesh refinement strategy based on the a posteriori error esti-
mators proposed in Chapter 6. The rest of the chapter is organized as follows. We
first give a brief introduction to adaptive finite element methods for stationary as
well as evolutionary variational inequalities in Section 7.1. We then discuss major

steps of the adaptive algorithm in §7.2, 7.3, 7.4, and 7.5.

7.1 Introduction

After more than thirty years of extensive development, adaptive methods are
now standard tools in science and engineering. Adaptive mesh refinement is impor-

tant to deal with multiscale phenomena and to reduce the size of linear systems that

114



arise from finite element discretizations. In many practical applications, solutions
of PDEs are singular. Furthermore, location and strength of singularities are not
known in general. The goal of adaptive methods is to generate graded meshes in
space and time that automatically adapt to the problem at hand such that certain

error is smaller than a tolerance with minimal computational cost.

7.1.1 Adaptive Algorithm for Static Problem

Generally, the adaptive FEM for static problems generates graded meshes and

iterations in the form

SOLVE — ESTIMATE — MARK — REFINE/COARSEN. (7.1)

In finite element methods, a finite dimensional test function space is associated with
a given mesh. The SOLVE step finds the discrete solution of the finite dimensional
approximate problem. Usually this finite dimensional problem is solved by some
iterative method. The ESTIMATE procedure quantifies the error size. Since we cannot
compute the exact error of the solution, we need to find computable local error
indicators to estimate the local error of the discrete solution. As soon as the local
error indicator has been computed by ESTIMATE, the procedure MARK uses their
magnitude to determine regions of the domain that may undergo mesh refinement
or coarsening. A simple flowchart is given in Figure 7.1. To design a good adaptive
finite element method, reliable and efficient a posteriori error estimation is essential.
To learn more about adaptive algorithm design as well as implementation issues, we

refer to the book by Schmidt and Siebert [123].

7.1.2 Adaptive Algorithm for Evolution Problems

For time-dependent problems, we need to add an outer loop to the procedure
above to take care of the time variable and its adaptive control of step-size. In
ALBERTA [123], for general time-dependent problems, the following algorithm is

used:
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| INITTIALIZATION |

SOLVE: compute discrete solution uy,

ESTIMATE: compute Y, set T2 :=>" T2
<< tol

No

MARK

REFINE/COARSEN Yes

End

Figure 7.1: Flowchart of adaptive algorithm for static problems
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Algorithm 7.1 (Adaptive Algorithm for Evolution Problems) Start with ko,
Ty, Up.
(i) Compute initial error indicators for Yini. If Tinie(7) is too large, refine 7.
Repeat (i) if necessary.
Forn>0andt, <T
(a) solve for U}’ and compute error indicators for 7 € 7,
if Y7

n . is large, reduce time step k, and goto (a)

(b) for every 7 € 7,
if T2, ..(7) is too large, refine 7

space

if TP (1) + T

Doace n wse(T) 18 too small, coarsen 7 (if possible)

(c) if the mesh was changed
solve for U;! and compute error indicators again
if T, . is too large, reduce k,, and goto (a)
if (ZTeTn(T;‘paCC(T))Q)% is too large, goto (b)
otherwise, accept 7, and U

(d) if 17

e 18 small, enlarge £,

(e) let tyyg =tp + kpyy and n=n+1

Algorithm 7.1 is a modification of the algorithm originally proposed by Nochetto et
al. [112] for the Stefan problem.

7.1.3 Convergence and Optimality

Even though adaptivity has been a successful tool of engineering and scientific
computing for more than three decades, the convergence analysis is rather recent.
Dorfler [54] introduced a crucial marking strategy, which will be discussed in §7.3,
and proved strict energy error reduction for the Laplacian provided the initial mesh
is sufficiently fine. Morin, Nochetto, and Siebert [106, 107] showed that energy error
reduction cannot be expected in general by a counter-example, studied the role of
data oscillation, and prove convergence without assumptions on the initial mesh.

Later Mekchay and Nochetto [101] generalized this convergence result to general
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second order elliptic operators.

Quasi-optimal convergence rates for adaptive finite element method for the
Laplace equation were first shown by Binev, Dahmen and DeVore [22] with the
help of an artificial coarsening step. In [22], the energy error decay in terms of
number of degrees of freedom (DOF) is proved to be quasi-optimal, namely as
dictated by nonlinear approximation theory [53]. The coarsening step was later
removed by Stevenson [129], still for the Laplacian, at the expense of an inner
loop to reduce oscillation. More recently, Cascon et al. [44] proposed a simple and
practical adaptive algorithm, which avoids marking by oscillation, and proved a
contraction property and quasi-optimal convergence rate for general second-order
elliptic equations.

For obstacle problems, convergence and optimality are still in their early
stages. To the best of our knowledge, the only existing convergence result (without
rate) was given by Siebert and Veeser [127] for piecewise linear constraints. This
topic deserves further study. For elliptic problems with integral operators as well as
time-dependent problems, convergence and optimality are still to be developed. For
linear parabolic problems, Chen and Feng [48] gave an adaptive algorithm allowing
time-space adaptation and proved error reduction at one time step; the compound

effect in time is however missing.

7.2 Estimate

The ESTIMATE step provides local information of the error which guide the
adaptive algorithm to generate optimal meshes. An accepted principle for adaptive
algorithms is the error equidistribution, i.e. local error on each element has about the
same magnitude. Since error is not known, the next best thing is to equidistribute
the local error indicator instead of real local error. A posteriori error estimations
discussed in the previous chapter can guide us to design local error indicators.

We first define the following nodal-based local error indicators:
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e Initial error indicator:

Yo(T) = [luo — U;?HLZ(T)

e Space error indicator:

% {(TZ,j(z))2 +( Zz(z))z + va(z))z}ﬁ

where we define the nodal-based error indicators in (6.70) as follows

Th(z) =

|ns sy FUN
jump residual TZJ (2) = L2(vz)

0 z€Cp

(h”g » (R(UP) = R2) FLUNG
interior residual TZJ-(z) = Lr(w2)

0 zeCy

— sody z € Fy
free boundary term T} ,(z) :=
0 otherwise.

e Time error indicator: Since the time error estimator is not local, we use the

following heuristic local time error indicator

1
Ty = i |y = e U |-

e Coarsening error indicator

Ti(r v = L vl

-
e Obstacle consistency error indicators

n
X,h

1
Tl -l

noo.__ 1 n +112 %
= (Mool )

Remark 7.2 (From Nodal-based to Element-based Indicators) Note that in

()=

Algorithm 7.1, we use element-based error indicators. However, we define nodal-
based space error indicators above. In fact, we can define element-based space error

indicator easily by
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or we define it by averaging

Zzep,’fﬁr TZ(Z)

Th(r) = =2

Remark 7.3 (Negative Norm Estimators) We do not implement the error es-
timator terms [|0;(x — Uy) " ||, and ||F — f||, in dual norms. We would expect the
first one to be at least of the same order as ||[(x — Uxn)"|| (see example 8.1.4 for

numerical evidence) and the second term to be of higher order than O(h).

Now we can define error indicators needed in Algorithm 7.1:

Tinit(T) = To(T)
Tiime = TP + 17,
Topace(T) 1= T3(7) + T3 4(7)
Tcoarso(T) = T?(T)

7.3 Mark

The MARK step is based on the local error indicator given by ESTIMATE. The
marking strategy could be based on the elements, edges, or nodes. Here we only
consider the element based error indicators defined in previous section. To achieve
error equidistribution, it is clear that elements with a large local error indicator
should be refined, while elements with a small indicator need to be coarsened. There
are several marking strategies have been proposed in the literature. We now review

them very briefly.

7.3.1 Maximum Strategy

A very simple strategy is to mark those elements with an error indicator close
to the largest indicator. More precisely, given a threshold 6 € (0,1), we mark all
elements 7 € 7 with

T, >60maxT,
TET

for refinement. See [123, Algorithm 1.18].
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7.3.2 Equidistribution Strategy

This marking strategy is based on an average idea. Assume the number of

mesh elements in 7 is #7 . Then we refine all elements with error indicator

ZTET TT
#7T

with a parameter 6 € (0,1). See [123, Algorithm 1.19].

T, >0

7.3.3 Dorfler’s Marking Strategy

It is not clear whether an adaptive algorithm converges or even terminates
within a prescribed tolerance. Dérfler [54] proposed a marking strategy with guar-
anteed energy error reduction provided the initial mesh is fine enough; it is the
so-called guaranteed error reduction strategy (GERS). The idea of GERS is to mark
a portion of elements such that their contribution exceeds a percentage of the total,
namely 6, Y, where § € (0, 1) is a fixed parameter. To introduce as few degrees
of freedom as possible, we should mark those elements with largest local indicators.

For details, see [123, Algorithm 1.20].

7.4 Refine/Coarsen

Several refinement strategies in 2d and 3d are widely used. One such an exam-
ple is regular refinement or red-green refinement [19], which divides every triangle
into four in 2d (see Figure 7.2) and every tetrahedron into eight tetrahedra in 3d.
One problem with this strategy in adaptive mesh refinement is the hanging nodes
(leading to non-conforming meshes) introduced by local refinement. Additional re-
finement (the so-called green closure) is necessary to remove the hanging nodes (this
becomes difficult in 3d though). One complication is that, before further refinement,
the green refinement has to be removed to keep shape-regularity.

An alternative way is the bisection scheme introduced by Mitchell [103] for
2d and Bénsch [14] (iterative algorithm) and Kossaczky [88] (recursive algorithm)

for 3d. The recursive bisection scheme for 2d and 3d are proved to terminate in
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Figure 7.2: Regular refinement. Left: red refinement and hanging nodes; Right:

green closure.

finite steps and keep shape-regularity (see [103, 88]). In 2d, one can either choose
to bisect the longest edge (Longest Edge Bisection) or to bisect the edge opposite
to the newest vertex of each element (Newest Vertex Bisection).

We only consider the newest vertex bisection in 2d and the corresponding
bisection method by Kossaczky in 3d. Next we describe the newest vertex bisection

for 2d as well as the corresponding coarsening algorithm in detail.

7.4.1 Newest Vertex Bisection in 2d

We first give a brief review of the newest vertex bisection method. Given
a shape-regular grid or triangulation 7 of Q C R2, we label one vertex of each
element 7 € 7T as the newest vertex. The opposite edge of newest vertex is called
the refinement edge. This process is called a labeling of T .

Starting with a labeled initial grid 7y, newest vertex bisection follows the rules:

1. An element (father) is bisected to generate two new elements (children) by

connecting the newest vertex with the midpoint of the refinement edge;

2. The new vertex created at the midpoint of the refinement edge is labeled as

the newest vertex of each child.

Once the labeling is done for an initial grid, the subsequent grids inherit labels
according to the second rule so that the bisection process can proceed. Sewell [126]

showed that all the descendants of an original element fall into at most four similarity
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classes and hence grids obtained by newest vertex bisection is uniformly shape-

regular.

70,1 Ty

1,1 T1,2 T
/ \ / A\
/N

T2,1 NS NEE T2,4 7,

/ \ VAN
QT&IA 73,2 B’s,:& VM

Figure 7.3: Bisection tree (left) and its corresponding grids (right).

We now given an example to illustrate the bisection procedure. In Figure
7.3, we start from a initial grid 7, with only one element 7y;. The ‘dot’ close to a
vertex indicates that vertex is the newest vertex of that element. The generation
of each element in the initial grid is defined to be 0; once an element is bisected,
the generations of both children (the new elements) are defined as one plus the
generation of their father (the old element). From now on, the generation of an
element 7 € 7 will be denoted by g(7). We denote by 7;; the j-th element of
generation ¢, namely i = g(7; ;).

Suppose the adaptive method marks the element 75, for bisection (we indi-
cate a marked element by drawing it in light gray). After one step of newest vertex
bisection, the new grid 7; contains two elements 71, and 7y o which are the sib-
lings. Suppose 7y is bisected to produce the grid 75 and later 75 to give rise to
75. However, when 755 is bisected, to keep conformity, we need to bisect 7 o twice
according to the rules of newest vertex bisection. The dashed lines in the tree as

well as in the grid in Figure 7.3 means they are generated due to the conformity
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requirements. From the discussion above, it is easy to see that the bisection algo-
rithm generates nested meshes with the hierarchical structure of binary trees; each
binary tree corresponds to an element of the initial triangulation 7y (often called

macro-elements).

7.4.2 Coarsening Algorithm

The bisection procedure is fully revertible using a recursive coarsening algo-
rithm developed in [88]. Let us still use Figure 7.3 to illustrate the algorithm. In
the final grid 75, suppose we want to coarsen the element 73, the algorithm will
first find its neighbor 73 4 and it should be intelligent enough to tell that these two
elements are not siblings with the same father and cannot be glued together. So
the algorithm will then try to coarsen 734 first. This can be done in a recursive
manner. The element 73 3 is found to be the sibling of 73 4. Once the algorithm glue
733 and 734 together to get 7 4 back again, the grid becomes not conforming. To
keep conformity, the other neighbor (not sibling) of 75 4, i.e. 73, and its own sibling
should be glued together (if there is a problem with this step as before, do the same
recursive step for 7s; first). Once this conformity step has been completed, the
algorithm returns to 753 and glue it with its sibling 75 4 to obtain 73. To allow the
algorithm to traverse easily to its neighbors and so on, the bisection tree is needed

(for details, see, for example, [88, 123]).

7.4.3 Compatible Bisection

We denote the set of nodes (including boundary nodes) of a grid 7 by P}, and
the set of edges or sides by §,. We denote the cardinality, i.e. number of nodes in
Pr, by #Py,. Let T be a labeled grid. For any 7 € 7, let S, be the refinement edge

of 7 and let

7! S, cteT
F(r) =
& S, C 08

be the element of 7 (if exists) which shares the same refinement edge of S, with 7.
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An element 7 is called compatible if F(7) = @ or F(F (7)) = 7. A labeled grid
T is called compatible if every element in 7 is compatible and the labeling of 7 is,

in turn, called a compatible labeling. Given a compatible initial grid 7,, we define
T (7o) = {7 | T is obtained from 7; by newest vertex bisections}.
and a subset of .7 (7j)
o (1y) =47 € (1) | T is conforming}.

Notice that the difference between 7 (7y) and o/ (7;) is that a grid in 7 (7,) could

be non-conforming. We shall consider the coarsening of grids in the class o/ (7).

0% Wy

Figure 7.4: Compatible bisection b.

For a compatible element 7, its refinement edge is called a compatible edge.
Let wg be the patch of elements sharing the side S € S. If S is compatible, we
call the bisection of wg a compatible bisection and denote by b. More precisely, let
x be the midpoint of S, then b is understood as a map b : wg — w,, where the
patch wg consists of coarser elements and w, of fine elements; see Figure 7.4. In two
dimensions, a compatible bisection b only has two possible configurations. One is
bisecting an interior compatible edge. In this case, the patch wg is a quadrilateral.
Another case is bisecting a boundary compatible edge and wg is a triangle. See

Figure 7.5.

7.4.4 Bisection Grids Revisited

Let T, € 2/(7;) be the grid generated from a compatible initial grid 7, after
[ times of uniform refinement (meaning refine each element once every time). Ap-

parently, from the previous subsection, 7; can be viewed as full binary trees (one
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Figure 7.5: Compatible bisection of S. Left: interior edge; right: boundary edge.

tree for each element in the initial grid). Bisection guarantees that the sequence
{7} is shape-regular and quasi-uniform [103]. Assuming that the initial mesh 7 is
shape-regular with meshsize hg, we can see the meshsize of T is quasi-uniform. We
denote the meshsize of 7; by h;.

A triangulation 7 € &/(7;) can be viewed as the result of a sequence of
compatible bisections applied on the initial grid 7, with compatible initial labeling

[45, 47]. Formally, we can denote it by
T=To+b+ - +by.

Now we use the grid 73 in Figure 7.3 as an example to illustrate this. We can view 73
as the result of applying four compatible bisections, by, ..., by, on Zy; see Figure 7.6.

The sequence {by, by, b3, by} is called a compatible bisection sequence. Notice that

= ' b b
DN DB
L 4

Figure 7.6: Decomposition of a bisection grid.

the order of by and b3 could be interchanged without changing the final grid. This
means that there might be several different adaptive paths resulting in a particular
final bisection grid in adaptive algorithms. The order of the bisection sequence does
not imply generation information of bisections.

Let L := max,c7 g(7) be the maximum generation among all elements in
T € /(7). Then T is a set of full binary trees (one for each macro-element) of
depth L + 1. On the other hand, a locally refined mesh 7 of depth < L + 1 is a

126



subtree of 71 and can be embedded into 7 ;. With our notation, it is easy to see

that hmin(T) ~ FLL.

Remark 7.4 (Simple Bisection and Coarsening Algorithms) Exploiting this
new view of bisection grids, Chen and Zhang [47] proposed a simple coarsening

strategy for 2d problems. This coarsening strategy is implemented in the package

AFEM@matlab [46].

7.5 Solve

It has been shown in Chapter 4 that we need to solve a discrete variational
inequality (4.20) at each time step. As we discussed in §4.3.3 the discrete vari-
ational inequality (4.20) can be written as the following finite-dimensional linear

complementarity problem (LCP)
AU>F, U>X, (AU-F)'(U-X)=o0; (7.2)

see also (4.21). The subject of finite-dimensional variational inequalities and com-
plementarity problems and their applications in engineering and economics have
received intensive attention for over more than three decades. We refer to the re-
view paper by Ferris and Pang [70] and the references therein for a comprehensive
overview of the importance of linear and nonlinear complementarity problems in
various application areas. For more general variational inequalities, we refer to the
monograph by Facchinei and Pang [63, 64].

Here we will only mention some new methods designed especially for discretiza-
tion of obstacle problems. A classical way to solve LCP is the projected successive
over-relaxation (PSOR) method by Cryer [52]. For elliptic symmetric obstacle prob-
lems, different multigrid and domain decomposition techniques have been developed
(see Tai [130] and the references therein for a quick review). Among them, typi-
cal examples include the full approximation scheme (FAS) [28], monotone multigrid
(MMG) methods [97, 85, 87], multigraph interior point methods [13], and subspace
correction methods [131, 9, 130].
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7.5.1 Subspace Correction Methods for Obstacle Problems

Multigrid and domain decomposition methods have been studied extensively
for linear partial differential equations. Multigrid methods and conjugate gradient
methods with multilevel preconditioners are among the most efficient numerical
methods for solving linear systems arising from elliptic PDEs. They can be analyzed
under the general framework of space decomposition and subspace correction; see
Xu [144] and the references therein for details.

Usually, subspace correction methods can be divided into two categories: par-
allel subspace correction (PSC) methods and successive subspace correction (SSC)
methods. PSC methods are also called additive methods because they make cor-
rections in each subspace simultaneously. They are suitable for parallel computing
and preconditioning because of this nature. On the contrary, SSC methods make
corrections in one subspace at a time and are often called multiplicative methods.
Detailed information on the convergence theory as well as implementation for both
PSC and SSC can be found in Xu [145].

Recently, the subspace correction framework has been extended to nonlinear
convex minimization problems by Tai and Xu [132]. They considered a nonlinear
convex optimization problem and proved global linear convergence rate for PSC and
SSC under some assumptions on the subspace decomposition. Later this technique
has been applied to develop domain decomposition and multigrid methods for vari-
ational inequalities [131, 9]. Furthermore, a constraint decomposition technique was
introduced by Tai [130] to improve the efficiency of the methods. In this section, we
discuss the constraint decomposition methods for obstacle problems.

We consider the energy minimization problem

min J (v), (7.3)

veK

where J : K € V — R is the convex functional defined in Problem 1.3 over the

finite dimensional convex set

K:={veV(T)|v >0}

128



Note that the algorithms discussed in this section could be generalized to problems
with more general obstacles.

We decompose the space V into a sum of subspaces V;, i.e.
V=Vi+ V=) V. (7.4)

Once we have the space decomposition (7.4), we can further decompose the feasible

set K as follows
K=K+ +K,=> K, KcCV(i=1...,m), (7.5)

where K; are convex and closed in V;.

There are two possibilities to construct numerical methods: one based on (7.4)
and the other based on (7.5). To simplify the presentation, we only consider SSC
versions of the algorithms; PSC versions can be constructed similarly (see [9, 130]
for details).

We first look at the first possibility: an algorithm based on (7.4).

Algorithm 7.5 (Successive Space Correction Method) Given an initial guess
u e K
Let w©® =u
Fori=1:m
d; = argmin {J (w Y + &) |w Y + d; € K and d; € V;}
Let w® = w01 4 ¢,
End For

Let w = w™ and use w as the initial guess to start the iteration again.

This is a natural extension of the SSC algorithm for unconstrained convex mini-
mization problems [132]. On each subspace, we need to keep the new iteration w®
in the feasible set K. To do this, the computational cost at each iteration might be
big even if V; is only low dimensional (as would correspond to a coarse mesh).
One can then modify this algorithm using the feasible set decomposition, or

equivalently constraint decomposition (7.5).

129



Algorithm 7.6 (SSC Constraint Decomposition Method) Given an initial guess
u € K:
Decompose u = > 1" u;, u; € K; and let w® = u
Fori=1:m
d; = argmin { J (w Y+ d;) |u; +d; € K; and d; € V;}
Let w® = (=Y 44,
End For

Let w = w'™ and use w as the initial guess to start the iteration again.

Remark 7.7 (Local Obstacle) The idea of using local obstacle to reduce the
computational cost of local problems is not new. It has been explored by Mandel
[97] and then extended by Kornhuber [85, 86]. However, the constraint decompo-
sition method is essentially different from the monotone multigrid methods in its

philosophy. We will discuss this later in Remarks 7.14, 7.15 and 7.21.

Remark 7.8 (Feasibility) For both Algorithm 7.5 and 7.6, we need a feasible
initial guess to start with. It is clear that each iteration w® (i = 1,...,m) stays in

the feasible set K because of (7.5).

The main difference between Algorithm 7.5 and 7.6 relies on the fact that,
for the latter, we only solve a minimization problem in K; C V; at each iteration.
This is usually just an one-dimensional minimization problem and is cheap to solve.
On the other hand, the conditions u; € K;(i = 1,...,m) is more restrictive for
decomposition of u than Y " u; € K of course. We only consider Algorithm 7.6

here in this thesis.

7.5.2 Convergence Rate of SSC-CDM Methods

We shall prove the linear convergence rate of the SSC constraint decomposition
method (SSC-CDM), Algorithm 7.6. This presentation follows the idea of Tai [130]
except tuned to the way Algorithm 7.6 is written (which is different than [130]).
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First of all, we make two assumptions on the decomposition: the first is stabil-
ity of the decomposition and the second is the strengthened Cauchy-Schwarz (SCS)

inequality:.
Assumption 7.9 (Assumptions on Decomposition) We assume that

1. For any u,v € K, there exist a constant C; > 0 and decompositions u =

o u; with w; € Ki, v =>"1"  v; with v; € K; such that

(Z fl: = vi\|\2> < Cflu =l (7.6)
=1

2. There exists Cy > 0 such that

m

S I (wsy+ ) = T (wi), B3} | < Co (menf) (Zumnf) . @)

1,j=1

for any ws; € V, v; € Vi, and ﬁj c Vj.

Remark 7.10 (Stable Decomposition) The counterpart of the first assumption
for unconstrained case is usually called stability of the subspace decomposition. This
is a statement about lack of redundancy in the decomposition, i.e. the decomposition

is almost orthogonal.

Remark 7.11 (Strengthened Cauchy-Schwarz Inequality) The second assump-

tion is the so-call strengthened Cauchy-Schwarz inequality for nonlinear problems.

If these two assumptions in Assumption 7.9 are satisfied, then the SSC-CDM

is globally convergent and has linear convergence rate.

Theorem 7.12 (Convergence Rate of SSC-CDM) If Assumption 7.9 is satis-
fied, then Algorithm 7.6 converges and

J(w) = T (u*) 1
T —dw) = VI G+ VG 78)

where u* is the solution of (7.3) and Cy = 2Cy + C3C3.
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Remark 7.13 (Measure of Error) Here, the error is measured by J(u) —J (u*).

This is natural for energy minimization problem. In fact, by definition,

T(w) = ) = g Jul ~ 5§l — (fu =)

1 * * * *
=5 llu—u I+ a(u,u— ") = (f,u—u)

1 * * *
=5 llu =P = W), u— ).

For any feasible u, the second term on the right-hand side (A(u*),u — u*) is non-

positive. Hence, if J(u) — J(u*) =0, then ||u — u*|| = 0.

Remark 7.14 (Global and Monotone Convergence) Notice that the previous
theorem implies that energy J is strictly decreasing in Algorithm 7.6. Furthermore,
the convergence rate is globally linear starting from any feasible initial guess. This is

different than the asymptotic linear convergence rate of monotone multigrid methods

85, 86].

Remark 7.15 (Non-degeneracy Assumption) There is no need to assume that
the strict complementarity condition is satisfied by the discrete problem (non-
degenerate assumption) as for monotone multigrid methods [85, Lemma 2.2]. Nu-
merical experiments show the method is stable for degenerate problems also; see

Table 8.18.

Remark 7.16 (General Convex Minimization) For our purpose, we only con-
sider Problem 1.3 here. The methods discussed here can be generalized to convex
minimization problems with strongly convex and Gateaux differentiable objective

functionals.
We now give several lemmas in preparation to prove Theorem 7.12.

Lemma 7.17 (First Order Optimal Condition) Foreachi=1,... ,m, we have

<J’(w<">),di — di> >0 VYu+d eK,.
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Proof. Note that both u;+d; and u;+d; are in K;. Therefore ui—l—(l—a)di—l—adi e K,

for any 0 < a < 1 since K; is a convex set. We then consider the minimization

problem

min J (w4 (1 — a)d; + ad;).

0<a<l1
From the first order optimality condition, it is then clear, for i = 1,...,m, that
Hence we have the desired inequality. |

Lemma 7.18 (Monotonicity) In Algorithm 7.6, the energy is decreasing and

>l
i=1

Proof. For any v,v € K| it is easy to see that

N | —

J(u) = J(w) =

J(@0) = J(v) = (T'(v), 0 —v) +%|||17—v|||2- (7.9)

For i = 1,...,m, we have that w Y and w® are both in K. Hence, by applying
(7.9) and Lemma 7.17 with d; = 0, we get

. . o 1 1
j(w(l_l)) - j(w(z)) = - <j (w( ))a di> + 5 |\|dz\||2 > 5 |||dzH|2 :

Then J(u) — J(w) = >0 | J(wV) — F(w®) gives the lower bound of the energy
reduction. |

This lemma ensures the algorithm will result in strict energy reduction when
d; # 0. To prove the convergence theorem, we are going to bound ||d;|| from below
by the error in energy. The following lemma basically says if one cannot make any
progress in a step, i.e. Y1, ||di|]* = 0, then one has obtained the exact solution;

otherwise, one can always reduce the energy using Algorithm 7.6.

Lemma 7.19 (Error in Energy) Suppose u* € K is the optimal solution. The
error in energy after one loop of CDM-SSC method satisfies

m m 1/2
Tw) = TW) < C YNl + (DMl ) =l
=1 =1
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Proof. We first recall that Assumption 7.9 (1) implies the existence of decomposi-

tions u* =Y " uf and u =Y ", u; with uf, u; € K; satistying (7.6). Taking v = u*

i=1 "1

and v = w in (7.9), we arrive at
J(w) =T W) <(J'(w),w—u").
On the other hand, by Lemma 7.17, we obtain
(T (@), (u] = wi) — di) >0,

whence

NE

(T (w), w —u”) (T'(w), ui + di — u7)

1

.
Il

(T (w) — T (wD), u; + d; — u;)

NE

1

.
Il

<j'(w(j)) — T (wY VY, w4 d; — uy).

NE
NE

)

1 j=i

Using the strengthened Cauchy-Schwarz inequality (7.7), we then have

[N

(T (w), w —u") < C <Z |||dz~|||2> (Z (i = u3) + di|||2)

Hence a consequence of the above inequality, the triangle inequality and the stability

of the decomposition (7.6) is

[N

m 2
(Z Hldi\||2> +Ch flu— v
i=1

This in turn gives the upper bound of the error in energy. ]

(T (w), w —u”) < C (Z |||di\||2>

Now we are ready to prove the main convergence theorem.

Proof of Theorem 7.12. From Lemma 7.19, we can see that
* & 2 . 2 1/2 *
T(w) = T(w) < O SNl + 0 S i) u— ).
i=1 =1

. . . . . 1 2 2 .
Using the generalized triangle inequality, ab < 5-a*+ 0% with a constant 0 < e < 1,
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the monotonicity Lemma 7.18, and (7.9) with ©® = v and v = u*, we obtain

i - C2C3 & £ i
Tw) =T ) < Co YNl + (S22 DMl + 5w — ')
=1 =1

Cies

< (26 + =L2) (T (w) = T(w)) + (T (w) - T(u"))

< L (I (w) - TW) + (T (W) — T(u)).

€

Hence, it is easy to see that
J(w) — T (u*) < Coe™t+e _ Co + &2
Jw)—TJw*) — 1+Ceet  Co+e’
To minimize the right-hand side f(g) := (Cy +&2)/(Co + €), we find
B £2 4+ 2Che — C
(e + Cp)?

and there exists a unique minimizer of f(e), e, = /C2+Cy — Cy € (0,1). By

f'(e)

picking the optimal €,, we obtain the convergence result (7.8). |

7.5.3 SSC-CDM on Adaptive Grids

We have proved in the previous subsection that the SSC-CDM method con-
verges linearly if the space and constraint decompositions satisfy the assumptions
in Assumption 7.9. In this section, we construct subspace decompositions for con-
tinuous piecewise linear finite element space V. = V(7') vanishing on the boundary
of the polygonal domain €2 on an adaptive grid obtained by newest vertex bisection,
7. This is new because the original paper by Tai [130] assumes quasi-uniformity of
the underlying meshes.

In Algorithm 7.6, once a space decomposition V = " V; is introduced,
we need to decompose the feasible set K = " K, first and then decompose the

current iterative solution u such that
m
U:ZW and u; € K; CV,.
i=1

If there is no constraint, i.e. K = V, then it is clear that we can take K; = V;
fort=1,...,m. The SSC-CDM algorithm is then reduced to the SSC method for

unconstrained convex optimization problem in [132].
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There are two ways to decompose the space V which are proved to be efficient
in practice: one is domain decomposition (DD) type, the other is multigrid (MG)
type. Both were discussed in [130]. Here we shall focus on multigrid decomposition
and remove the quasi-uniform assumption on the underlying grid as posed in [130].
Then we can apply this algorithm for symmetric elliptic variational inequalities on

adaptive meshes.

Space and Constraint Decomposition

From now on, we assume that 7 € 7(7;) can decomposed in the following

way as discussed in §7.4.3
T=To+b++ b,

where b;’s are compatible bisections. We first introduce the multigrid space decom-

position for V. We denote the intermediate grids by
7;:76+b1—|—+bl ’i:l,...,m,

and observe that 7; € /(7). Define the nodal basis ¢, , € V(7;) at node x € 7.
For the same geometric node z, we could have different nodal basis functions on
different grids.

It is easy to see that there is a one-to-one correspondence between the com-
patible bisection b; and a compatible refinement edge S; € S;,(7;). In turn, we also
have a one-to-one correspondence between b; and x;, the middle point of .S;, when
x; first occur. Denote the support of ¢, ., by w; ,,, and the subspaces associated with
b; by

Vi =AYz |2 € Pu(Ti) Nwi,}- (7.10)

If Vo = V(75) is the space corresponding to the initial mesh 7;, then we have a

subspace decomposition
V=>"V.
i=0

Based on this subspace decomposition, there are infinitely many possibilities

to decompose the feasible set K when the subspace decomposition is fixed. We
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do not consider the optimal way to choose such a constraint decomposition. We

decompose K := {v € V|v > 0} into
K:ZKZ- and K;:={veV,;|v>0} (7.11)

We shall use the following notation for various kinds of local patches:
® Wi, ::U{7‘|x€7,7€7§};
o Gig = U{wiyly € P(T) Nwig )
o w, =/ {w@y |y € P(Z;) N T};

® Wi = Wiz,

® W 1= Wig,-

SSC-CDM Algorithm on Adaptive Grid

With the subspace and constraint decompositions discussed above, we can con-
struct a practical SSC-CDM algorithm. The main difference between the SSC-CDM
for the constrained minimization problems and the SSC method for unconstrained
problems is that, in the former, we need to actually decompose each iterative solu-
tion v € K; on the contrary, in the latter, the decomposition is only for theoretical
purposes. In fact, in SSC methods, one can think there is a decomposition of each
iteration u. However the particular choice of decomposition will not change the next
iteration w. On the contrary, for constrained minimization, the decomposition of u

will affect the local obstacle in each subspace. This is because we need to compute
d; = argmin{j(w(i_l) +d;)|u;+d; >0 and d; € V,-} i=1,...,m

to obtain w®. We can see from the formula above that w; is only needed to verify
the constraint u; + d; > 0.
We first introduce a decomposition of v and then apply it to the SSC-CDM

algorithm on adaptive grids. For ¢ = 1,...,m and any function v € V, we define an
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operator Q; : V — V(7;_1) such that, for any node = € P,(7;_1),

Qiu(x) := min u(y) (7.12)

YEW; o

Having defined Q;u at all nodes Pp,(7Z;_1) by (7.12), the rest of values of Q;u can then

be obtained by interpolation since Q;u € V(7;_1). Notice that @;’s are nonlinear
operators, i.e. Q;u — Qv # Q;(u —v).

Lemma 7.20 (Stability of Q;) Let u,v € V. For any node x € Py(7;) and any

element T € T;, we have

hr_lHQH-lu - QH—lUHLZ(T) < Cd,THu - UHHl(Wi,T)’

where the constant Cy, depends on the meshsize

C d=1
Cir = C(L+ | (he /b)) d=2 (7.13)
C(hy/hmin)? d=3

Here C' is a generic constant which is independent of the meshsize.

Proof. From the definition of ();’s, we have, for any u,v € V, that

Qi1 — Qisrvlrey S Y llu—vllz=(,,)|7]
yEPR(T:)NT

d
S hi|lu = vl e ,)-

The result then follows directly from scaling argument and the classical discrete
Sobolev inequality between L™ and H'; see [27]. |

Next we define a decomposition of u (see Figure 7.7):

w=>Y u, (7.14)
=0
where

Ump = U — Qmu, U; ‘= Qi+1u - QZU (Z = 1, s, — 1), Ug = Qlu. (715)
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»

Figure 7.7: Decomposition of u.

Comparing these with the definitions (7.10) of V; and (7.11) of K;, we can easily
see that

u; € K; 1=0,1,...,m.

We have specified all ingredients of Algorithm 7.6 and it can be now applied
to symmetric elliptic obstacle problems. In practice, we can further decompose each

V; by natural nodal basis decomposition

V; = Z span{ v . }.

z€PR(Ti)Nw;
Then at each step, we only need to solve a univariable simple constrained minimiza-

tion problem which is easy.

Remark 7.21 (Different Philosophy Between SSC-CDM and MMG) Now
we discuss a little bit about the different philosophy between the SSC-CDM method
and the monotone multigrid methods (MMG).

e In MMG, we give the maximum freedom to high frequency corrections. This
will in turn restrict the freedom of the low frequency corrections. Close to
the free boundary, the standard MMG methods behaves more like a Gauss-
Siedel method and has multigrid performance when the contact region has been
resolved. To speed up the convergence, Kornhuber [85] suggested a modified
MMG method. This modification, on the other hand, causes computational

overhead.
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e For the SSC-CDM method, the convergence theorem actually suggests we
leave more freedom to the lower frequency corrections. Hence we give as little
freedom as possible to the high frequency search directions. Heuristically,
this is more natural because the fine grid corrections take care of oscillations
(high frequency error) and leave the smooth part of error to the coarse grid

corrections.

Mesh Dependent Reduction Factor

We proved linear convergence of SSC-CDM algorithms in Theorem 7.12. How-
ever, the reduction factor depends on the constants C and Cs5. It is possible that
the reduction factor goes quickly to 1 as we keep refining the mesh. For linear el-
liptic PDEs, multigrid and multilevel preconditioning techniques are usually used
to construct algorithms with a reduction factor independent on the mesh-size. It
is critical to prove the mesh independence of the reduction factor under subspace
correction framework for uniformly refined meshes [146]. On the other hand, for
adaptive meshes, uniform convergence is proved on newest vertex bisection grids in
2d by Chen and Wu [143] recently. Chen et al. [45] proved that a space decom-
position is stable and optimal on graded bisection grids provided it is stable and
optimal on quasi-uniform bisection grids.

Now we consider mesh dependence of the SSC-CDM method on bisection
grids. We have presented a general convergence theory in Theorem 7.12. The
convergence rate is globally linear but the reduction rate depends on the constants
C7 and C5 in Assumption 7.9. The second assumption, the strengthened Cauchy-
Schwarz inequality, depends solely upon the property of the space decomposition.
We can show it is mesh independent using [132, §4.2.2] and [45, Theorem 5.2]. On
the other hand, the estimation of ' is non-standard and problematic because we
do not have the freedom to choose a ‘good’ decomposition. The decomposition is
restricted due to the constraint u; € K;. We shall see that C'; degenerates quickly
in 3d and depends mildly on the smallest meshsize in 1d and 2d.
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Lemma 7.22 (Estimation of C,) For the multilevel decomposition defined in (7.14),

we have the constant C satisfies

| 1n(hmin)| d=1
Cv~ & ()| (14 () )? d =2
| 10(hoin)| (Banin) ™2 d=3.

Proof. Suppose u =Y """ u; and v = >_"" v;. Recall that u; — v; is supported on

w;. Using inverse estimation, we obtain that
s — vill® < B2 (lus — vill 32,
On the other hand, from Lemma 7.20, it is easy to see that
i — Uz’||%2(7) N Cdmhinu - U||%{1(wi’7) VT € ;.

We then regroup patches with respect to the generation of bisections and use shape-
regularity of the bisection grids as well as the finite overlapping property of w; for

same generation to get

m L L

2 2 7 —
> i =il =D = ol S DY My — vl
=0 =0

1=0 g;=l 9;=l
L
2
S Ca) llu—vllig) S Cal llu—ol?,
1=0

where the constant C} is

C d=1
Ca=13 OO+ |In(hmn)])? d=2 (7.16)
C(h'min)_% d= 3

Since we are using bisection grids, L = |In(huy,)|, we obtain the final estimate.
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Chapter 8

Numerical Experiments

In this chapter, we design numerical experiments to test various of aspects of
the a priori and a posteriori error estimations and the adaptive algorithm proposed

in previous chapters. These include:
e A priori convergence rate (compare with Chapter 5);
e Asymptotic behavior of the error estimators (compare with Chapter 6);
e Reliability and efficiency of the error estimators (compare with Chapter 6);
e Localization property of the space error estimator (compare with Chapter 6);
e Approximation of the free boundary;
e Performance of the adaptive algorithm (compare with Chapter 7);
e Linear convergence rate of the discrete solver: SSC-CDM (compare with §7.5);
e Mesh dependence of the reduction rate for SSC-CDM (compare with §7.5);
e Application on American option pricing.

The goal of these numerical tests is to confirm the theories developed in previous
chapters as well as provide more insight for future research.

The rest of this chapter is organized as follows. First we design benchmark
test examples to test asymptotic convergence rates of the error and the error esti-

mators in §8.1 (differential operators) and §8.2 (integral operators). Then we apply
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the adaptive algorithm to solve the test problems and compare the performance of
adaptive refinement strategy with the standard uniform refinement in §8.3. Finally,
we examine the convergence behavior of the discrete solver (SSC-CDM) in §8.4.

The numerical experiments are done with adaptive finite element toolboxes
ALBERTA of Schmidt and Siebert [123] or AFEM@matlab of Chen and Zhang [46].
Experiments are performed on a desktop PC with Pentium IV 2.4GHz and 1GB
RAM.

We shall keep the notation as consistent as possible with the notation used in

previous chapters. Here is a list of important quantities for quick reference:

e F: total error. For elliptic problems, it is the energy error; for parabolic

problems, it is the L?-energy error.

&: total error estimator; see §6.7.4.

E/E: the effectivity index of error estimator &£

N: number of time steps.

e DOF: number of degrees of freedom in space.

EOC: experimental order of convergence (based on last two experiments).

8.1 Asymptotic convergence rates (Part I: Differ-
ential Problems)

The main purpose of the section is to design and perform test examples to

confirm the theoretical results in Chapters 5 and 6.

8.1.1 1d Tent Obstacle: Case x; = x

We take A := —2%5, the domain  := (—1.0,1.0), the time interval [0.5, 1.0],

T ox2)

and the noncontact and contact sets to be N := {|x| > ¢t/6} and C := {|z| < t/6}.
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If the obstacle is x(z) = 1 — 3|z|, then the exact solution u and forcing function f

are given by

3622 — (34 12¢71)|x| + 2 in N
u(zx, t) =

1 —3lz| in C,

—12t72(6t" 2 — |z| + 6) in N/
flz,t) =

—72t72 in C.

Function w is depicted in Figure 8.1 at times ¢ = 0.5, 0.75, and 1.0.

obstacle /
6" — — - solution att=0.50 !
solution att=0.75
\ — - — solution att=1.00 ;

Figure 8.1: 1d Tent Obstacle: Exact solution u(-,t) at times ¢t = 0.5,0.75,1.0. The

obstacle x is piecewise linear with a kink at x = 0, belonging to all partitions. This

implies x5, = x.

To test the asymptotic convergence rates of both the proposed error estimator
& and exact error E, we halve time step k£ and space meshsize h in each experiment
and report the results in Table 8.1 and Figure 8.2. To investigate the decay of each
component &, ; of the space estimator &, we fix the time-step to be k = 2.5 x 107,
so small that the error is dominated by the space discretization. Table 8.2 displays
their behavior under uniform space refinement: the estimator &, ; exhibits optimal
order 1 and dominates the other two terms.

We display in Figure 8.3 the nodal-based space error estimator Y7(z) at dif-
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N DOF En Ek Ern & E Effectivity

64 127 | 2.256e4+0 2.121e4+0 2.731e-2 | 3.097e+0 | 7.347e-1 4.219
128 255 | 1.138e4+0 1.059e40 9.686e-3 | 1.555e+0 | 3.700e-1 4.202
256 511 5.716e-1  5.294e-1  3.338e-3 | 7.791e-1 | 1.857e-1 4.202
512 1023 | 2.864e-1  2.646e-1 1.181e-3 | 3.900e-1 | 9.301e-2 4.184
1024 2047 | 1.434e-1  1.323e-1 4.148e-4 | 1.951e-1 | 4.655e-2 4.184

EOC 0.998 1.000 1.510 0.999 0.999 -

Table 8.1: 1d Tent Obstacle Problem (y, = x): The space and time estimators
En, &k, decrease with optimal order 1, but the mixed estimator &, is of higher
order. The ratio between total estimator £ and energy error E is quite stable and

of moderate size.

1d tent obstacle example (x5 = X) 2d oscillating moving circle example

DOF | &na En2 En3 DOF | &nn En2 En3

129 | 2.282 3.034e-1  4.929e-2 145 1.094 1.323 1.194e-2
257 | 1.144 1.073e-1  1.823e-2 545 | 5.660e-1 4.974e-1 3.936e-3
513 | 5.729e-1  3.792e-2  6.295e-3 || 2113 | 2.880e-1 1.817e-1 1.368e-3
1025 | 2.866e-1 1.341e-2 2.250e-3 || 8321 | 1.453e-1 6.532e-2 4.652e-4
2049 | 1.434e-1 4.740e-3 7.903e-4 || 33025 | 7.295e-2 2.329e-2 1.617e-4

EOC | 0.999 1.500 1.509 EOC | 0.994 1.488 1.525

Table 8.2: Decay of each component &, ; of the space estimator & for a fixed time-
step k = 2.5 x 107 so small that the time estimator & is insignificant. Left: 1d
tent obstacle problem 8.1.1; Right: 2d oscillating moving obstacle problem 8.3.3. In
both cases the nodal-based estimator &}, ; exhibits the expected order 1 whereas the

other two superconverge.
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T

—©— error estimator

—=— real error ]
optimal convergence rate

10° )
10 F

error & estimator
error & estimator

—1
107t _
1077}

Figure 8.2: Error estimator £ and energy error F vs. total number of degrees of
freedom (N - DOF) for 1d Tent Obstacle Example 8.1.1 with x;, = x (left) and
2d Oscillating Moving Circle Problem 8.3.3 (right). Since N - DOF =~ 7 ~ 57,
provided k ~ h, the optimal error decay is O(h) = O((N - DOF)_ﬁ) and is
indicated by the dotted lines with slopes -1/2 (left) for d = 1 and -1/3 (right) for
d = 2. This shows optimal decay of both £ and F.
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ferent stages t, = 0.6,0.8,1.0 of the evolution. We see that Y7} (z) vanishes at
full-contact nodes z € C}', as predicted by theory, and that the exact free-boundary
is captured within one element. This is further documented in Table 8.3 which

shows exact and approximate free boundary locations at times ¢, = 0.6,0.8, 1.0.

error estimator
=< exact free boundary
0.1 b 0.1 b 0.1 b
s
<
£
B
<6}
s
>
a
=}
<
=
5
0.05 - b 0.05 - b 0.05

0.5

o o o
t = 0.60000 t = 0.80000 t = 1.00000

Figure 8.3: 1d Tent Obstacle Problem: Nodal-based space error estimator Y} (z) at
times t, = 0.6,0.8, 1.0 for DOF = 255 and k = 2.5 x 10~%. The localization property
that T} (z) vanishes at the full-contact nodes z € C}} is clearly visible, along with

the fact that free-boundary approximation takes place within one element (see Table

8.3).

Time | Exact Free Boundary | Approx Free Boundary

0.6 +1.0000 x 1071 +1.0156 x 1071
0.8 +1.3333 x 1071 +1.3328 x 1071
1.0 +1.6667 x 1071 +1.6406 x 1071

Table 8.3: 1d Tent Obstacle Problem (x;, = x): Since the meshsize is h ~ 7.8 x 1073

the FEM captures the exact free boundary within one element.
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8.1.2 1d Tent Obstacle: Case x; # x

In general, we cannot expect the underlying mesh to match the singular be-
havior of the obstacle, as in Example 8.1.1, even for piecewise linear obstacles. This
happens, for instance, when the obstacles change in time. The question thus arises
whether or not the proposed error estimator £ is able to capture the correct behavior
of the solution when a singularity is not resolved by the mesh.

To answer this question, we modify Example 8.3.2 by the shift v(z — %, t) for
v = u,YX,f but keep the same meshes and time steps as before. In this case, the
kink at = 1/3 is never a mesh point and y, # x. Since y is almost in H*? we
expect a rate of convergence 0.5 in H!. This is confirmed by the results of Table
8.4, which also shows that the only estimator that detects this reduced order is &, ,
the obstacle consistency error estimator. We observe that &£, and &, dominate at

the beginning and it takes quite awhile to reach the asymptotic regime.

N DOF & Er Ern 5X & FE Effectivity

1024 2047 | 1.434e-1 1.548e-1 4.154e-4 9.882e-2 | 2.330e-1 | 8.175e-2 2.850
2048 4095 | 7.172e-2 7.741e-2 1.466e-4 6.988e-2 | 1.266e-1 | 5.050e-2 2.507
4096 8191 | 3.587e-2 3.871e-2 5.18le-5 4.941e-2 | 7.229e-2 | 3.282e-2 2.203
8192 16383 | 1.794e-2 1.935e-2 1.831e-5 3.494e-2 | 4.378e-2 | 2.213e-2 1.978
16384 32767 | 8.970e-3 9.676e-3 6.471le-6 2.471e-2 | 2.801e-2 | 1.527e-2 1.834

EOC 1.000 1.000 1.501 0.500 0.644 0.535 -

Table 8.4: 1d Tent Obstacle Problem (y;, # x): the kink is not resolved by the
underlying meshes with uniform mesh refinement. The only estimator that detects
the reduced order 0.5 is &,. The total estimator is dominated by &, and & at the
beginning but eventually &£, takes over. This combined effect is reflected in the

behavior of the total estimator £.

We wonder whether making a suitable local mesh refinement near the kink
may restore the optimal linear rate. We conduct an experiment consisting of locally
refined meshes only at the kink location, where the meshsize is h?, whereas it remains

uniform and equal to h elsewhere. The interpolation error in H! becomes now
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proportional to h, both at the kink location and elsewhere, because the error in
WL is O(1) and O(h), respectively. This heuristic argument is corroborated by the
results of Table 8.5, which illustrates the potentials of mesh refinement to achieve

optimal complexity along with the importance of &,.

N DOF En Ex Ekh Ex & E Effectivity
32 45 8.710 4.915 1.787e-1  1.398e-1 | 1.000e+1 2.802 3.570
64 93 4.477 2.467 5.648e-2  9.882¢-2 5.113 1.431 3.573

128 191 2.267 1.236 1.947e-2  3.494e-2 2.583 7.230e-1 3.572
256 382 1.141 6.186e-1 6.631e-3 1.747e-2 1.298 3.634e-1 3.572
512 767 | 5.723e-1 3.095e-1 2.326e-3 8.735e-3 | 6.507e-1 | 1.822e-1 3.572

EOC 0.995 0.999 1.511 1.000 0.996 0.996 -

Table 8.5: 1d Tent Obstacle Problem (x; # x): The underlying partition is locally
refined at the kink location, where the meshsize is k2, but is otherwise uniform with
meshsize h. This restores the optimal linear rate for both &, and E, as well as the
total estimator £ (compared with the reduced rate reported in Table 8.4 for uniform

meshes).

8.1.3 1d American Option

In American option pricing problems, we start from an initial condition ug, as
in (8.4), which is in the Sobolev space H2~¢ for any € > 0 but not in any smoother
regularity class. The a priori error estimates in Chapter 5 imply a rate of convergence
O(k'?) for uy € H' and O(k) for ug € H?. Given the fractional regularity right
in the middle between H' and H 2 we expect, from interpolation theory, that the
convergence rate with uniform time-step would be about O(k%*). Our experiments
confirm this expectation.

We take an American put option problem on a single stock with strike price
K = 100, maturity time 7" = 0.5 year, volatility o = 0.4, interest rate r = 6%, and
forcing f = 0. We choose the space domain to be = (—1,7). Table 8.6 displays

all four estimators and &, has indeed the expected rate of about 0.75.
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N  DOF En Ek Ekn Ex £

128 511 | 4.353e-2  1.149e-1 3.240e-3  3.843e-1 | 4.035e-1
256 1023 | 2.172e-2  7.023e-2 1.147e-3 2.434e-1 | 2.543e-1
512 2047 | 1.091e-2 5.026e-2 4.035e-4 1.195e-1 | 1.301e-1
1024 4095 | 5.461e-3 2.940e-2 1.416e-4 7.581le-2 | 8.150e-2
2048 8191 | 2.736e-3 1.751le-2 4.980e-5 4.931e-2 | 5.240e-2

EOC 0.997 0.748 1.505 0.620 0.637

Table 8.6: 1d American Put Option Problem: Uniform time and space partitions
yield suboptimal rates for &£, and &, due to the fractional regularity of the initial
condition, which is about H?3/2. This explains the order of about 0.75 of &, that

accounts for the initial transient regime, but not quite the suboptimal order of &, .

We now explore the effect of refining the time partition to restore the optimal

convergence rate. We design an algebraically graded time grid

¢ "N yi<cn<nN
() visnex

with 3 > 0 to be determined so that the time error estimator & =~ O(N~1). The

time-step k,, reads

OIS S 1C R T

We recall the regularizing effect for linear parabolic problems, namely,
1B )| = M, ) s S 72

provided the initial condition uy € H*2. We proceed heuristically and assume the
same asymptotic behavior to be valid for parabolic variational inequalities. We next

formally replace ‘HU,L Uy~ 1‘” < [ l0wu(-, t)]) dt in the definition of & to get

tnl

B _
£ ~ Z / Vo DI K2dt ~ / FHA1D gy . O(NL),

provided > 4/3. This argument can be made rigorous for linear parabolic equa-

tions upon using Theorem 4.5 of [137] and carefully approximating the solution on
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the first time interval. To test this heuristic argument for parabolic variational in-
equalities, we take 0 = 1.5 and report the results in Table 8.7. We see that this
properly chosen time partition restores the optimal convergence rate not only for &
but also for &,. Moreover, this argument explains why uniform time stepping, i.e.
8 = 1, yields a suboptimal convergence rate for the time estimator & (see Table

8.6).

N DOF & Ex Ekn Ex £

80 1023 | 2.386e-2  8.152e-2 1.945e-3 1.833e-1 | 2.021e-1
160 2047 | 1.159e-2 4.397e-2 6.693e-4 8.679e-2 | 9.798e-2
320 4095 | 5.657e-3 2.235e-2 2.313e-4 4.385e-2 | 4.954e-2
640 8191 | 2.793e-3 1.137e-2 8.030e-5 2.238e-2 | 2.526e-2
1280 16383 | 1.388e-3 5.899e-3 2.787e-5 1.162e-2 | 1.310e-2

EOC 1.018 0.975 1.526 0.970 0.972

Table 8.7: 1d American Put Option Problem: Algebraically graded time partition
t, = (%)3/2 and uniform space mesh. This grading restores the optimal linear

convergence rate of both &; and &, (compared with Table 8.6).

8.1.4 1d American Option with Moving Obstacle

To test the asymptotic behavior of the obstacle consistency term ||0;(x — Ux) ™.,
which we omitted in £, we modify the previous American option problem in the fol-
lowing way: from time ¢ = 0 to 0.5, we still have the same American option pricing
problem as in §8.3.1. From time ¢ = 0.5 to 1.0, we raise the obstacle at a constant
rate £ € R,. In other words, the obstacle in the previous example has been replaced
by:

x(z,t) = (K —e")" [1+&(t—0.5)"] r € (—1,7), t€[0,T).

In this way, we exclude the initial transient region from our consideration
and the singular point log(K) is always a mesh point. Also we choose the speed

¢ moderate to prevent the free boundary point to recede to log(K). As in the
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analysis for the last example, the uniform space mesh and algebraically graded time
partition should give optimal convergence rate. We report in Table 8.8 the mixed

error estimator terms &y, &, and

T 2
£ ( / 1940 = Un)* By dt) .

Since it is difficult to compute the dual norm in the term

eo= ([ oo dt)é ,

we compute the term £ with the L2-norm instead.

From Table 8.8 we see that the experimental convergence rate of &7 is 1.0.
Since & S &7, the numerical results show evidence that £ is of at least the same
order as the obstacle consistency term &, and this justifies the comments in Remark
7.3. On the other hand, we see that the convergence rate of the mixed error term
Ern is greater than 1.0 and becomes closer to 1.0 as the obstacle moves faster and

faster. Notice that we omit in Table 8.8 the space error estimator £, and time error

estimator &, which also converge at the optimal rate 1.0.

13 0.01 0.1 1.0
N DOF Ekh Ex 5; Exn Ex 5; Ekn Ex 5}?

40 511 1.024e-2  3.116e-1  1.250e-1 | 1.128e-2  3.321e-1  1.250e-1 | 8.120e-2  5.144e-1  1.280e-1
80 1023 | 3.623e-3  1.559e-1  6.311e-2 | 4.015e-3  1.660e-1  6.310e-2 | 3.613e-3  2.565e-1  6.421e-2
160 2047 | 1.255e-3  7.801le-2  3.157e-2 | 1.523e-3  8.304e-2  3.157e-2 | 1.895e-2  1.280e-1  3.231le-2
320 4095 | 4.472e-4  3.902e-2  1.584e-2 | 5.554e-4  4.153e-2  1.584e-2 | 8.698e-3  6.398e-2  1.61le-2

‘ EOC ‘ 1.489 0.999 0.995 ‘ 1.455 1.000 0.995 ‘ 1.123 1.000 1.005 ‘

Table 8.8: Modified American Put Option Problem: Algebraically graded time

2)3/2

partition ¢, = ( G and uniform space mesh.

8.1.5 2d Oscillating Moving Circle

Let the operator be A := —A, the domain be Q = (—1,1)?, the time interval
be [0,0.25], and the noncontact and contact sets be N := {|z — ¢(t)]2 > ro(t)} and
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C:={|x —c(t)]s < 1o(t)} with

ro(t) = 1/3 4 0.3sin(dwrt),  c(t) = ry(cos(wnt), sin(wrt))’,

and 71 = 1/3,w = 4.0. The obstacle is x = 0, and the exact solution u and forcing

function f are
2

u(z,t) = %(|x —c(t)f5 - To(t)Q) in N
| 0 in C,

f@ﬂ:{40%%4@—&%—au—wm-&mﬂm—w»d@+mmmm) in A
~4rd(1) (1~ o — (V) + 3 (1)) in C.
The free boundary is an oscillating circle with radius ro(t) and center ¢(t) moving
counterclockwise along the circle of radius r; centered at the origin. The initial and
boundary conditions are given by w.

We halve both time-step k£ and space meshsize h in each experiment and report
the results in Table 8.9 and Figure 8.2; we observe optimal linear convergence rate.
We also investigate in Table 8.2 the decay of the space estimators alone. We fix
the time-step & = 2.5 x 10™* and halve the meshsize size in each experiment. We

observe optimal linear decay of &, ; but higher order of convergence for & 2, & 3.

N DOF & Er Ern & E Effectivity

64 1985 | 3.432e-1 8.110e-2  2.219e-3 | 3.527e-1 | 8.328e-2 4.237
128 8065 | 1.597e-1 4.008e-2 8.087e-4 | 1.646e-1 | 4.204e-2 3.922
256 32513 | 7.664e-2 1.996e-2 2.899e-4 | 7.920e-1 | 2.111e-2 3.745
512 130561 | 3.749e-2 9.965e-3 1.037e-4 | 3.879¢-2 | 1.058e-2 3.663
1024 523265 | 1.853e-2 4.980e-3 3.691e-5 | 1.919e-2 | 5.297e-3 3.623

EOC 1.017 1.001 1.490 1.015 0.998 -

Table 8.9: 2d Oscillating Moving Circle Problem: The space and time estimators
En, &, decrease with optimal order 1, but the mixed estimator &£y, is of higher order.
The effectivity index, the ratio between total estimator £ and energy error E, is quite

stable and of moderate size.

In Figure 8.4, we show the nodal-based space error indicator Y} (z) on the

cross section xo = 0 at different stages of the evolution t, = 0.02,0.05,0.18. For
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the same times and cross section, we also compare the exact and approximate free

boundaries in Table 8.10. Their difference is well within one meshsize.

3 3 -3

x 10~ x 10~ x 10
7 T 7 T 7
error estimator
. < exact free boundary
6 B 6 B 6 B
5 1 5 1 5 1
=]
@©
£ 4ar B 4t R 4 R
b7}
(<8
s
S
P | - | - | -
g3 3 3
=4
@
2 B 2 B 2 B
1 B 1 B 1 B
o o o

o [e] [e]
t = 0.02000 t = 0.05000 t = 0.18000

Figure 8.4: 2d Oscillating Moving Circle Problem: nodal-based error estimator
Y% (z) in the cross section zo = 0 for DOF = 8065,k = 2.5 x 107* and ¢, =
0.02,0.05,018. Note the vanishing of Y}(z) for full-contact nodes and the monotone

behavior for the rest.

Time Exact Free Boundaries Approx Free Boundaries

0.02 | {—2.5788 x 107,9.0361 x 1071} | {—2.5000 x 10~*,9.0625 x 10~'}
0.05 | {—2.0083 x 10~%,7.4017 x 1071} | {—1.8750 x 10~%,7.1875 x 10~}
0.18 | {—5.7430 x 101,1.4942 x 10~'} | {—5.6250 x 10", 1.5625 x 10~}

Table 8.10: 2d Oscillating Moving Circle: Exact and approximate free boundaries
on the cross section x5 = 0. Their differences are less than one meshsize, which is

about 2.2 x 1072,
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8.2 Asymptotic convergence rates (Part II: Inte-
gral Problems)

Till now, we have not done any test on problems with an integral operator. In
this part, we test the behavior of the local error estimators on elliptic and parabolic
equations and inequalities with an integral operator. As an example, we employ an
hyper-singular elliptic operator which mimics the behavior of the integral operator
in the CGMY model in 1d: Q = (a,b), A; : HY/>(Q) — HY/2(Q)

Apu(x) == /Qk:(x —y)u(y) dy and k(z) := m% (8.1)
Refer to §3.15 for the meaning of this singular integral. We take p = 2 in (6.35) and
let

5}%,1 = Z IR and 5}%,2 = Z &.

zGPh\Ch zEPh\Ch

Remark 8.1 (Quadrature for Singular Integration) Let a = xp <2 < --- <
xy = b be the mesh points of Q0 = (a,b). Since the residual r}, is singular at the
ends of each interval, we subdivide [z;_1, ;] of length h; into the following way:
Let P > 0 be an integer and p = 0.1. We introduce additional points at distance
p’h; from the left and right endpoints, for j = 1,..., P. This divides the interval
in 1 + 2P subintervals. On each of these intervals, )-point Gauss-Legendre rule is
applied for numerical integration. Also the condition » < 0 in the definition of C,
is checked pointwise at each of the (1 4+ 2P)Q quadrature points. It is known that
the quadrature error decrease exponentially fast with respect to PQ (see [124]). In

all our numerical tests, P =1 and ) = 2.

8.2.1 Elliptic Equations

In this example, we consider problem (1.10). Let Q = (=1,1) and Y = 1. It
is easy to see that if the solution u > x, then the variational inequality becomes a
variational equation. To test the asymptotic behavior of the error estimators, we

choose Y = —oo and construct a problem with exact solution available.
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Pure Integral Operator Case

Take A = A; and f(z) = 22 — 22?4+ 52*. The exact solution for this problem
is u = %(1 — 22)%/2. The exact solution u is smooth and therefore the convergence
rate in the energy norm [|u — uy| (in this case, the energy norm is equivalent to
H'2(Q)-norm) is expected to be DOF~'® for uniform mesh. The numerical test

(see Table 8.11) shows that both energy error and error estimator &£, 5 converge at

the optimal rate; note that £, 1 = 0 and &, 3 = 0. Furthermore, the effectivity index

of £ is almost a constant (around 2.5).

DOF | |Jlu— upl| E=~E&pp | Effectivity
7 4.0418e-002 | 1.7125e-001 4.2370
15 1.3021e-002 | 6.2052e-002 4.7655
31 4.4597e-003 | 2.2014e-002 4.9362
63 1.5618e-003 | 7.7849e-003 4.9846

127 | 5.5069e-004 | 2.7527e-003 4.9986
255 | 1.9455e-004 | 9.7327e-004 5.0027
EOC 1.501 1.500 -

Table 8.11: Elliptic equation with pure integral operator A = A; (uniform mesh,
expected convergence rate 1.5). EOC is the experimental convergence rate based on

last two iterations, which agrees with the expected value 1.5.

In Remark 6.23, we have discussed that the oscillation term behaves differently
in the integro-differential equations than in the usual elliptic equations. The choice
of P, is important. In particular, the usual choice of P, being the space of constant,
does not help. The next simplest choice of P, is piecewise linear functions on w,. On
the other hand, we would like to have a meaningful lower bound. To this end, we
want to have a relatively small oscillation term with respect to the error estimator.
We have seen, in the differential case, that the oscillation terms are of higher order
in §8.1. Hence, in that case, the oscillation term is negligible asymptotically. In
contrast, for problems with integral operators, the singularities of the residual on

each element do not go away as the elements are refined. We thus have the oscillation
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term of the same order as the error estimator asymptotically. Fortunately, if we
enrich the finite dimensional space P,, we could make the oscillation term smaller
and smaller. For example, we could choose P, to be piecewise linear functions and
denote the corresponding oscillation term by osc;; we can also add singular functions
such as log(|x—z|) to the basis of P, to obtain a smaller oscillation oscy; note that for
Y =1 the singularities of the residual r;, are logarithmic. We report both oscillation

terms in Table 8.12.

DOF & 0sC1 0SCo

7 1.7125e-01 | 1.6803e-01 | 1.4660e-02
15 6.2052e-02 | 6.1627e-02 | 3.4651e-03
31 2.2014e-02 | 2.1953e-02 | 1.0112e-03
63 7.7849e-03 | 7.7786e-03 | 3.3479e-04
127 | 2.7527e-03 | 2.7521e-03 | 1.1610e-04
255 | 9.7327e-04 | 9.7322e-04 | 4.0828e-05

EOC 1.500 1.500 1.508

Table 8.12: Elliptic integral equation: asymptotic convergence rates of the oscillation
term with A = A; and uniform meshes. Even though the asymptotic decay of £
and osc is the same, adding singular functions mimicking the residual behavior may

reduce osc by an order of magnitude (compare osc; and oscy).

Although, we can only prove the global efficiency of the proposed error esti-
mator £, we notice that &, also captures the local behavior of the pointwise error
based on comparison of the nodal-based error indicator and the pointwise error in
Figure 8.5. This observation justifies in some sense why the proposed error estimator
should work well for driving adaptive algorithms.

In the above problem, we constructed the exact solution for Y = 1. For
Y # 1, we can still check the asymptotic convergence rate of the error estimator
and we report the convergence rate of £ for different Y in Table 8.13. From the
approximation theory standpoint, we would expect the convergence rates to be 2— %

and the numerical experiments corroborate this theoretical expectation.
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Figure 8.5: Elliptic equation with integral operator A = A; (uniform mesh): upper
left, solution; middle left: pointwise error; lower left, nodal-based error estimator;

right, asymptotic convergence rates for energy error and estimator & o.

Y =05 Y=15 Y=19
DOF £ DOF & DOF &

7 1.7789e-01 7 2.7871e-01 7 2.8523e-01
15 6.7131e-02 15 1.4110e-01 15 1.1953e-01
31 1.9521e-02 31 6.4127e-02 | 31 5.2421e-02
63 5.8037e-03 63 2.8051e-02 | 63 2.4796e-02
127 1.7413e-03 | 127  1.1923e-02 | 127  1.1907e-02
255 5.3718e-04 | 255  5.0268e-03 | 255  5.7361e-03

EOC 1.737 EOC 1.246 EOC 1.046

Table 8.13: Elliptic equation with pure integral operator A = A; (uniform mesh).

The expected convergence rate, for smooth solutions, is 2 — 5 and is corroborated

ol

by the experiments.
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Integro-differential Operator Case

In this case, we take A = —A + A; and choose an appropriate right-hand side
function f so that the exact solution is exactly the same as in the previous example.
The energy error (equivalent to H'(Q)-norm) as well as the error estimators are
reported in Table 8.14. In this case, p = 2 and Y = 1. We see that the jump
residual term 7 converges at the optimal convergence rate (DOF~'?) just as the

energy error itself. On the other hand, &2 is of higher order as we expected (see

Remark 6.27).

As in the last example, Figure 8.6 shows the nodal-based error

indicator captures the local behavior of the pointwise error.

DOF | |lu — usl| Ena En2 & Effectivity
7 1.2483e-001 | 3.7080e-001 | 3.7090e-002 | 3.7265e-001 2.9853
15 5.9891e-002 | 1.9670e-001 | 9.6446e-003 | 1.9694e-001 3.2883
31 2.9484e-002 | 1.0010e-001 | 2.4849e-003 | 1.0013e-001 3.3962
63 | 1.4647¢-002 | 5.0323e-002 | 6.2787e-004 | 5.0327¢-002 3.4361

127 | 7.3015e-003 | 2.5203e-002 | 1.5751e-004 | 2.5204e-002 3.4519
255 | 3.6455e-003 | 1.2608e-002 | 3.9419e-005 | 1.2608e-002 3.4585
EOC 1.002 0.999 1.998 0.999 -

Table 8.14: Elliptic equation with integro-differential operator A = —A + A; (uni-
form mesh, expeceted convergence rate 1.0). The experimental convergence rate

EOC, based on last two iterations, agrees with the expected value 1.0.

8.2.2 Elliptic Variational Inequalities

Take A = A; with Y = 0.2 and consider the problem (1.10) with f = 0 and
the obstacle
x(x) = max(0.5 — |z[,0).

There are singularities at both the end points and the free boundary points. To re-
solve the singularities at the boundary points, we can employ algebraically graded.

This still gives a suboptimal convergence rate (see Figure 8.7) due to the singular-
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Figure 8.6: Elliptic equation with integro-differential operator A = —A + A; (uni-
form mesh): upper left, solution; middle left: pointwise error; lower left, nodal-based
error estimator; right, asymptotic convergence rates for energy error and estimator

Ena.
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ities at the free boundary points (see regularity result [128]). Using the classical
adaptive algorithm of §7.1.1 (see also [123]) driven by the local error indicator &,,
we restore the optimal convergence rate (see Figure 8.8). From Figure 8.8, we can
see that the adaptive algorithm automatically generated locally refined mesh near

the singularities (both the end points and the free boundary).

S —©— total error estimator

— — — suboptimal rate (slope = -1.5)

0.015r

0.01

error estimator

0.005

X DOF

Figure 8.7: Elliptic Variational Inequality (algebraically graded mesh towards end
points): upper left, solution (black solid) and obstacle (red dashed); lower left,

nodal-based error estimator in logarithmic scale log(€,); right, convergence rate.

8.2.3 Parabolic Variational Inequalities

In this example, we examine the time-dependent problem (1.18). To mimic the
butterfly American-style option, we take A = A;, f =0, x(x) = max(% —|z|,0), and
up = x. The solution as well as space error estimator at t = 0.0625 and ¢ = 0.5 are
shown in Figure 8.9. In [104], a heuristic argument has been given for the suboptimal
convergence rate for the energy error if uniform time-steps are employed. This does
not apply now because we have a weaker energy norm and the initial singularity
is not strong enough to be seen. To resolve the singularities at both ends, we use
algebraically graded meshes toward the end points and uniform time partition. The

convergence rates for both time and space error estimators are optimal and have
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Figure 8.8: Elliptic Variational Inequality (Adaptive Method): upper left, solution
(black solid), obstacle (red dashed), and associated mesh points; lower left, nodal-

based error estimator in logarithmic scale log(§,); right, convergence rate.
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Figure 8.9: Numerical solution and space error estimator associated with it for

parabolic variational inequality Example 8.2.3 (N = 128 and DOF = 127).
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been reported in Figure 8.10. An interesting observation is the failure of fast pasting

—©— time error estimator —©— space error estimator
— — — optimal rate (slope = -1.0) — — — optimal rate (slope = -1.5)

error estimators

N DOF

Figure 8.10: Asymptotic convergence rates for time (left) and space (right) error

estimators for the parabolic variational inequality of Example 8.2.3.

for this case. From Figure 8.11, we can see that the free boundary point jumps from
0.5 (initially) to 0.34 (after one time step). This is the case even if one chooses

extremely small time steps.

8.3 Adaptivity

In previous section, enough numerical evidence has been collected that the
proposed error estimators are reliable and efficient. Now the question is what we
can gain by using adaptive mesh refinement instead of uniform refinement. In this

section, we compare adaptivity and uniform mesh refinement.

8.3.1 1d American Option

Under the standard assumption of a frictionless market without arbitrage, one
can formulate the 1d American option as an optimal stopping problem and find that
the option contract price V' (.S, t) satisfies a parabolic variational inequality problem.

Using the time to maturity t = T — t and = = log S as independent variables, the
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Figure 8.11: Jump of the free boundary point: time-step & = 1/1024 and space
meshsize h = 1/1024. The approximate free boundary point (red curve) jumps from

0.5 (initially) to 0.34 (after one time step).
function u(x,t) := V (e, T — t) satisfies the following differential inequality (we will

write ¢ instead of # from now on):

ou ou o?0*u [o? ou
E—FAUZE—?%—F(?—T) %—F’FUZO forx e Rand 0 <t <T (8.2)

with the obstacle constraint
u(x,t) > x(x) forreRand0<t<T (8.3)
and the initial condition
u(x,0) = ug(x) = H(e") = max(K — e, 0) for z € R (8.4)

where y(x) = up(z) is the payoff function in the log of the asset price. The solution
u(z,t) has a singular behavior in both time and space close to t = 0 and = = log K
(i.e., time close to maturity and price close to strike price).

In American option pricing problem, we start from an initial solution which
is in a Sobolev space, H %_E, for e > 0. From the results in [110], we can conclude
that uy € H' implies the error in L?(H")-norm converges with order O(k/?) and

uy € H? implies order O(k). And now, given the fractional regularity right in
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between H' and H?, we expect, from interpolation theory, that the convergence
order with uniform time-step would be about O(k*%). Numerical experiments in
§8.3.1 (see also [104, Example 5.4]) confirm this expectation and by using a priori
designed graded time steps the optimal convergence rate can be restored as pointed
in [104].

For numerical experiments, we take an American put option problem on a
single stock with strike price K = 100, maturity time 7" = 0.5 year, volatility
o = 0.4 and interest rate r = 6%. We choose space domain to be (—1,7). The
results (see Figure 8.12) show that if we choose the transfer operator to be the
ordinary interpolation operator I, time step size k" goes to about 107 even
if we set the maximum number of iterations for time step size adaptation to be
20. This is exactly the effect we expected as in the thought experiment conducted
in §6.7.1. In contrast, if we choose Z' ; as in (6.71), the adaptive program gives

reasonable time-steps which increase as time does.

time step size T
B
o

time step size T

—60
4.8866 4.8867 o 0.1 0.2
x 10"

Figure 8.12: 1d American Option: time step size k™. Left: using interpolation
operator I' ;. time-steps k" decrease dramatically at the beginning because of the
effect explained in §2. Right: using operator Z]'_, yields adaptively generated graded

time-steps k™.

Figure 8.13 shows that uniform refinement gives a suboptimal convergence

rate, due to the singularity close to ¢ = 0, but the adaptive algorithm restores
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the optimal convergence rate. Furthermore, we see from Figure 8.12 (Right) that

time-steps are automatically graded as t approaches 0.

0 T T T
10 —~A— estimator (uniform refinement) | 1
—O— estimator (adaptive refinement)
S
@©
E 107}
7]
o
3 k
N
8
1 h
107k ‘ ‘ ‘ 9
10° 10* 10° 10°
N x DOF

Figure 8.13: 1d American Option: error estimator in Lz(fl D-norm. Adaptive re-

finement achieve faster convergence rate, which is optimal O((N - DOF)~/2).

8.3.2 1d Tent Obstacle

We use the same test example as in §8.1.2. In this case, the singular point
x = 1/3 is never a mesh point if starting from a single macro element [0.0, 1.0]
and bisection method for refinement. Table 8.4 in §8.1.2 demonstrates uniform
refinement gives suboptimal convergence rate (see also [104, Table 4]). By using
the adaptive algorithm, we can recover the optimal convergence rate and both error

estimator and real error converge at almost the same rate (see Figure 8.14).
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Figure 8.14: 1d Tent Obstacle: error estimator and exact error in L2(H')-norm. For
both uniform and adaptive refinements, the a posteriori error estimator converges
at the same rate as the exact error asymptotically. Adaptive refinement achieves

faster convergence O((N - DOF)~%/2), which is optimal rate.
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8.3.3 2d Tent Obstacle

This is an example with operator A := —A and obstacle
2|z| if 2] < 1
x) = (8.5)
2 —2|z|  otherwise,

which is obtained by revolving a 1d tent similar to the 1d tent around the z-axis.

The exact solution is known:

% C1—F()  if|2] > F(t)
u(z,t) = 1_|f”71‘%) F1—F(t)  iffa] < 1= F(t) (8.6)
x(x, 1) it F(t) < 2] < 1— F(1),

where F(t) = 2+ 2.

The numerical simulation is done in a square domain Q = [—~1,1]% for t €
[0,0.25] with exact initial and boundary conditions. Because in this problem, the
exact solution is no longer in H2(€2), the uniform refinements give a suboptimal
convergence rate. On the other hand, the adaptive program converges at an optimal

rate (see Figure 8.16).

8.4 Convergence of Discrete Solver

In this section, we design several examples to test the discrete solver discussed
in §7.5. We choose the simplest setting A = —A throughout this section. Consider
the following elliptic variational inequality problem (4.1). For comparison, we use

projected SOR to find the “exact” solution by an overkill computation.

8.4.1 Smooth Constraint

We first take the example in [130]. Let Q = [-2,2]?, f =0 and

V1= |zf? [ <1

-1 otherwise.

X:
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Figure 8.15: 2d Tent Obstacle: graph and grids of the numerical solution of adaptive
method at time ¢ = 0.75. There is a circular kink at |z| = 0.5, which requires fine

mesh for obstacle resolution.
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Figure 8.16: 2d Tent Obstacle: error estimator and exact error in L2(H')-norm. For
both uniform and adaptive refinements, the a posteriori error estimator converges
at the same rate as the exact error asymptotically. Adaptive refinement achieves

faster convergence rate, O((N - DOF)~1/?), which is optimal.
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In this case, the exact solution is known

V1—|z]? lz| <,
—r2In(|z]/2)y/1 — 12 otherwise,
where r, ~ 0.6979651482. The convergence for a sequence of adaptive meshes are

reported in Figure 8.17, 8.18, 8.19, and 8.20.

Uy =

B energy error convergence rate in energy norm
10 ‘ ‘ 0.25 ‘ :
107k
0.2}
10°F
107
0.5}
10°F
y 0.1t
10°F E
107k
0.05}
10°F
10° : : 0
0 5 10 15 0 5 10 15

Figure 8.17: Convergence rate of multilevel solver SSC-CDM on a graded mesh
with hmin = 8.839 x 1072, The convergence rate is globally linear as suggested by
Theorem 7.12.

8.4.2 Inactive Constraint

Let @ = [-1,1]%, x = 0 and f = 1. In this case, the constraint is inactive
and problem is equivalent to a linear equation. We report the reduction rate and
hmin in Table 8.15. The reduction rate is still mesh dependent. However, this is
not a contradiction because in the theory by Tai and Xu [132] the convergence rate

depends on | In(h)] also.
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energy error convergence rate in energy norm
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0.45

10" . . . 0.05
0

Figure 8.18: Convergence rate of multilevel solver SSC-CDM on a graded mesh with
hmin = 6.250 x 1072, The discrete solver SSC-CDM still converges linearly but with

bigger reduction rate.

8.4.3 Kink Constraint

Now we consider the following obstacle with a kink on © = [—1, 1]
1 - 2|z] 1z < 0.5
X =
0 otherwise.

We take f = 0 and report the reduction rates in Table 8.16.

8.4.4 Singular Constraint

We modify the previous kink constraint to the following singular (discontinu-

ous) obstacle constraint
1 x| <e
X =
0 otherwise,
where £ ~ 2.220 x 1070 is the machine epsilon. The reduction rates are reported in

Table 8.17. Because of the point singularity, the adaptive meshes in this example

are strongly graded and we observe the log dependence on h,;,; see Figure 8.21.
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It | DOF Amin Reduction Rate
6 81 | 8.83%e-1 0.19
7 | 139 | 6.250e-2 0.20
8 | 247 | 4.419e-2 0.38
9 | 434 | 4.419e-2 0.38
10 | 748 | 3.125e-2 0.49

Table 8.15: SSC-CDM convergence rate: inactive constraint. In this case, the

reduction rate is comparable to \-cycle multigrid method for linear elliptic equations.

It | DOF Amin Reduction Rate
6 72 | 4.419e-2 0.24
7 | 119 | 2.210e-2 0.30
8 | 214 | 1.563e-2 0.43
9 | 384 | 7.813e-3 0.46
10 | 698 | 3.906e-3 0.50
11 | 1276 | 2.762e-3 0.59

Table 8.16: SSC-CDM convergence rate: kink constraint. For this example with
a singular constraint, the reduction rate is closer to 1 than the previous examples

with smooth obstacles; but it is still linear.

It | DOF Amin Reduction Rate
6 65 | 6.250e-2 0.48
7 86 | 3.125e-2 0.62
8 | 104 | 2.210e-2 0.72
9 | 126 | 1.105e-2 0.80
10 | 148 | 5.524e-3 0.82
11 ] 172 | 2.762e-3 0.85

Table 8.17: SSC-CDM convergence rate: singular constraint. The obstacle is singu-
lar and discontinuous in this example, which results in highly graded meshes. The

method is still linear with a reduction rate close to 1 when meshsize is small.
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energy error convergence rate in energy norm
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Figure 8.19: Convergence rate of multilevel solver SSC-CDM on a graded mesh with
Boin = 4.419 x 1072,

8.4.5 Unstable Constraint

The last test example is taken from [127]. We take Q = [—1,1]? and y = 0.

The exact solution is constructed to be

1,
=T x>0
Uy = 2
0 otherwise.

Furthermore, the right-hand side is chosen to be
— fo x>0
0 otherwise,

such the the contact is unstable. This means the strict complementarity condition

is not satisfied in this example. The reduction rate is reported in Table 8.18.

8.5 Conclusions

We have developed a novel a priori and a posteriori error analysis for parabolic
integro-differential variational inequalities, including localization features to the non-

contact region, and illustrated it with several numerical experiments, some relevant
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Figure 8.20: Convergence rate of multilevel solver SSC-CDM on a graded mesh with

Bain = 3.125 x 1072

It | DOF Amin Reduction Rate
6 49 | 8.83%-2 0.38
7 83 | 6.250e-2 0.36
8 | 137 | 4.419e-2 0.42
9 | 227 | 3.125e-2 0.35
10 | 417 | 2.210e-3 0.40

Table 8.18: SSC-CDM convergence rate: unstable constraint.

in finance. Upon comparing theory and practice we have the following concluding

remarks:

e Error Decay: For problems with smooth data, the energy error in L?(0,T; H*())

decays linearly, namely O(h + k). This coincides with the a priori theory devel-

oped in Chapter 5. If the obstacle x exhibits a singularity not resolved by the

mesh, as in Section 8.1.2, or the initial condition is rough, as in Section 8.3.1, the

actual error decays with a suboptimal rate. Suitable mesh refinement in either

space or time appears to cure this problem; see again Sections 8.1.2 and 8.3.1.
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Figure 8.21: Singular constraint example: the reduction rate depends on | In(Ap,)|-

e Estimator Decay: The numerical experiments corroborate that the proposed
fully localized error estimator £ decays with the same rate as the actual error e.
We have demonstrated experimentally that the components &, &;, &, of € pro-
vided valuable a posteriori information of the solution. Experiments with adaptive
time-space mesh refinement show effectivity of the error indicators suggested by

our a posteriori error estimation.

e Localization of Space Estimator: Figures 8.3 and 8.4 show that the nodal-
based space estimator Y7 (z) vanishes at full-contact nodes z € Cj!. Its contri-
bution comes only from the non-contact region where the solution behaves like
the solution of a linear parabolic equation. This estimator yields an upper bound

also for globally linear parabolic problems and seems to be new in the literature

of parabolic PDE.

e Exercise Boundary Approximation: Accurate approximation of the free (ex-
ercise) boundary is an important problem in option pricing. Numerical results
in Sections 8.3.2 and 8.3.3, particularly Figures 8.3 and 8.4 as well as Tables 8.3
and 8.10, suggest an excellent agreement between approximate and exact free

boundaries. This observation could be made rigorous, upon extending the idea
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in [114], provided pointwise a posteriori error estimates were available. This is

under further investigation.

Multilevel Solver on Bisection Meshes: The SSC-CDM yields globally linear
convergence rate even on highly graded meshes. Unfortunately, the reduction rate
of error in energy between two consecutive iterations depends on minimal meshsize

due to the unstable decomposition used.
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