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1 Introduction

The first few classes if this course are about solving elliptic partial differential
equations (PDEs). This is a non-standard choice, but it seems to be a setting
where many important ideas and methods used in the rest of the class can be
introduced naturally. The textbook of LeVeque also puts elliptic PDE first.

This class discusses only one PDE, the Laplace equation. The purpose is not
really to learn only about the Laplace equation. There are specialized methods
such as integral equations methods for the Laplace equation, but which apply
apply only to equations a lot like the Laplace equation. This class describes
properties and methods related to the Laplace equation that have analogues in
many or most (depending on the property) other elliptic PDEs. Things that
you can learn about the Laplace equation by direct calculation are also true in
other problems, but for reasons that take too long to explain for this course.

To say this differently, the Laplace equation in 2D is used here as a model
problem. It is not the problem of interest. The methods described here probably
are not the methods of choice for the Laplace equation in 2D in a square domain.
Fourier series or integral equations give more accurate approximations. But
Fourier series solutions do not directly apply to non-linear problems or domains
with a complex shape. See later classes and homework for problems where the
numerical methods described here are closer to a method of choice. A model
problem is one that illustrates general features of actual target problems while
being simple enough to understand directly.

2 The Laplace equation

The Laplace equation is a partial differential equation (PDE) satisfied by a func-
tion u. We use notation z = (x1,---,2,) for a point in n dimensional space.
This class is mostly about the case n = 2, so I write (x,y) instead of (z1,z2).
In physical applications, u(z,y) could be the equilibrium temperature or con-
centration of some diffusing chemical. The Laplace equation in two dimensions

is
Auz@iu—&—@iu:f(x,y) . (1)

The function f is called the inhomogeneous term or forcing function or right hand
side (the latter even if the equation is written with f on the left as f = Aw). If
u represents temperature, then f represents heat sources (adding heat) or heat
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sinks (taking away heat). If u represents electric potential, then f is electric
charge density. If u represents gravitational potential, then f represents mass
density.

The function u is supposed to be defined for all (z,y) in a domain . This
class always takes Q to be the unit square 0 < z < 1 and 0 < y < 1 but
real applications usually have € as the whole space or some set with geometry
more complicated than a square. Complex geometry and unbounded domains
are crucial topics, but too advanced for this first class. A point (z,y) is in the
interior of Q if there is some € > 0 so that (z',y’) € Q whenever

(@,9) = (@) = V(e -2+ (y—y)P? <e.

The Laplace equation @ is supposed to be satisfied for every = in the interior of
Q. The boundary of 2 is denoted by 92 or I'. A point (z,y) is on the boundary
if for every € > 0 there is at least one (z',y’) with |(z,y) — (2/,y")| < € with
(z/,y’) in Q and at least one not in Q. For mathematicians, the term domain
that € implies that Q is equal to its interior, so that the points on I' are not
part of 2. With these understandings, the boundary of the unit square consists
of the left edge: x =0, 0 <y < 1, together with top, bottom and right edges.

The function u is determined by the PDE that holds in the interior
together with boundary conditions, which are extra conditions on u that apply
at each boundary point. This class treats only the Dirichlet boundary value
problem, which is that the value u(x,y) is specified for each (z,y) € T'. A book
on partial differential equations probably has a proof that if the right hand side
and boundary values are reasonable functions (a term not defined here) then
there is a unique u that satisfies the PDE in 2 and the boundary conditions on
r.

u(z,y) = g(x,y) forall (z,y) €T . (2)

The boundary value function g need only be defined for (z,y) € T'. A shorthand
way to express this is
u=gonl.

3 Finite Difference Discretization

The PDE (ﬁ can be thought of as an equation that is supposed to hold at every
point (z,y) € Q. The unknowns are the values u(z, y) for every (z,y) € Q. This
is an infinite set of equations for an infinite set of unknowns. Discretization
means creating a finite (but large) set of numbers U to approximate the infinite
set of values of u, and determining U by solving a finite (but large) set of
equations.

One way to discretize involves finite difference approximations of the partial
derivatives in the PDE. Finite differences are approximations to derivatives,
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such as

_v(z+ Az) —v(2)

V@)~ Az
V() ~ v(x + Azx) — 2v(z) +v(z — Azx)
Ax? '

Su%&pproximations apply to the x and y derivatives in the Laplace operator

of (I). The result is
u(z + Az,y) — 2u(z,y) + u(r — Az, y
Aulz,y) ~ ( ) A<3€2> ( )
3
u(z,y + Az) — 2u(x,y) + u(z,y — Azx) (3)
+ .
Az?

These finite differences are applied on a finite (but large) mesh of points in the
interior of the unit square.
To define the mesh, we start with points on the x and y axes with uniform
spacing Ax
z; =jAz, yr =kAz. (4)

These create a grid (also called mesh or net) of points in the interior of the unit
square of the form (xj,yr). We choose Az so that there are n of the x points
in the interior of the interval [0,1]. The definition makes zo = 0 on the
boundary of the interval. We adjust Az so that x,4+1 = 1 is the other boundary
point. This breaks the interval [0, 1] into n + 1 pieces of size Az, so

1
n+1"

Az =

is is a uniform grid of size nxn = n? where the finite difference approximations
% will be applied.

If (z,yx) is a grid point, then the finite difference approximation (ﬁ involves
the values of u only at other grid points. That is because, for example, z; —
Az = z;_;. We write Uj, = u(z;,ys) for the approximate values on the grid
points. We specify that U should satisfy a finite difference approximation to the
Laplace equation at the grid points. The discrete Laplace operator (discrete
laplacian) is the right side of (B]]. We specify that U should satisfy the discrete
Laplace equation, using the values of f at the grid points. This gives an equation
at grid point (x;,y) which takes the form (writing f;x for f(z;,yr))

Uj+1 k— 2Ujk + Uj,:l k Uj k+1 — 2Ujk + Uj k—1
: ’ ’ L 5
<4 + Ad fin (5)

An equivalent form of these equations shows that if f = 0 then each Ujy, is the
average of its four neighbors:

Uis1o + Uj—1 o + Ujpyr + Uj 1 —A?
Uj — —Him It IR IR = e (6)
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These equations are supposed to apply for all n? grid points in the interior of
the square. We assume that the “boundary” values are given their exact known
values:

U = u(0,yx) = 9(0,yx)

Uny1p = w(Zni1,9:) = 9(1,u) (7)
Ujo = u(0,yx) = 9(0,yx) '

Uiny1 = w(@ns1,uk) = 9(1,yx)

e
There are n? equations @ one for each interior grid point. There are also n?

unknowns Uji. The boundary values that appear in some of the equations, su%
as Up r and Uy 41k, have known values. Thus the finite difference equations

are a system of linear equations with the same number of equations as unknowns.
If the corresponding matrix is non-singular, then there is a unique solution. The
solution is U, which is the finite difference approximation to wu.

Ghost cells

Ghost cells are a programming trick that simplify the handling of boundary
conditions. It seems natural, at first, to represent U in the computer with a two
index array U[j,k], where j and k are allowed to range from 1 to n (in Julia,
Fortran, Matlab) or from 0 to n — 1 (Python, C4++, C). If you d his, then
you have to check when you apply the finite difference formulas %*whether
the grid point (z;,yx) has a neighbor on the boundary (which corresponds to
j=1lorj=mnork=1ork=mn). Another way to do this is to allocate an
array with dimensions (n + 2) x (n + 2) and put the boundary values g, into
the boundary locations in the U array. For example, U0, k] = go.x = 9(0,yx),
and Un+1,k] = gnt1,6 = g(1, yg), This will give the right result whenever you
apply the difference eqations (%Et an interior point without needing special
%to hold the cases j or k being 1 or n. For example, when j = 1 the formula

accesses the value Up j, which would have the correct value g(0,xy). The
values Uy 1, etc., are ghost values.

More complicated schemes with a higher order of accuracy (future classes)
may use more than one row or column of ghost cells and ghost values.

4 Variational principle

A wvariational principle for v of U is a minimization problem so that uw or U is
the minimizer. Variational principles have many uses. In some cases, they help
derive a PDE to describe a physical situation. For example, strains (displace-
ments) in a material under stress minimize the total elastic energy, which is
in integral involving first derivatives of the strains. Variational principles help
in deriving good discretizations of a PDE. If the discretization has a discrete
variational principle related to the continuous one satisfied by the PDE, then
the discretization inherits stability properties of the PDE. Finite element meth-
ods are the method of choice for many elliptic PDE problems, and they are
based on variational principles. Finally, variational principles lead to iteration



algorithms to solve the discrete equations that have guara teq@sconvergence
properties. The Gauss Seidel algorithm described in Section ﬁﬁ’l?an example.
The plan of this Section is to explain a variational principle for the Laplace
equation, then to derive a r%ed (%csrete variational principle for the finite
difference discrete equations or

Variational principles for linear problems involve quadratic forms and linear
forms (often called linear functionals). If the function in the variational prin-
ciple has a minimum, then the quadratic form is positive definite. A positive
definite quadratic form defines an inner product that can be used to define or-
thogonality and a notion of distance (a metric). This inner product and metric
lead to a simple geometric picture of the problem formulation and the effect of
approximations.

4.1 For matrices

c:disc
This subsection is about linear algebra, but it uses notation from Section @Eﬁr
continuity. The dimension is M; a generic vector is U or V. The right hand
side is F'. So we write AU = F instead of Az =b.
The M x M matrix A is symmetric if AT = A. It is positive definite if
UT AU > 0 whenever U # 0. A matrix is symmetric positive definite, or SPD, if
it has both properties. A quadratic forrrﬂ is a function of U € RM of the form

QU) = SUTAU .

We will usually assume, and often forget to say, that A is symmetric. If A is
not symmetric, then there is a symmetric matrix A that has the same quadratic
form. This is because z = £ UTAU is a number, which may be thought of as as
1 x 1 matrix. Therefore sz: z implies that

UTAU = 2 =27 = UTAT(UNT =UTATU .

Therefore A and A7 give the same quadratic form. This implies that we can
average and get

UTAU = J(UTAU + UTATU ) =UTAU , A=1(A+AT).
The symmetric matrix A is the symmetric parﬂ of A. The quadratic form

coming from A is the same as the quadratic form coming from the symmetric
part of A.

LA polynomial in more than one variable is called a form if every term has the same degree.
For example C(U) = Uf’ + U22U3 — 2U1U2U3 is a cubic form. The quadratic form is a sum of
quadratic monomials of the form a;,U;Uy.

2The skew symmetric part of A is %(A — AT). The matrix A is the sum of its symmetric
and skew symmetric parts. If z is a complex number, its real part is %(z +%) and its imaginary
part is %(z — z). The complex number is the sum of its real and imaginary parts. Taking
the transpose of a matrix is analogous to taking the conjugate of a complex number. The
symmetric part of a matrix has all real eigenvalues (being a symmetric matrix) and the skew
symmetric part has all imaginary eigenvalues.



A positive definite matrix must be non-singular. Since A is square, if A is
singular then there is a U # 0 with AU = 0. But taking the inner product with
U then would give a non-zero vector with UTAU = UT0 = 0, which contradicts
the condition that A is positive definite.

An abstract inner product is a function of two vectors U and V and is
written (U, V). To be a (real) inner product, it must be symmetric, linear in
each argument, and positive definite:

(aUy + bU2, V) = a(Uy, V) + b(Us, V)
(U,aVi +bVa) = a(U, V1) + b(U, V2)
U, V)={V.U)
(U, U)>0ifU #0.

(Exercise for fun: show that an inner product has (0,0) = 0.) An SPD matrix
defines an inner product through the formula

(U, Vs =UMNAV .
Conversely any inner product defines an SPD matrix. The entries are
Ajr = (ej,ex), the e; being the standard basis elements
An inner product defines a norm through
U1 =(@.0), or |l =+{U,0).
The A inner product defines the A norm:
|UI1%, = (U, U)a = UTAU .

There are norms not defined by an inner product, but any norm satisfies the

triangle inequality
U+ VI<[UI+[VI -
A norm that comes from an inner product also satisfies the Cauchy Schwarz
inequality
V) < UV -

There is an inequality about numbers: zy < 1 x +1 y Combined with Cauchy
Scshwarz, this gives

1 2, 1 2
W, V) < 5 [0 + 5 1]
There is a simple but clever generalization of this that is used often in technical
arguments. Let a be any positive number. Thelﬂ

a 1
(U, V) = (VaU,—=V) < S [U|* + % v

1
Va
3This is sometimes called the Peter Paul principle. To find out why, do a web search for
the expression: “Rob from Peter to pay Paul”.




This allows you to choose a small a and get an inequality that puts a small
weight on ||U|| (taking from Peter) if you compensate by putting a large weight
on |V (paying Paul). os

Warning: The matrix A that comes from the discretization (ﬁ—of the Lapla, .
equation is symmetric and positive definite (we will see). The discretization &
differs by a sign, so its matrix is symmetric and negative definite.

Any linear system of equations involving an SPD matrix has a variational
formulation. Finding U to satisfy AU = F is equivalent to

U =arg m‘;n VTAV —VTF. (8)
To see this you have to see that the function
E(WV)=ivTav —VTF (9)

has a minimum and a unique minimizer. Then you need to understand why
that minimizer solves the linear equation system. Calculating the gradient of
solves the second issue and part of the first one. It gives a “weak form” of the
variational principle:

VE(U)=0 < AU =F . (10)

Since any positive definite matrix is non-singular, the solution U is unique and
there is only one stationary pointﬁ

We calculate the gradient of the quadratic and linear parts of E separately.
The i component of VE(V) is

E.
Vi

The i component of V (VTF ) is

0
ov;

VTan%ZV;Fj:Fi.
J

Since this is true for any index 4, it implies the vector form
VVIF=F. (11)

Of course, VIF = FTV so VFTV = F also.

You can calculate VQ(V) in a similar way, but it may be approached ab-
stractly as well. The abstract approach relies on a fact of calculus. If f(z,y) is
a function of two variables, then

d af  of
We apply this here using the bilinear form related to @, which is
1
B(V,W) = gVIAW = (V. W) .
4A stationary point of a function f(x) is an x where Vf(z) = 0 Any minimizer is a

stationary point but a stationary point need not be a minimizer, or even a local minimizer.

Avp



The quadratic form is Q(V) = B(V,V) = 1 ||UH124 The calculus fact applied to
B implies that
VQ=VBV,V)=VyB+VwyB.

The notation is not ideal, but Vi B(V, W) is the gradient of B as a function of
V with W held fixed, etc. Since VTAW = VT(AW), we may take AW to be
the F' above and get

Vy VIAW = AW .

Similarly,
Vw VIAW = Vi WTATYV = ATV .

When A is symmetric, these calculations combine to give
VB:%(AV+AW) .
When V = W, this leads to
VQ(V)=AV. (12)
@e results may be combined to give the gradient of the combined function

VE(V)=AV —F . (13)

This implies the weak variational formulation ﬁ .

The strong variational principle states not only that the solution of the linear
system is a stationary point, but also that U is the minimizer of E. This depends
on the fact that A is positive definite. To see what’s important here, consider a
matrix that is symmetric but not positive definite, such as

()

QV)=3(V@-V3).

This matrix has

The stationary point where VQ = 0is U = (8), but this U is not a minimizer

because @ has no minimum.

The geometry of quadratic minimization problems involving E(V) (see be-
low) suggests the following proof that the solution of AU = F is a minimizer.
Let W be the difference between a generic vector V' and the solution, U, of the
linear system: V = U + W. Note that AU = F implies that UTAU = UTF and
WTAU = WTF. Therefore,

EV)=EU+W)==U+W) AU +W)+ U +W)"F

DN | =

1 1
= 5UTAU + WTAU + 5WTAW +UTF+WTF
1

1
= —iUTAU + 5WTAW .



sec:vle

If you look at this as a function of W alone, then UZAU is a constant. Since A is
positive definite, WZAW > 0 unless W = 0. Thus, E(V) > E(U) unless W = 0.
If W =0 then E(V) = E(U). This shows U is a minimizer of E. We already
saw that ¢ minimizer is the minimizer, which also is the solution of AU = F.

Rather than this computational argument, you could argue that there is an
r so that E(V) > 0 if |V| > r (details left out, but not too hard). Informally,
this is because when V is large, the positive definite part of E “dominates” the
linear part. Of course E(eF) = %FTAF —€||F||?, which is negative if € is small
enough. Therefore the minimum of E(V') is the same as the minimum over a
compact set, so it is attained. As before, a minimum is the unique solution of
AU =F.

There is a geometric interpretation of the variational principle that will be
useful later. For any number ¢ there is a hyperplane of vectors with VIF = ¢

H(c)={V with VIF =c} .
You seek vectors V € H(c) that are as close to the origin as possible in the A

norm. This is equivalent to minimizing half of the square of the A norm

.1
min —

2 . ]- T
= —V*AV . 14
VEeH(c) 2 V1 Vi, 2V v (14)

The constrained minimizer may be found using a Lagrange multiplier A, and we
already have expressions for the gradients involved, so

AV = \F . (15)

We can find a formula for A using V.= AA~'F (which may be transposed to
give VT = AFTA™1) | and the constraint VIF = C. The result is

C

A= FrA-ip

The geometric minimization problem also may be used to solve the
linear system. In fact the solution, V, of satisfies AU = F' “up to a scale
factor”. That is, U = mV, for some scale factor m. Substituting in gives

AU = mAF .
Thus, we solve the linear system with the scaling U = %V. In retrospect, you

could substitute U = %F into AU and get F.

4.2 For the Laplace equation

One variational principle for the inhomogeneous Laplace equation ﬁ (also
called the Poisson problem) involves the Dirichlet integral (also called gradi-
ent energy or Dirichlet energy or Dirichlet form)

D(u) = %/Q|Vu(z,y)|2 dady (16)

gmp



The norm of the gradient is the euclidean norm
Vu(e, y)* = (D,u(z,y))” + (dyu(e,y))*

The Dirichlet variational principle for the inhomogeneous Poisson problem is

u=g on I

min %/Q|Vu(x,y)|2 dzdy + /Qf(x,y)u(;my)dxdy. (17)

We will show (just below) that the w that minimizes this functional (a functional
is a function of a function) satisfies the inhomogeneous Laplace equation & for
(z,y) € S

Here is a form of the traditional argument that a minimizer of @ satisfies
the Laplace equation and the boundary conditions. If u is a minimizer, over
functions that satisfy the boundary conditions, then you lower the energy with
any perturbation u < u + ev as long as v(z,y) = 0 on I'. We can plug this in
to get

min 1 / Vulz,y) + ev(z, y)|? dudy + / F(,y) (ulz, y) + ev(a, y) dedy .
2 Ja Q

You can see that this is
E(u) +¢ {/ Vu(z,y) - Vo(z,y) dedy —|—/ flz,y)v(x,y) dedy| + O(€?) .
Q Q

The order € term must vanish for every v if u is a minimizer (why?) so if v =0
on I', then

/ Vu(z,y) - Vo(z,y) dedy + / f(z,y)v(x,y)dxdy = 0.
Q Q

The PDE comes in via integration by parts, which is sometimes called Green’s
theorem. If v =0 on I, then

/ Vu(z,y) - Vo(a,y) drdy = — / Nz, y) v(z, y) dedy
Q Q

This implies that for every v,

/Q [Aule,y) — f(o,y) ] v(a,y) dedy = 0.

That is possible only if Au(z,y) = f(z,y) for all (z,y) € Q.

This argument is not mathematically rigorous because we did not show that
u and v are differentiable. A rigorous version of this argument was given by
Hermann Weyl almost a century after Dirichlet gave this informal version. The
discrete version below is rigorous because it is finite dimensional and involves
only “ordinary” partial derivatives rather than variations in function space.

10



4.3 For the discrete Laplace equation

The linear system coming from the discretization W also have a variational
principle coming from an SPD matrix A. You can guess that that this may
be found using a discrete approximations to the integrals in . A natural
discrete approximation to the integral fu is

| #eute.y) dedy ~ 2323 Sl
1 k=1

The discrete analogue of the Dirichlet integral is the discrete Dirichlet sum
we already found. Here is some reasoning to see how you could find it by looking
for discrete analogues to continuous integrals. We use the one-sided approximate
gradients

u(xj + Az, yp) — u(z;, yr)
Az

u(zy, yr + Ax) —u(x), yi)
Ax

Opu(a;, yr) ~

Oyu(zj, yr) ~

These approximations combine to make an estimate of the integral of the square
gradient in a grid box

Bir={z;<z<zjt1, Y <Y<Yt} -

// Vu(z,y)|* dedy
Bjk

~ Az? [(u(:vj + Az, yp) —U(xj,yk))2 . (u(xj,yk +Az) - U(%‘,yk))j

Az Ax

The factors of Az cancel on the right. We want to include all the grid boxes
inside the square, even the ones that touch the boundary. When we sum over
all boxes, j and k should run from 0 to n. Thus, the Dirichlet sum, which is the
discrete approximation to the Dirichlet integral, should be

% i i { i1k — Uik)® + (Ujnsr — Ujk)z] . (18)

7=0 k=0

This is clearly a quadratic form in the vector U. We take zero boundary con-
ditions and “implement” them using the ghost cell idea of setting Uy, = 0,
Unt1,6 =0, etc.

We find the matrix A corresponding to this quadratic form by computing

0D, (U)

U (AU )i

11



The quantity Uy, appears in four of the terms in the sum @ . The terms and
corresponding derivatives are

1 a(Ufl,m - U’l—l,m,)2

j+l=0Lk=m : 3 a0, =Um—U~—1m
j—1l=Lk=m : ;6(Ul+1g[};nUl’m)2 =Um —Usg1im
j=Lk=m+1 : ;a(Ul’ma_Ul[Z’m_l)Q =Upm — Ulm—1
j=lLk=m-—1: ;8(Ul’mg(1j;nUl’m)2 =Uim — Ulmt1

We add these terms to get the overall derivative

9D, (V)

= (Ut =Ui—1,m) + Uim = Ury1,m) + (Utn = Urm—1) + (Ui,m — Urm11)

This gives
(AU)lm = 4Ulm - (Ul—l,m + UH—l,m + Ul,m—l + Ul,7n+1 ) .

This is a form of the discrete Laplace operator with diagonal entries all equal
to +4 and non-zero off-diagonal entries equal to —1.

5 Stability, Poincaré inequalities

Poincaré inequalitiesﬂ are inequalities that bound a norm of a function by a
norm of its gradient. Inequalities of this kind are central to the theory of
elliptic partial differential equations. They also address an issue that arises in
infinite dimensional space but not in finite dimensions. In infinite dimensions
it is possible that a quadratic form is positive in the sense that Q(u) > 0 if
u # 0 and yet is not positive definite in the sense that there is a p > 0 so that
Q(u) > p||ul|?>. The continuous Poincaré inequality gives such a positive y. The
discrete version gives a positive p that does not go to zero as Ax — 0.

We use a %rete version of a Poincaré inequality here to show that t&
discretization of the Laplace equation is stable. The discrete equations
are solvable in the sense that the number of equations is equal to the number
of unknown values Uj,, both numbers being n?. With a little more thinking, it
can be shown that the discrete equations AU = F' are solvable because AU = 0
has no solutions except U = 0. This implies that for any n and for any norms
|U|l,, and ||F']|5 (the subscripts o and /8 are only meant to denote that there is

5Henri Poincaré was a French mathematician active in the decades around 1900. He revolu-
tionized many fields of mathematics, including topology (the Poincaré conjecture), dynamical
systems (his book Les Méthodes Nouvelles de la Méchanique Céleste (new methods of celestial
mechanics) was the beginning of modern chaos theory) and analytic number theory.

12



a choice of norms, and that the norms for U and F' might be different) there is
a Cj, o,3 so that
1Ully < CrasllFlls - (19)

In numerical analysis it matters how C,, o g depends on n. We look for specific
norms ||-||, and [[-[|5 so that C q g is independent of n as n — co. We would
say that the method is stable in the norms |-, and [|-[| 5.

Stability is the intuitive property that U does not “blow up” as Az — 0
and (this is the same thing) n — co. We hope that U converges to the actual
solution u as Az — 0, so U /4 oo seems to be a prerequisite. Conversely, we
will see that if the method is stable then U does converge to u as Az — 0. The
hardest, most technical and most abstract parts of numerical analysis concern
stability. To say that a method is stable, you find yourself saying something
like: “There is a C and a norm ||-|| so that for all Az sufficiently small, - - - (some
inequality involving carefully chosen norms).” Stability inequalities for discrete
approximations usually are discrete versions of an inequality that applies to
solutions of the target PDE. To get there, you need to find the right PDE
inequality and the right discrete analogue of it and then find a way to prove the
discrete inequality.

Coming back to the Poincaré inequality, suppose {2 is the unit square (0 <
x<land 0<y<1)and u(z,y) is differentiable with «w = 0 on T, then there
is a constant C' so that (proof below)

/u(a:,y)2 dzdy < C’/ \Vu(z,y)|? dedy . (20)
Q Q

There is a similar inequality for functions U defined on a grid. To state this
we need discrete analogues of both sides of @D with the right powers of Ax.
Suppose Uj, = 0 when (z;,y,) € I' and that Ujy, is defined for j =1,--- ,n and

k=1,---,n. A discrete approximation to the L? norm on the right side is
n n
2
Ul = a2 Uk . (21)
j=1k=1

The prefactor Az? makes the double sum consistent with the double integral,
so that if Uj, = u(xj, yx), then

)12
HUH2 — /u(x,y)zdajdy, as Ax — 0.
Q

Powers of Az only change the constant C), o g in the generic inequality @,
but you have to get them right if you want an inequality where C' stays bounded
as n — oco. We are looking for a discrete inequality that is consistent with the
continuous one we already know (from a previous PDE class, proof “reviewed”
below). That makes it more likely that the discrete inequality might actually
be true with a constant independent of n.

The discrete analogue of the Dirichlet integral is the discrete Dirichlet sum
we already found. Here is some reasoning to see how you could find it by looking
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for discrete analogues to continuous integrals. We use the one-sided approximate
gradients

u(x; + Az, yp) — ulz;, yi)
Ax

Az

Opula;, yr) ~

Oyu(xj, yr) ~

These approximations combine to make an estimate of the integral of the square
gradient in a grid box

Bip={z; <z <xj1, % <y<yrs1} -

// |Vu(gc7y)|2 dxdy
Bjk

~ Az? [(u(xj + Az, yi) — U(Ij7yk)>2 N <u(ajj,yk + Az) — U(Ij,yk))zl

Az Ax

The factors of Ax cancel on the right. We want to include all the grid boxes
inside the square, even the ones that touch the boundary. When we sum over
all boxes, j and k should run from 0 to n. Thus, the Dirichlet sum, which is the
discrete approximation to the Dirichlet integral, should be

n n

Da(U) = 323 [Ussr = Upt)* + WU = Unn)?] - (22)
=0 k=0

The discrete Poincare inequality is that there is a C, which is independent of
n, so that
2
U3 < CDu(U) . (23)

The factor Az? in the definition of the 2—mnorm ﬁ is necessary for C' to be
independent of n.
We give a proof of the discrete Poincaré jnequality is a discrete analogue of a

part of a proof of the continuous inequality . The full proof of the continuous
Poincaré inequality hag technicalities related to what functions u are allowed.
The discrete version does not have this issue because the inequality holds

for every vector U.

We give one of the proofs of the formal part of the continuous Poincaré
inequality. By “formal” we mean that we assume that u has enough derivatives.
Such an incomplete proof should be called “informal”, but usually is called
“formal” because it has the form of a proof without going through all the details.
This proof illustrates a common trick in proving inequalities involving integrals:
prove a simpler inequality and then integrate to get the desired result. Another
trick is that if you add something positive to the right side of a true inequality,
you get another true inequality. In this case, we start with a one dimensional
Poincaré inequality that involves a function v(z) with v(0) = 0 and v(1) = 0

14



and relates an integral involving v to an integral involving the derivative. Then
we integrate over y to get an integral involving wu(z,y), then we add the y
derivatives.

The one variable inequality is

1 1
v(z)? dx o(z) de
/()()déC/O(())d (24)

To prove this, we use the Cauchy Schwarz inequality (look it up if you don’t
know it). If f and g are “any” two functions, then

/f(x)g(:c) dr < \//f(x)de/g(x)zdx.

If @ is any number between 0 and 1, then (using the hypothesis that v(0) = 0)

v(a) = /Oav'(a:) dr .

We use a trick involving Cauchy Schwarz:

v(a) = /Oa V' (z) dz

:/al-v’(x)dx

0
< /O 2 dx/oa (v/(2))? da

— Va, //Oa (' (2))? dz

v(a)? < a/o W' (2))? d

1
v(a)2g/0 W' (z))’ dz .

The last uses the fact that the integrand (v/(z))? is never negative, so integrating
from 0 to 1 instead of from 0 to a cannot make the value smaller. We also use
the assumption that 0 < a < 1 so replacing a with 1 only makes right side
bigger. Finally, integrate with respect to a from 0 to 1 and you get

[ erans [ [ @@ra)a= [ ¢w)ro

This gives the one variable Poincaré inequality ﬁ
This can be integrated in y to give a two variable inequality. For any fixed
1y, the one variable inequality implies that

/ (e, g)? da < / Ol y) dr

15



sec:im

Now integrate over y and get

y=1 r=1 y=1 =1
[ wewrays [ [ @ty @)
y=0 =0 x

y=0 =0

These integrals are over the unit square, which we have been calling 2. The
square gradient is
Vul* = (9,u)” + (9,u)” .

We can add in the y derivative part to the right side of @ and switch notation
to get

[ wteizdy < [ [@ute.)? + @yu(e.)?) dady

This is the Poincaré inequality .

6 Iterative solution methods

Iterative methods are methods for solving discrete equation systems like W
This section first explains why people use iterative methods, then it gives an
example, the Gauss Seidel method. You will learn, if you code it, that Gauss
Seidel is simple and reliable but very slow. Later classes will try to explain this
slowness and use that understanding to make better iterative solvers.

6.1 Why iterative methods

%est of the computer time in finding U goes into solving the discrete equations
. These equations are linear, so they can be solved by assembling the appro-
priate matrix A (calculating and storing all its entries) and then using a linear
algebra package to solve the corresponding equations

AU =F.

This direct approach is impractical for large n because A is too big. The
unknowns Uj, form a vector U € RM with M = n?. The matrix A has
M? = n* entries. Direct Cholesky factorization for the linear system take about
%M3 = %n‘a operations. For n = 100, A has 100* = 100,000,000 entries and the
operation count for Cholesky is 310'2.

Sparse direct solvers lead to (much faster) algorithms with smaller powers of
n. A matrix is entrywise sparse (often just called “sparse”) if most of its entries
are zero. The discrete Laplace matrix h at most 5 non-zero elements per row,
because each of the discrete equations %mvolves at most 5 of the unknowns
Lgk

The matrix is also banded. Suppose you put the Ujj in row major order

U=Ui, U, Ust,-- U+ ) .
Then Ujy, is coupled only to adjacent entries U;_1,; and Uj41 5 and to entries

a distance away, U; 1 and Uj p4+1. Thus, all the entries of A a distance more

16

Pii



sec:ov

than n from the diagonal are zero. The M x M matrix has bandwidth equal to
n (or maybe n+ 1 or 2n + 1, depending on how you define “width”). The work
for Cholesky factorization of such a matrix is (from Numerical Methods I)

(size) - (bandwidth)? = M -n? = n* < nb .

A “band-solver” (Cholesky code for a banded matrix) can easily handle a 100 x
100 discrete Laplace problem. In 3D with an n x n X n mesh, the bandwidth is
n? and the work count is

(size) - (bandwidth)? = n? - (n2>2 =n".

The band-solver from LAPACK (or other top quality software) can do this on
a laptop.

Band structure does not fully describe our sparsity. A matrix with band-
width n could have 2n + 1 non-zeros per row, but ours has only 5. There is
sophisticated sparse matrixz software that stores only the non-zero entries of a
matrix. Of course, it also has to store the locations of these non-zeros. It also
tries to re-order the equations to reduce fill-in. The Cholesky factors of a sparse
matrix are generally not sparse even when the matrix itself is sparse. For ex-
ample, the factors of our banded matrix have non-zeros in every entry within
the band (believe this, please). A zero in A that becomes non-zero in a factor is
said to be filled in. There are clever algorithms and powerful heuristics that can
reduce fill-in by big factors. But even these do not make the hardest problems
practical.

6.2 Overview of iterative methods

Iterative methods
It is easy to write code to “apply” A without computing and storing its

entries. A procedure that applies A takes a grid vector V as input and retu S

the vector U = AV. For example, if the equations are written in the form (f],
the entries of A are either 1 or —i. The code to compute AV would have in its
inner loop

Ulj,k] = V[j,k] - ( V[j-1,k] + V[j+1,k] + V[j,k-11+V[j,k+1] )/4

Ghost cells are a programming trick to simplify the code that calculates
AV. A ghost cell (more properly ghost “point”) is a point on the boundary,
corresponding to j or k being equal to 0 or n + 1. The issue is that The trick
is to define the arrays V and U so the indices j and k can run from 0 to n + 1,
which makes them (n 4+ 1) x (n 4 1) arrays in the computer.

6.3 Gauss Seidel iteration

The Gauss Seidel algorithm is an iterative algorithm for solving a system of

equations
AU =F . (26)

17

gls



One Gauss Seidel iteration involves “sweeping” through the components of the
current iterate in some order. At each step, you solve equation j for component
j, leaving the other components unchanged. You then replace the old component
j with the new one and move on to component j + 1. The component j + 1

update uses the new component j value, which overwrote the old j value.
A general iterative algorithm computes a sequence of iterates, UM, U3,
.. U®), ... The residual it iteration k is the amount by which U®*) fails to

satisfy the equations:

R® — AU® _ F (27)

This way, R*) = 0 implies that U*) satisfies the system @ . The residual of
equation j is (supposing there are M components in all, and that a,; is the (¢, j)
component of A)

M
k k
R§ ) = Za‘jiUi( ) 7Fj .
i=1

Suppose we are doing iteration k, sweeping through the components, and have

kD)

reached component j. The values for i < j have been computed and we

seek U j(kH). The residual of equation j, keeping all components fixed except
component j, is

ajiUi(k_‘—l) + (ljjUj(]H_l) + ZajiUi(k) — Fj .

i<j i>7

The first sum involves the components of U*+1) that have already been com-
puted. The second sum involves components of U*) that have not yet been
updates. We set this residual to zero by taking component j of the new iterate
to be

k41 1 k+1 k
77 i<j i>j
This is the Gauss Seidel algorithm. m
The code for the Gauss Seidel algorithm is simpler than @ suggests. You
(k+1)

need storage for only one vector U, because once U; is computed, the old

value U;k) is never used. The code in Figure [I] illust rates this. The array
(vector) U has entries U[i], which represent either Ui(k'H) (ifi < j) or Ui(k) (if
i> 7).

You might wonder why one sweep does not give the exact solution. After
all, the new value U ;kﬂ) is chosen to make the residual of equation equal to
zero. Unfortunately, this makes the residual of equation j — 1 not equal to zero.

The residual calculation when U;_; was updated used the old value U ;k), not

the new value U*+1)

; . With luck, the iterates converge as k — oo.
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16 for k in range(iterations):
for j in range(M):
R = F[3j]
for i in range(M):
if (1t=3):
R —= alj,i1xU[1i]
ULj1 = (1/al3,3]) xR

Figure 1: Code fragment (Python) to implement the Gauss Seidel iteration @
When the code gets to line 22, the variable R is the quantity inside parentheses

there. The code has a single vector U. The values U[i] for ¢ < j represent
kD)

K2

, and those with ¢ > j represent Ui(k). Only the value i = j, which would
be U;k) is left out of the sum.

6.4 Variational structure and convergence

The Gauss Seidel iteration might or might not converge, depending on the
matrix A. We will see that it converges if A is SPD, because of a variational
interpretation of the algorithm that is related to the variational formulation of
the linear system. Even without the variational structure, you can see that
A being SPD implies that the diggonals a;; are not zero (because they are
positive), so at least the equation makes sense. Another matrix might have
zeros on the diagonal. For example

A:((l) é)

The linear system AU = F for this A is equivalent to the equations Us = F}
and U; = Fy. The linear system is easy to solve, but not by using Gauss Seidel
iteration. A more nuanced example is

e 1 U1 _ Fl
(o)) (=) &
The Gauss Seidel algorithm @E becomes (check this algebra)

1
G
. 1 .
ot = = (R —uf)
1 1

If |e] < 1 and the initial guess U2(0) is not exactly equal to the solution value

for the linear system @ , the iterates Uz(k) diverge as k — oco. Note that the
matrix in % is not positive definite. Indeed,

(U Us) G 1) (g;) = 201Uz + (U2 + UZ) .
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If Uy = —Uny, this is 2 (e — 1) U, which is negative if ¢ < 1 and U; # 0.

If Ais SPD, then the s Seidel iteration may be understood as minimizing
the functional E(V) (see%ﬁover component j. Suppose we are doing the sweep
to compute U**D from U®) and have updated the components U; with i < j.
Consider a vector where component j is called W and the other components
have fixed values either from iteration k 4+ 1 or from iteration k:

k+1 k+1 k k
Vo) = @Y Y ol UR)

Then the derivative of E(V (W)) with respect to W is component j of VE(V(W)).
According to the derivative calculation %, this is component j of the residual
R(W) = AV(W) — F. If we minimize E over W, this is equivalent (because the
function is strictly convex) to setting the derivative with respect to W equal to
zero. That (we just saw) is equivalent to setting component j of A(V(W)) — F
equal to zero, which is the Gauss Seidel algorithm.

A consequence of minimizing is that F decreases at every step of every itera-
tion. When you replace U ;k) without changing the other components, choosing

the optimal U;kﬂ) ensures that E decreases. The difference between the right

and left sides is only that U;k) on the right is replaced by U;kﬂ) on the left:

k+1 k+1 k k k+1 k k k
E(U1(+)7"'7UJ(+)an(+)17"'aU](M))<E(U1(+)a"'7U; )an(Jr)lf"aU](\/I))
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