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Abstract

As shown in (7], optimal control problems with either ODE or
PDE dynamics can be solved efficiently using a setting of consistent
approximations obtained by numerical discretization of the dynamics
together with master algorithms that adaptively adjust the precision
of discretization (in an outer loop) and call finite dimensional opti-
mization algorithms as subroutines (in an inner loop). An important
fact overlooked in [7] is that in many discretized optimal control prob-
lems both the value and the gradient of the cost function cannot be
computed exactly because they involve the solution of a large linear
or nonlinear system at some stage. As a result, the master algorithms
presented in [7] cannot be implemented efficiently for such problems.

In [7] we find also a master algorithm for solving finite dimensional
optimization problems when both the cost function value and its gra-
dient can only be computed approximately. In this paper we present a
new master algorithm model that combines the features of this master
algorithm with those of one intended for infinite dimensional problems
and establish conditions for its convergence.

We implement this new master algorithm using an approximate
steepest descent method for the solution of two problems: a two point
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tLAN, University of Paris 6.
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boundary value problem where the linear system corresponding to the
ODE is solved approximately only, and a distributed control prob-
lem in which the discretized dynamics are solved using a Domain
Decomposition algorithm which can be implemented on parallelized
computers.

1 Introduction

In [6], [7] a theory of consistent approximations is presented for optimization
problems as a way of dealing with infinite dimensional problems, such as
optimal control problems with either ODE or PDE dynamics. The theory
provides conditions for a set of discretized problems to be a family of consis-
tent approximations together with master algorithms that adaptively adjust
the precision of discretization (in an outer loop) and call finite dimensional
optimization algorithms as subroutines (in an inner loop).

While attempting to solve some optimal control problems with distributed
dynamics (see Lions[3]) using the consistent approximations framework, we
came across a new difficulty which stems from the fact that even the dis-
cretized state equation cannot be solved with adequate precision in reason-
able time. In such problems there are two precision parameters to control:
the mesh size h, which defines the approximating problem, and the number
of iterations NV used by a “solver” in solving the discretized state equations.
Since the parameter N seriously impacts the behavior of optimization algo-
rithms as well as the total work needed to solve a problem, it is desirable to
control the two precision parameters individually. We will present an efficient
scheme for doing this in the form of a Master Algorithm Model.

To illustrate the source of the difficulty mentioned above, consider an
optimization problem of the form

(P) min f(v) - (1)

veV

where, for example, V = L?(0,1),

2
1) = I(),0) = [ u(o) - ual'ds, @



and u(v) is the solution of an equation of the form

Cu = Bv , (3)

such as
—u"(z) = v(z)]01), Vz €(0,2), u(0)=u(2)=0 (4)
where ug4 is given and Ip is the characteristic function of the set D. O

This problem can be approximated by a finite dimensional problem of the
form

(P miz fs(v) ()

where V}, the space of piecewise constant functions defined on a mesh for
(0,2), h > 0 is the mesh size,

Ju(v) = J(un(v), vn), (6)
and up(v) is the solution of a discretized equation of the form
Chuh = Bh. (7)

It is not difficult to show that the problems (P;) epi-converge ! to the
problem (P), as h — 0, and that if {v,;} is a sequence of points such that
vp € Vp, h = 0, and v, = v, as b — 0, then gradf,(vs,) — gradf(v) as
h — 0. These facts show that the pairs (P, —||gradfx(-)||) form a family of
consistent approximations for the pair (P, —||gradf(-)]|), in the sense defined
in Section 3.3 of [7]. The important consequence of this is that any accumu-
lation point of global optimizers of the problems (P,) is a global optimizer
of the problem (P). It also follows from the above that if {v;} is a sequence
of points such that v, € V4, A = 0, v, — v and gradf,(vy) — 0, then
gradf(v) = 0 also.

The fact that the approximating pairs (Pp, —||gradf,(-)||) are a family
of consistent approximations for the pair (P, —||gradf(-)||) lays a basis for
the solution of P by the type of algorithm outlined in Section 3.3 of [7].
Unfortunately, for large problems C}, is a large sparse matrix and it is quite

1See Sec. 3.3 in [7] or chap. 7 in [8] for a definition of epi-convergence.



possible that all efficient methods for solving the linear system for u,(v) are
iterative and, realistically, only a reasonable number of iterations of an iter-
ative “solver” can be contemplated. Similar facts apply to the computation
of fn(v) and gradf,(v). Hence, as we have already mentioned, we have to
establish new algorithms that can use such approximations.

We will denote by u; n(v) the result of NV iterations of an iterative “solver”
applied to the linear system, (7), and we will denote by fj, n(v) the associated
approximation to f,(v). Similarly, we will denote by grad, fi(v) the result
of N iterations of an iterative “solver” applied to the defining equations for
grad f(v). For instance, if the Gauss-Seidel relaxation algorithm is used to
solve (7), then up, x(v) is the N-th iterate of recursion

Lyu? = Boo - Up?™!, p=1,..,N, u° given, (8)

where L, is the lower diagonal part of C, and U, its upper part.

Thus we see that in this case the discretized functions f,(v) are not
computable exactly and, for obvious reasons, neither are their gradients. We
will see later that this is also the case when Domain Decomposition is used
to solve discretized PDE’s. A quick reference to Section 3.3 of [7] shows that
the master algorithm models outlined there are not applicable to these cases,
because there are no standard nonlinear programming algorithms that use
approximate function and gradient values, necessitating the development of
a new computational scheme, which we will present in the next section.

2 A Master Algorithm Model

We will construct a new master algorithm model for solving problems of the
form (P), that uses only approximations fj (v) and grad, f(v) to the cost
function f,(v) and its gradient gradf,(v), by making use of some existing
results in [7]. The relevant results are as follows: First on page 406 in [7),
we find the following Master Algorithm Model 3.3.17 for solving problems of
the for (P), in (2) above, which uses the iteration functions A; : V, = V;,
he (0, h_ 1]2

Master Algorithm Model 1: Solves (P).

Parameters. w € (0,1), 0 > 0.



Data. h_; € R,, and vy € V_;.
Step 0. Set 7 = 0.

Step 1. Compute the largest h;, of the form h;/2*, and v*+!, such that

hi S h,‘_l and . .
‘UH-l € A),,. ('Uz), (9)
and _ .
fr (™) = fu(v') < —ohf . (10)
Step 2. Replace i by ¢ + 1, and go to Step 1. ¢

Unfortunately, as we have explained in the Introduction, we may not have
explicit formulas for computing f(v) and gradfs;(v) and hence we may be
forced to use the limited precision results of N iterations of an iterative solver
for computing these quantities. Consequently, a high precision evaluation of
even a simple iteration map Ay (v), such as

An(v) = v — Agradfa(v) (11)

with the step-size A determined by the Armijo rule or by one-dimensional
minimization, can be prohibitively expensive.

Defining, as before, up n(v), to be the result of N iterations of a solver
applied to the defining equation (7), we find that

Srn(v) := J(up,n(v), ). (12)

As we will see later, gradf,(v) is usually determined as a solution of an
adjoint equation. Hence grady fn(v) is defined as the result of N iterations
of a solver applied to the adjoint equations. This leads to an approximation
Ap n(v) to the ideal iteration map Ax(v). For example, the ideal iteration
map Ap(v) defined in (11) has to be replaced by

Apn(v) = v — Agrady fu(v) (13)

where the step-size A determined either by a modified Armijo rule of by one-
dimensicnsl minimization.



There is obviously any number of ways of making the parameter N a
function of A, which result in a new approximation to the cost function

~

fa() = fan,(v) (14)

and iteration map .
Ap(v) := AN (v), (15)

which, hopefully, can be used within the structure of Master Algorithm Model
1. One can classify the rules for making N a function of h as open-loop or
closed-loop. An example of an open-loop rule is to set N = int(1/h), the in-
teger part of 1/h. A closed-loop rule can be made more subtle, and designed
to produce as small a parameter N as is compatible with the convergence of
the overall solution scheme in the form of a master algorithm.

We will now show that one iteration of Master Algorithm Model 1.2.36
in 7], which can be used for constructing algorithms for solving the finite
dimensional problem (P), in (5), provides a reasonable closed-loop tech-
nique for defining the the number N of iterations to be used by the solver in
terms of the mesh size h. This master algorithm model has the form, with

N :={0,1,2,..}:
Master Algorithm Model 2: Solves (Py).

Parameters. No, K € N, Ny >0,0>0,w € (0,1), A: Re, = Re,.
Data. v, € X.
Step 0. Set 7 = 0.
Step 1. Set N = N,.
Step 2. Compute a y € Ap (V')
Step 3. If
Frn(@) = fan() < -, (16)
set v*+! =y, replace i by i + 1, and go to Step 2.
Else, replace N by N + K, and go to Step 2. ¢



Proceeding formally from this point on, we assume that for every A > 0
we can construct an iteration map A n : Vi, = Vj, of the type required by
Algorithm Model 2. )

We will depend on the following assumption:

Assumption 1. We will assume as follows:

(i) The function f(-) is continuous and bounded from below, and for all
h € (0, hmaz), the functions fi(-) are continuous and bounded from
below.

(ii) For every bounded set B C V, there exists k < oo, a function N* :
R, — N, and functions ¢ : R, x R, — Ry, A : R, — R, with the

properties
’l‘i_r)rtllN (h) = o0, (17)
A}gn o(h,N)=0, Vh>D0, (18)
’111_1’1(1] A(h) =0, (20)

such that for all h € (0, hpoz], v € V, N B,

|fu(v) = F(v)] < &A(R), (21)
and for all h € (0, Aoz, N € N, v € V4 N B,
|fn,n (v) = fa(v)| < wp(h, N). (22

(iii) For every v* € V such that gradf(v*) # 0, there exist p* > 0, §* > 0,
h* > 0, N* < o0, such that

fh,N(Ah,N('U))—fh,N(v) < -6, Wwe thB(U*,p*), Vh < h*, VN > N*.
(23)

For any positive real number «, we define ceil[a] to be the smallest integer
larger than a.

Master Algorithm Model 3: Solves (P).
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Parameters. hy > 0, w € (0,1), C, > 1, C5,C3 > 0, K € N, N*(-), o(-,)

verifying (17), (18), (19), (20).
Data. °.
Begin Outer Loop
Step 0. Set i =0, h = hy.

Begin Inner Loop (defines Nj(v%), f5(v%) and the iteration function

An(v)).
Step 1. Set N = C1N*(h).
Step 2. Compute a point v* = A, y(v?).
Step 3. Compute _

fan(@*) = fon ().
Step 4. If .
fan (V") = fan(v') > —Cap(h, N),
replace N by N + K and go to Step 2.

Else, set _
Np(v') := N,

and o .
An(v') := Ap iy (V')

End Inner Loop

Step 5. If

fan(@*) = fan (@) > —C3(A(h) + p(h, Ny(v)))?,

replace the mesh-size i by h/2 and go to Step 1.

Else, set ' R
,Uz+1 — Ah(’Uz),

replace 7 by ¢ + 1 and go to Step 1.
End Outer Loop

(28)

(29)



Remark 1 The main function of the test (25) is to increase N over the ini-
tial value of N = N*(h) if that is necessary. It gets reset to N = N*(h)
whenever A is halved. .

Note that the faster p(h, N) — 0 as N — oo, the easier it is to satisfy
the test (25) at a particular value of N. Thus, when the solver is fast, the
precision parameter N will be increased more slowly than when it is slow.
A similar argument applies to the test in (19). In the context of dynamics
defined by differential equations, the integration mesh size will be refined
much faster when the Euler method is used for integration than when a
Runge-Kutta method is used for integration. O

In view of the definition (26), for every h € (0,hmqez] and v € V}, we

define R
Jr(v) = fomy) (V). (30)
We can define problems
(Pn)
Inf fn(v)- (31)

It is possible to show that these problems epi-converge to (P), as h — 0.
In order to deduce the convergence properties of Master Algorithm Model 3
from Theorem3.3.19 in (7], we need the following result.

Lemma 1

(a) For every bounded set B C V, there exists a K < oo and a.function
A: R, xV = Ry, such that (i) A(h,v) = 0, as h — 0, uniformly in
v € B, and (ii) for all h € (0, hpgz), v € Vo N B,

|fu(v) = £(v)] < kA(R,v). (32)

(b) For every © € V such that gradf(?) # 0, there exist p> 0,8 >0, A > 0
such that

Fa(An()) — fu(v) < =6, Vv e B(5,p), Yh<h, (33)

where Ay (v) is defined by (27).



Proof. (a) It follows from (21) and (22) that for all A € (0, hes), v € Vi
and N € N,

| fa(v) = F(v)]

IA

| Fan(v) = Fa ()| + | fa(v) = F ()
< kp(h,N) + &A(h).

(34)

Hence we have that

|fu(v) = F@)] = [fanaw)(¥) = F)] < k(p(R, Np(v)) + A(h)) = &A(h, 1{%5)
Since |

~

A(h,v) = @(h, N*(h)) + A(h), (36)
and Nj(v) > N*(h), it follows that A(h,v) — 0, as h — 0, uniformly in
veVnB.

(b) Suppose that v € V, is such that gradf(v) # 0. Then, by Assumption 1
(iii), there exist a p* > 0, §* > 0, and A* > 0, and N* < oo such that (23)
holds. Let & € (0,A*] be such that N*(h) > N* for all h € (0,k]. Then,
because N,(v) > N*(h) by construction, it follows from (23) that

Fa(An®@) = fuw) = Fan(Anmw (@) = Fannw ()

< -6, YweV,nB(v*,p*), Yh<h,

(37)

which completes our proof. O

The following theorem is a direct consequence of Lemma 1 and Theorem
3.3.19 in [7] for the case where the cost function f(v) is strictly convex.

Theorem 1 If f(-) is strictly convez and {v*}$2, is a sequence constructed
by Master Algorithm Model 3, in solving the problem (P), then it converges
to the unique solution of (P).

Remark 2 If f(-) is not strictly convex but only continuously differentiable,
then the conclusion of Theorem 1 has to be changed to read that all accu-
mulation points of the sequence {v*}2, are stationary points. ¢
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Remark 3 The following Master Algorithm Model differs from Master Al-
gorithm Model 3 in two respects: first the integer N is never reset and hence
increases monotonically, and second the test for reducing h is based on the
magnitude of the norm of the approximate cost-gradient. As a result, the
proof its of convergence is substantially simpler than for Master Algorithm
Model 3. However, convergence can be established only for the diagonal sub-
sequence {v%}; at which h is halved. O

Master Algorithm Model 4: Solves (P).

Parameters. hy > 0, w € (0,1), ¢ > 0, C > 0, K € N, N*(-), ¢(-,")
verifying (17), (18), (19).

Data. v° € V.

Begin Outer Loop

Step 0. Set i =0, h = hg, N = N*(h).
Begin Inner Loop

Step 1. Compute a point v* = Ay y(v*).
Step 2. Compute

Fan(v*) = fan (). (38)

Step 3. If .
fan (@) = fan(v*) > =Cp(h, N)*, (39)

replace N by N + K and go to Step 1.
Else, set v**! = v*, and go to Step 4.

End Inner Loop

Step 4. If

llgrady fu(v™*")|| < € and N > N*(h), (40)

replace h by h/2, € by €/2, i by i + 1, and go to Step 1.
Else, replace 7 by ¢ + 1 and go to Step 1.

End Outer Loop o
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3 A Two-Point Boundary Value Control Prob-
lem

Consider again the two-point boundary-value control problem first stated in
the introduction:

P = / 2
(P) veLz(o ) n f(v) = J(u@)): |u — ug|*dz  subject to
—u"(z) = v(z),), Vz € (0,2), u(0)=wu(2)=0.
(41)
The gradient of f(-) with respect to v can be expressed in terms of p, the
solution of the adjoint equation

=p" =2(u—ug) p(0) =p(2) =0. (42)
Thus,

5f = 2/(u ug)5 ——/ p"6u——/ p(5u”—/p6'v, (43)

which shows that gradf(v) =

To approximate the problem (P), we use a finite difference method with
uniform mesh of size h = 1/M, to solve the differential equation. This results
in the approximating problems

2M -1

(Ps) min fu(v) := le |uj — ua(jh)[*  subject to

— R (uJ-H 2’0_7' + 'Uj..]) = vajSM, 1= 1, ceey 2M -1 (44)

Ug = UM =0.

where V), is the set of piecewise constant functions on the intervals (jh, (j +
1)h]. Note that the coefficient u; define a piecewise constant function u(-)
on [0,2].

As in the continuous case
2M-1

6f = Y. 2(uj — ug(jh))duy (45)

12



and if
_Pi+1 — 2pj +pj

= 2(u; —u4(jh)), j=1,..,2M -1 py=pyy =0.

h?
: (46)
then
T 2(uy — ug(jh))0u; = — XIM BT idmin g

47
= — M1 BB, “

Therefore ”
5f = ijdv,-, (48)

1

and hence the gradient grad f,(v) is the piecewise constant function py(-), on
[0, 2], defined by the coefficients py, p1, ..., Par-

3.1 Verification of the Hypotheses

Master Algorithm Model 3 depends on Assumption 1 to be satisfied and, in
particular, on the existence three appropriate functions ¢(h, N), N*(h), and
A(h), and of an appropriate iteration map Ap v (-).

We begin by showing that parts (i) and (ii) of Assumption 1 are satisfied.
When the ODE for v is multiplied by « and integrated in z, we obtain, after
an integration by parts

- /oz(uu") = /01 w = /02(u'2). (49)

Applying the Schwarz inequality to the middle integral leads to ||u/[|o < ||v]jo.
Next, it follows from the Poincaré inequality that [[ullp < C||#'||o, for some
C < 00, and hence we conclude that u is Lipschitz continuous with respect
to v in L2:

llulle < Cllv]lo- (50)
Now the function u — J(u) is obviously continuous in u, and hence f(-) is
continuous in v.

Using similar arguments we find that p is continuous in v and hence gradf(-)
exists and is continuous.

13



For the discrete problem we note that (uj,us, ..., uspr—1)7 is the solution
of a linear system with right hand side (vy, .., vps,0..,0)7 and the matrix of
the linear system is tridiagonal with 2/h2 on the main diagonal and —1/A?
on the diagonals below and above the main one. This is a positive definite
matrix so u is continuous with respect to v. Similarly, it is possible to show
that p is also continuous with respect to v.

Next, it follows from the error analysis for the finite difference scheme that
for some C < oo,

llun — ullo < CR?,  |Jn(x,v) — J(u,v)| < Ch? (51)

which implies that
|fu(va) — f(v)] < CR. (52)
Now the Gauss-Seidel algorithm is linearly convergent but the constant
of convergence is proportional to the condition number of the linear system.
In particular, for some C, ¢ < o0

||uh,N - uh|| < C(l - Ch2)N VN eN. (53)

By inspection, the bound function ¢ is @(h, N) = (1 — ch?)"N. However, it
contains an unknown constant. We have the choice of either guessing this
constant or replacing the function ¢ with a conservative estimate, such as
@(h,N) = (1 — h?*)V with € < 1, small, i.e, we replace ¢ with k€. In either
event, and to satisfy the hypothesis we may take

C

h2+2¢’

N*(h) = (54)

with C € (0, 00). Indeed,

C log(1 — ch**¢)

C
(1= ch® )7 = exp h2+2e

~e W 0, asho0. (55

We have thus shown that parts (i) and (ii) of Assumption 1 are satisfied.

To conclude, we must show that part (iii) of Assumption 1 is satisfied. We
will derive the iteration map A, () from the the standard steepest descent
algorithm with exact step-size. We recall that for the problems (P}), this
algorithm is defined by the following iteration function:

An(v) = v — A(v)grad fu(v), (56)

14



where
A(v) := argmin (v — Agradfu(v)). (57)

Note that for our problem A(v) can be computed exactly because f(v —
Agrad fi(v)) is a quadratic function of .
Next, we define A, y as follows:

Apn(v) :=v — Av)grady fu(v), (58)

with
Av) := arg m/\in Sun(v = Agrady fr(v)), (59)

where f, y(v) and grad f(v) are computed using N iterations of the Gauss-
Seidel algorithm on the difference equation in (44) and the adjoint equation
(46), respectively.

Now, it follows from the properties of the method of steepest descent that
given any v* € V such that gradf(v*) # 0, there exists a p* > 0, a §* > 0,
A*, and an A* > 0, such that for all v € V N B(v*, p), (i) gradfx(v) # 0 and

(i)
f(v = Av)gradf(v)) — f(v) < f(v— A"gradf(v)) - f(v) < —6*,  (60)

where A(v) is the exact step-size computed by the Steepest Descent Algo-
rithm. It now follows from (18, 19, 21, 22) that there exist an A* > 0 and an
N* < o0, such that for all h < h*, N > N*, and v € V, N B(v*, p)

fan (v = Mv)grady fu(v)) — fan(v) < -6°/2, (61)

which shows that part (iii) of Assumption 1 is satisfied.

3.2 Implementation of Master Algorithm Model 3

Making use of the maps defined in the preceding subsection, we now obtain
the following

Implementation of Master Algorithm Model 3
Data. C; >0,C3>0,C3>0,e>0,h>0, K €N, vy € V.
Step 0. Set i = 0.

15



Step 1. Set M = 1/h, N = ceil(:).

Step 2. Compute {u;} using N Gauss-Seidel iterations.

Step 3. Compute {p}} using N Gauss-Seidel iterations.

Step 4. Compute A\ = argmin, fp n(v* — Ap’) using N Gauss-Seidel
iterations.

Step 5. Set v;*' =vi — Ap}, j=1.M.

Step 6. If fi n(v*!)— fan(v') > —Ca(1 — h2+)N replace N by N+K
and go to Step 2.
Else, go to Step 7.

Step 7. If fan(vit) — fan(v') > —C3[h? + (1 — h**€)¥], replace h by h/2
and go to Step 1.
Else, replace 7 by i + 1 and go to Step 2. o

3.3 Numerical results

Problem (41) was solved with ug = sin(rz) starting from v = 0, first us-
ing the standard steepest descent method, with a fixed mesh of 256 points
and solving the linear system using 500 Gauss-Seidel iterations. Then it was
solved using an implementation of Master Algorithm Model 3.

In the second case the initial mesh had 8 points and the final mesh had
512. We have used ¢(h, N) = (1 — C4h?)" instead of (1 — h**)¥ and we
set N*(h) = 0.1ceil(1/h?). Finally, we used A(h) = 1/h2. The algorithm
constants were

Ci=1 C,=01 C3=210"" C,=5 e¢=0.1 K =20.

Figure 1 shows the convergence history of the cost function for both tests
(left) and the history of the number of Gauss-Seidel iterations for the second
case (right).
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Figure 1
Cost function (left), mesh size and number of Gauss-Seidel iterations (right).

We have also tested a number of other values and other functions N, ¢(h, N).

Most of the time similar computational behavior to the one describe here was
obtained, however, some time the mesh was refined too fast and some time
the number of Gauss-Seidel iterations became too large too soon, etc. Fine
tuning the values of the parameters is not an easy task but it is C3 which is
the most important.

Our overall observation is that when the parameters of our algorithm
are reasonably well selected, it computes a solution to problem P roughly
10 times faster than the algorithm that uses the same precision in all its
iterations.

4 A Distributed Control Problem

Let S be a given subset of the boundary I' of an open bounded subset §2 of
R4 and consider the boundary control problem

(P) | minyerzs){f(v) = Jol(u —ua)® + |V(u — ug)|?] subject to
(62)
u—Au=0in Q, %|s=§'v Ur—-s = Uq

17



The gradient of f(-) can be obtained by making use of the fact that
§f =2 / (v — ua)du + V(u — ug) - Véu + o(|y|) = / £(u—ug)dv, (63)
Q s
which follows from the fact that the PDE in variational form is
/‘; (vw+ Vu - Vuw) = /s fvw Vw € Hy_ (D). (64)

So, by inspection of (63), we see that the gradient of f(-) with respect to the
L%(S) norm is

grad, f(v) = {(u — ud)ls. (65)

To approximate the problem (65), we propose to use a finite Element
Method with u € V},, continuous and piecewise linear on the triangles of a
triangulation of 2. This results in the discretized, finite dimensional opti-
mization problem below:

@), |mipf)= [l ua) + V@ -ua) subject to "

fotuw + Vu - Vu) = [ évw Yw € V,
where V}, is the approximation of Hg__(2) consisting of continuous piecewise
linear functions on the triangulation which are zero on I'—.

The gradient of the discrete cost function fj(-) can be obtained using the
fact that

6fn = [ &w—uan)d (67)

This formula is obtained exactly as in the continuous case. Therefore

grad, fa(v) = Pu(u — uan)ls, (68)
where P, is the projection operator from L?(S) into V; N L2(S).
Strictly speaking (68) holds only if 2 is a polygonal domain, but this is

a standard technical problem with the finite element method which can be
dealt with easily.
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4.1 The Schwarz Algorithm

Now for some reason suppose that we want to solve the discrete Partial Dif-
ferential Equation (i.e. it’s equivalent sparse lihear system) by a Domain
Decomposition Method.

Let Q =Q; UQy, let T = 0Q, and let T';; = 0Q; N ;. The multiplicative
Schwarz algorithm for the Laplace equation starts from a guess u?,u and

computes the solution of

u—Au=finQ, ulr=ur (69)
as the limit as n — oo of the sequence u;,,% = 1,2 defined by

3

Uil — AUypy = fin 0,

Bu
Ul,n+1|mﬁ,_s =1ur 'Ul,n+1|r‘.2 = U2 _la';ils =&v

’ (70)

U2,n+1 — A?12,n+1 = f in §y,

9
Uz,n+1|mﬁz-s =ur Uyasilr, =ul —u%','{ik = &v.

7

4.2 The Doubly Discretized Problem

The introduction of the Schwarz algorithm leads to a doubly discretized prob-
lem, as follows. Let 7, be a triangulation of Q2 of average edge size h such
that by removing triangles we obtain also proper triangulations {7;3};=1,2 of
©, and Q.

Let Vip and V3 be the finite element spaces of continuous piecewise affine
functions on {7jn};=12. Let VJ‘}, be the subspaces of continuous piecewise
linear functions which are zero on the Dirichlet boundaries I';;.

Then the doubly discretized problem is

(P)s,n 521‘;: fan(@) =llu" —wlly: w}=0, n=1.N

u} € Vin Yw € Vi 1 uflry; =™ Jo,[ufw + VuVu] = [5 {v;ul,
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where N is the number of Schwarz iterations applied to the the discretized
PDE in (66).

Consider the mapping from Vj;, x V5, onto itself which defines 4™ in terms
of u®! by means of the recursion

Yw € Vi ujlaq,; = u}"l /Q [ujw + Vui V] = /s Svw (72)
j
for i = 1,2. Let {A, B,C} be the finite element matrices associated with this

operation:
AU" =BU™ ' 4+ CV (73)

where U denotes the vector of values of u; at the vertices of 71h and of us
at the vertices of 73, and V is the vector of values of v at the vertices of S.
The doubly discretized problem (71) can now be rewritten as

A0 0 .. 00 Ut BU®+CV
B A0 .. 00 U? cv
min(UYN-U))TGUN-U,): {0 B A .. 0 0 || U® |= 1%
v
cv
B A/ \U¥ cv
(74)

where G is the finite element mass matrix (see Ciarlet [1] for more details).

We can express the exact gradient gradf, n(v) of frn(v) in terms of the
solution of the adjoint equation

A BT 0 .. 0 O P! 0

0 A BT .. 0 0 p? 0

0 0 A . 0 o P3| = 0 (75)
.. BT 0
0 A PN 2G(U - U,)

by making use of the fact that § f, v = PTC§V. Thus we see that gradf, n(v) =
CcTp:,

The interpretation is that P, like U, is the set of values at vertices of the
Schwarz system

pV = ApY =20 —ug) PV -ApNT =0 pfTt=p".. (76)
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These equations are difficult to implement because we must store all interme-
diate functions generated by the Schwarz algorithm and integrate the system
for p™ in the reverse order. Hence we will we will use approximations to the
gradients grad fy, x(v) defined by

grady fa(v) := P(E(un,n(v) — ua))ls, (77)

where P is the interpolation operator (Pg is the piecewise linear function
which coincides with g at the vertices of S) and upy is computed by N
iterations of the Schwarz algorithm with the convention that on Q; N Q;, .

Up,N = %(Ulh,N + Uap,N)-

4.3 Verification of the Hypotheses

We proceed exactly as in the one dimensional case to show that Assumption
1 is satisfied.

(i) Continuity of f(-) with respect to the control is established in Lions][3].
Continuity of f4(-) with respect to the control is obvious from (74).

(ii) It follows from the finite element error estimates given in [1] that
the error estimates (51, 52) hold for this case as well. Hence we can set
A(h) = k2.

(iii) The Schwarz algorithm converges linearly with rate (1 — d/D) where
d is the diameter of £2, N, and D is the diameter of 2 —2UQ — 2, so instead
of (51) we have the bound

lunw — ual| < C(1 = %)N VN €N, (78)

for some C € (0,00), which implies that we can set ¢(h, N) = (1 — £)V.
Note that in this case ¢(h, N) is actually independent of A. In view of this,
we can take N*(h) = Cceil(1/h), where C > 0 is arbitrary.

(iv) The relation (60) obviously holds for this case as well. To show that
the relation (61) also holds, we make use of the facts that (a)

grad fa(v) = Pu(§(un(v) — uan))ls, gradyfu(v) = Pu(€(unn(v) — Ud))l(;»g)
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(b) both P, and P, tend to the identity operator at the rate O(h) at least,
and (c) the bound functions A(h), ¢(h, N), and N"(h) have the required
properties.

4.4 Example

In this example §; is the unit circle centered at the origin and €, is the
rectangle (0,1) x (0, 1) minus the unit triangle with vertices (0,0),(0,1),(1,0)
and minus a disk of boundary S . The control boundary is S (see figures).

The function which is to be recovered by the optimization process is
uq = e~*2sin(y). The weight on the control has been deliberately chosen to
have oscillations: £ = sin(30* (x—1.15))+sin(30%(y—0.5)). We have used an
automatic mesh generator controlled by a parameter n, the number of vertices
on the boundaries, so, for practical reasons, we initialized h = 1/(8n). The
number of Schwarz iterations was initialized at 1.

The tests (25) (in Master Algorithm Model 3) and (39) (in Master Algo-
rithm Model 4) for increasing the number of Schwarz iterations were deter-
mined by setting ¢(h, N) = (0.8)", and C; = 0.1. The mesh refinement test
(28), in Algorithm Model 3 was implemented with the right hand side being
set to —0.001[10~*A% + (0.8)!/®")], which corresponds to N*(h) = 0.1/(8k),
@(h, N) = 0.8", A(h) = h?. Naturally other choices of coefficients and bound
functions are possible.

The mesh refinement test (40) in Algorithm Model 4 was implemented
by setting e(n) = 10~", where n = 1/8h.

We have used the code freefem+ [2] which is a matlab like environment
for partial differential equations developped for the purpose of testing parallel
algorithms, among other things.
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Figure 2

In the left part of Figure 2, we plot the values of the cost function f()
v/s the iteration number for two cases. ‘The first corresponds to optimization
using a fixed mesh and a fixed number of Schwarz iterations, i.e., without
adaptive precision refinement (curve ’criter0’), and the second one was ob-
tained using adaptive refinement based either on the norm of the gradient
(case (i), curve ’criter]’), or on the decrease of the cost function (case (ii),
curve 'criter’). The right part of Figure 2 shows the number of Schwarz iter-
ations NV and the mesh parameter n versus the iteration number for case (i).
After 30 iterations the gradient is 1075 times its initial value, while without
mesh refinement it is only 1072 times its initial value (multigrid effect).

EL L

EENSEE- 52580

Figure 3
Figure 3 shows the computed solution u (left) and the error u—uy (right).
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Figure 4
Figure 4 shows the second finite element mesh on the left and the Tth
finite element mesh (the last is the 9th) on the right. Both are generated
automatically by a Delaunay-Voronoi mesh generator from a uniform distri-
bution of points on the boundaries.

5 Conclusion

It is a well known rule in optimization that, in solving infinite dimensional
problems via discretization, one must use the exact gradient of the discretized
problem rather than the approximate gradient of the exact problem. In this
paper, we have shown that mesh refinement within the optimization loop
enables us to relax the above rule. Our motivation is two fold: first, there
are problems where the exact gradient of the discretized problem cannot
be easily computed; secondly there is a multi-grid effect in combining mesh
refinement with a descent algorithm which results in an order of magnitude
in speed-up.
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