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Abstract
We consider the adaptive finite element discretization of parameter estimation problems for nonlinear ellip-
tic partial differential equations. The idea is to use a gradient method on the finite-dimensional parameter
space for the minimization of the least-squares residual. Since the gradient involves solution of partial
differential equations, it is not accesable, and is replaced by an approximation obtained by finite elements.
This results into a perturbed gradient method. We use an (a posteriori) error estimator to control the accu-
racy of the gradient approximation and propose an algorithm, which links the estimator to the progress of
the iteration. We show convergence of the algorithm under typical structural assumptions.
Keywords . Adaptive finite element methods, parameter estimation, gradient method.

1. Introduction. We consider parameter estimation for a nonlinear elliptic partial differential equa-
tions in a bounded polyhedral domain Q C R%, d € Ny,

—div (A(u)Vu) = f(u) +b(p) inQ, w=0 ondf, (1.1)

where f(u),b(p) € L?(€2) and the right-hand side depends smoothly on u and a finite-dimensional param-
eter p € Q = R"2. The parameter is sought to best fit given data C” € Z = R"Z in the least-squares
sense, minimizing

1 Z
I(pyu) = 5 > Rilu)* + % Ipl?,  Ri(u) := Cy(u) — CP, (1.2)
=1

where C' =V — Z is the observation operator (supposed to be linear), R; is the least-squares residual, and
0 < ars. We throughout suppose that this parameter estimation problem is well-defined, i.e., there exists is
unique solution p* depending continuously on data. The latter property amounts in the considered smooth
case to have a strictly positive Hessian of the reduced functional Jina neighborhood of the solution.

The discretization of the state equation (1.1) by a conforming finite-element method leads to an approx-
imate parameter estimation problem; suppose its solution is py. In the case of linear state equation (1.1), a
priori and a posteriori error estimates for the error in parameter, ||p* — pj ||, have been derived in [1]. These
estimates differ from previous estimates in the literature on optimal control problems, since they avoid
suboptimal bounds, which typically arise, when the sum of bounds of the energy errors for the state and
adjoint variables are used. This allows to have sharper estimates for the parameter error in many cases, see
also Lemmas 3.2 and 3.3 below. Moreover, optimal convergence rates of an adaptive finite element method
(AFEM) in terms of unknowns (and even work) have been shown in [1].

Our present concern is the generalization of the above-mentioned results to (1.1). In addition, here
we wish to consider the problem from an optimization point of view. More precisely, instead of solving
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the optimization problem on a sequence of meshes, we consider a perturbed gradient method for the con-
tinuous minimization problem, and interpret discretization as perturbation to the functional and gradient
evaluations.

In Section 2 we describe the considered setting based on weak formulations of the different partial
differential equations of interest. We discuss the computation of the reduced least-squares functional and
its gradient, both on continuous and discrete level. This information is then used in Section 3 in order
to obtain error estimators of the functional value and gradient. Since the gradient error is related to the
parameter error, we derive estimators as discussed above similar to [1]. The error estimator enables us
to propose a perturbed gradient method in Section 4. The idea is to couple the estimator bounding the
approximation of the gradient to the norm of the approximated gradient, which measures the progress of
the iteration. Under typical assumptions of AFEM theory, we prove that the total error, the weighted sum
of the estimator and the continuous functional gap, converge quasi-geometrically. The rate has the typical
behavior of a gradient method with respect to the condition number of the function (ratio of the Lipschitz
constant of the gradient to the strong convexity parameter). Finally we draw some conclusions in Section 5
and discuss some generalisations.

2. Considered parameter estimation problem. The state equation (1.1) is understood in the weak
formulation, written with V' = H{ (€2) as

u=u(p) € V: alu)(v) =Il(p)(v) YveV. 2.1

Here a : V' x V — R denotes a smooth (not necessarily bilinear) form. We suppose that it is monotone and
Lipschitz-continuous,

a(u)(u—v) — a(v)(u—v) > alu—v|}, Yu,veV, 22)
a(u)(v) — a(w)(v) < Cq [lu—wlly o]y, Vu,v,weV. '
We note that monotonicity is equivalent to
d(uw)(v,0) > alvlli,  Yu,ve V. (2.3)

By our assumptions, for given p € @, we have a unique solution u(p) to (2.1) and we can introduce
the reduced functional

J(p) == J(p,u(p)). 2.4)
Its gradient can be computes as
(VJI(p),q) = ars(p,a) +1'(p)(q, 2(p)), 2.5)
where z € V is the unique solution to
z=2(p) €V d(up))(v,2) = T, (p,ulp))(v) YveV, (2.6)

see for example [2]. We make the hypothesis of p-convexity of the reduced functional, which means that
there exists . > 0, such that

(V2 i(p)a,q) > ulal® VYgeQ. (2.7

Let V;, C V be a conforming finite-element subspace, where h € # is an element of a given shape-
regular family of simplicial meshes #. Then u;, = wuy (p) is defined by the discrete problem

un € Vi = a(up)(v) = 1U(p)(v) Vv € Vh, 2.8)
and
zn = zn(p) € Vit ' (un(p)) (v, zn) = T (p, un(p))(v) Vv € Vi 2.9
Similar to (2.12) we have for the discrete reduced functional .J}, (p) := J(p, u(p)) that

(VJn(p),q) = ars(p, @) + ' (p) (g, z(p)). (2.10)

Note that, in contrast to the infinite-dimensional case, (2.7) does in general not require ar,g > 0.
Instead of (2.1) we consider the adjoint equations for z() = z()(p) (for 1 < i < ny)

2D ev: dup)(v,29)=Ci(v) YoeV, (2.11)
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which leads to z = 3"1'%, R;(u)z(") and we have

(VJ(p),q) = aws(p,a) + > Ri(u)l'(p)(q, 27). (2.12)

i=1

A gradient step for the minimization of the discrete functional th( ) starting from py, can now be per-

formed by solving the discrete state equation (2.8) and the discrete adjoint equations for z}(L) = z( )( )

z,(f) €EVy: a’(uh(p))(v,z,(f)) =Ci(v) Yv eV, (2.13)

We can then perform a step of the gradient method,

(prs @) = (1= tkons)pi, @) + b Y RiCun(n)) (U (0) (@, 247) = @' (00) (@247 (01))) Va € Q.

= (2.14)
where tj, is the step size.
Finally, we state that u-convexity of the reduced functional leads to the following bound for the param-
eter error with
Lemma 2.1.

* * —1
Ip* —ppll < p™2

ARRAA] (2.15)

An alternative formula for the gradient of the reduced functional relies on the solution to the tangent
problem for v’ = u/(p)(q)

u eV dulp)(u,v)=1(p)(qgv) YveV. (2.16)
We then have
(VI).0) = ousp.a) + 3 Ri(w)Cilu' () (a). @.17)

Let (ej)1<j<n, be a basis of Q. Then we have u'(p)(q) = Z?gl u) (p)q;, where, with li(p,v) =
' (p) (€. v). and

uP(p) €V d(u(p) (@ (p),v) = (p)(v) YoeV. (2.18)
The analogous formula holds for the gradient of the discrete reduced functional by means of
w!(p) €V : a(u(p) () (p).v) = Li(p)(v) Vo € Vi, (2.19)
We have the following Céa-type results.

Lemma 2.2.

C,
lu —unlly < —= inf |lu—wvpy,

O v EV)
oo <Co e AL -
HZ “h Vo o« U;}IEIV;L ? Uh 14 o? ||’LL Uth7 ( ’ )
/
a . ; l
a v EVY V

Proof: By (2.2)

o [l = wn I <a(u)(u - un) — alug)(u - up)
—a(u)(u — vn) — alup)(u— va) < Ca |l — wn| u — vnly -

With v = 2() — z,(f)

2

|20 = 22| a0 = 57, 0) = @ (@) (20, 0) = ' (un) (4, v) + @ () (=), v) = @/ (@)=, 0)

<a/ (W)=, 0 = vn) = @) (zfs v = vn) + O Ju = unlly |[29]| il

<C, Hz(’) — z,(L)H lv = vp|| + C Ju — uplly me Hz(z) _ z}(})

14

The last inequality is similar. ]



54 Becker R.- Selecciones Matematicas. 2023; Vol. 10(1): 51-59

3. A posteriori error estimation. For a given mesh h € H, we denote the set of cells by K},. For
illustration, we suppose that the right-hand side is of the form (1.1) and C;(u fQ giu with g; € L*()

and I,(p) € L*(9). Next we define the error estimators

= Z Pic(un),  pi(2n) Z Pic(zn),  pi(up) Z P ()

KeKy,

KeKp KeKh,

Pic(un) = Wi |1 £ (u) + 1(p) + div(A(w) V) || % + %K ITA(W)Vun - nlllyreyo0 »

(1) = il )+ v Can) 952 |+ 55 | [A ) 95 ] Joscon

p%{(ugj)) = h3 |\ f (up) + I(p) + diV(A'(uh)VuElj))Hj{ + hTK H {A’(uh)Vugj) . nK} HaK\aQ )

We have the following a posteriori bounds.
Lemma 3.1.
luw = unlly < (un),
A0 o] <Gt o) 4 WMo ), (1)
Hum W) H Cint () 4 1105 (p)!lgcécﬂ pn(un).

Proof: By (2.2) withv := u — up,

alfu = up |y <a(u)(v) = alup)(v) = a(w)(v = vn) = a(un)(v = o) = 1(p)(v = vn) — a(un)(v = vs)-

Then integration by parts and appropriate interpolation give the result. See [3, 4, 5] for details. With

v =20 — z,(f)
a Hz(’) — z,(f) ” <a'(up)(v, 2V — z}(f)) =d'(u)(v,29) — a(up) (v, z,(;)) + d' (up) (v, 29) — d’ (u) (v, 2D)
<Ci(v =) = ' (un) (1,0 = vn) + Callu = unlly, [+ Il
i 1€l C4Cn
<Ciaepn(5,) [0]ly + S ) o]y
since
112 . ) )
a0 < d @G0, 20) = i) < e |9
The last inequality is similar. O
Lemma 3.2. (Error in functional) We have
nz
; Ch @)y, CallGill
J(p) — Jh ) < ;E (E; + Ri(up)), FE;:= Ttph(uh) (p(zh )+ th(uh) (3.2)
Proof: We have for any v € V},
1
0 =a(u)(v) —alup)(v) = / a'(up + t(u —up))(u — up,v) dt,
0
S0
1 Cv/ 9
a' (up)(u — up,v) = / (@' (up) — @' (up + t(u —up))) (u — up,v) < 7“ [lw —unl|” |loll. (3.3)
0
With v := v — up, and (3.3)
—a’(u)(u — up, 2D) = a’ (w)(u — up, 2D) — @' (un) (w = un, 20" + @’ (up) (u — up, 237)

C¢ (u) — Oz (uh)

c
<Ci(v = vn) = a'(un)(v = vn, 2 + =2 Ju = un? )

CalICi]] 2
<Omtp( )” ||V azal ||u—uh|| .
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Then with (3.1)

C? i C! C;
Ci(u) — Ci(up) < = pp(un) <p(2;(L)) + LL|”2|”ph(Uh)> (3.4)
«Q 2c0
. . 1 & 1 &
J(p) = Ju(p) =3 Z (R? (u) — R (up)) = 3 Z (Ri(u) — ‘4 Z Ri(un)) Ri(un)
=1 i=1
1 &
=3 (Ci(u) — Ci(un)) (Ci(u) — Ci(un) + 2R;(un))
i=1
|
Lemma 3.3. (Error in gradient) We have with
; ou Ci Q 1A C(; 2\ 2
e el o S, e 85 () 2 ) )
|viw) ~ o) < S ZE o) IV )G + Ri(un)F) . (3.5)

Remark 3.1. Both error estimates, (3.2) and (3.5), have a quadratic behavior, since they consist of
sums of products of the different residual estimators.
Proof: We have from (2.17) with v’ = v/(p)(¢) and u}, = u},(p)(q)

(VJ(p) = VIn(p),q) =Y (Ri(u)C;(u') = Ri(un)Ci(u,)))
=1
=3 ()~ CLlun) ) + Bl () — Cifu)

For the first term we have with
2
allu'|ly < d'(u)(u',u') =T (p)(g, ") < '@ el vl -
and (3.4)

(€40 = Citun) i) = S o) (a8 + L ) ) I

For the second term similarly as before with v = u(/) — uﬁlj )
Ci(u) = Ci(uf) =a' () () —uf? 2) = o/ (w) (v, 2) — @' (up) (v, 21”) + o (un) (v, 2,”)
iy, Ca
<Cyfw = v0) = ()0 = v, 257) + L o] 7
. CallGilllCin
20

pr(un) [[v] -

< 1ntp(zh )H ||

Using (3.1) we get

. ; 02 i c! Ci j ¥ p Cz/z
Ci(u(])) _Ci(uglj)) < jﬂt <p(zi(L)) + a||\a Ph(uh)> (Ph(ug))"’ mJ()th(uh))

(&%

and

M

j=1

c?, e e <
i) - i) < St (o) + S ) (ZF?) lall.
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4. Perturbed gradient method. In this section, we use the notation of optimization, replacing J by
f, P by X and p by . So we consider a perturbed gradient method of the form

Thy1 = Tk — teGk 4.1
for the unconstrained minimization problem
min {f(z) |z € X}, (4.2)

where f : X — Ris a p-convex function with L-Lipschitz gradient, i.e.
fy) = f(2) +(Vf(x),y —z) + g lz =yl*, (IVf(@) =Vl <Lle—yl. @3

In each step of the iteration, only an approximation fi of f is known (which corresponds for our parameter
estimation problem to the reduced functional on a finite-element sub-space V}), and g = V fi.(zx).

To be more precise, let 7 be a lattice of meshes with ordering b’ < h if A’ is a refinement of h. We
suppose to have an error estimator 7;, and a refinement algorithm R : ‘H — H satisfying

IV (@) =V fu(@)|| < na() @4

and with gg < 1 for i’ = R(h)

(@) < qrip(z),  ni(z) < 1R(y) + Cs |z —y|>. (4.5)

Remark 4.1. For simpler computations, we suppose the constant in the upper bound (4.4) to be one.
In comparison to the preceding section, this requires proper scaling of the error estimator. Following [6],
we do not suppose to have a lower bound, but instead decrease of the estimator under refinement. This
typically holds for residual-type estimators of the above form, see also [7]. We consider the following
algorithm with constant step ¢, = 1/L.

Algorithm 1 GM with constant step-size

Inputs: g € X, e > 0,0 < A < %,ho € H,and L > 0. Set kK = 0.
(1) gk =V fn, (k).
(2) iy, (xk) + |9kl < /264 then STOP
3) ELSE IF Nhy, (a:k) > A Hng hk+1 = 'R(hk)
Tpt1 = Tk hgpg1 = hy,
Tht1 = T — TGk
(4) Increment k and go to (1).

Remark 4.2. The algorithm performs a gradient step if np, () < M| gx||- This condition controls the
approximation of the gradient thanks to (4.4). It is similar to the angle condition in the classical analysis of
the gradient method [§8]. The algorithm terminates thanks to Proposition 4.1 below. We have the following
justification of the stopping criterium.

Lemma 4.1. If the algorithm stops we have f(xy) — f(z*) < e and ||z — z*|| < /2¢/p.

Proof: Letq(y) := f(xr) +(Vf(ar),y —zx) + 5 [y — xk||2. Then argmin g = zj, — in(xk) and
¢* =ming = f(zy) — i IV f (21)||%. By p-convexity (4.3) we have f(y) > ¢(y) for forall y € X. Then

flaw) = f(27) < flan) —q(27) < flaw) —q¢" = i IV f (@)l < i (lgwell + V£ () = gnel)*
We conclude by (4.4). We also have

pllzs = 2*|* < (Vf(xr) = V@), — %) < |V f ()] on -]

giving the second bound. (]
Lemma 4.2. If 0y, (xx) < A gk || we have

1—2\, o
llgl

Fl@we) < flaw) = —7

(4.6)
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and
2 < 2 +((1-— A2+ —CS 2 4.7
nhkﬂ(l’k-i-l) = QRnhk(ﬂ?k) ( QR) [2 Hng . 4.7

In addition, if x* is a minimizer we set A fy := f(xx) — f(z*). Thenfor0 <6 < 3 — X

1—22A—20 .,
_— . (4.8
oL llgxll”. (4.8)

0L . . 4
Afer € (U= OA it 5 (llew =27 = owsn = o*I*) + 2k (o)
Proof: We first note that with (4.4) we have

IVF @)l < llgrll + 1V F(@r) = grll < (1 + ) llg
lgrll < IV f @)l + 1V f(@r) = grll < IVF )l + Mgl

SO

(=N llgell < IV (@e)l < (14 A) llgell - (4.9)

By (4.3) we have

Flonsn) = F(on) SOVHr), ones — ) + 5 s — ol

1 1
- E<Vf($k)7gk> + BY7 H9k|\2

1 2 2 2 1 2
= — 57 (ol + V£ @I = 1V F () = gell*) + 57 gl

1 2 2 2 2 2 1 2
<-— 1- A —A ) —
<~ o (loul + @ =22 gl = X2 s ) + 5 o]
1 2 1 2 1-2A 2
< Z(1-2) = — .
< 2= N el + g ol =~ T2 el

Since in case 1y, () < A||gk|| we have hg1 = hi we get from (4.5)
Mo @g1) =17, (Ths1) < 0, (2k) + Cs [|zpgr — 2
<o, (o) + (1= a0 lon |+ Cs lowin = aul = g, (00) + (1= )02+ T3 ) ol
Further by (4.3) we have

Flaw) = f@*) <(Vf(@r), o — ") — g ok — ¥

By
2

=(gis e — ") = 3 [l — 2*|* + (Vf(@r) = gy i — )

L1 2 w112 w2 2 w2 X
= (o honl® + low = a1 = e = ") = & w1+ (9 01) = g — o)

L . . 1 1
<3 (b =" = owar = 271) + 7 llgel® + -k, ().
Adding 6-times the last inequality to (4.6) yields the result. ]

We conclude from (4.6) and (4.7) that under the hypothesis of Lemma 4.2 we have « > 0 sufficiently
small such that there exists ¢y > 0 satisfying for ant gr < ¢, < 1

f(@rt1) = f(og) + aniHl(a?kH) +co ||9k||2 < aqéanik (k). (4.10)

This is the basic estimate to obtain the following result.

Proposition 4.1. Let {z | f(x) < f(x0)} be bounded. The sequence generated by the gradient method
converges towards the unique solution x*.

Proof: We show that in the first case of the algorithm an estimate similar to (4.10) still holds. In this
case we have f(zx.1) = f(x), reduction (4.5), and || gx|| < A~'np, (zx), such that

2 Co
Mg sr (@rp1) + co llgell” < qroi, (x1) + pﬁ%k(%) < g, (T1)

with gr < ¢ < 1if ¢o > 0 sufficiently small. So we have (4.10) in both cases.
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Summing up (4.10) from n to N > n leads to

N+1 N
2
flenia) +adgmpy, (eng) +o(l—qr) Y m (@) +co Y lgell” < fzn) + agrmy, (@n).
k=n+1 k=n
Since the right-hand side is independent of /N we can pass to the limit N — oo and obtain klim llgrl| =0
— 00

and lim 7y, () = 0. Then by (4.4)
k—o0

IVF@)ll < llgell + IV f (2r) = gl < llgrll + nn (2r) =0 (k= o00).

O
Finally we consider the convergence rate of the algorithm.
Theorem 4.1. Let k¢ := L/pand Ey, := Afy, + %77,2% (). Then there exist C > 0and 0 < p < 1
such that

B, <Cp*E, Vk,neN, 4.11)

where p=1—1/C and C < Cyky with Cy > 0 independent of .

Remark 4.3. Although we know by (4.6) that the functional is monotone, the total error can in general
not be expected to have the same behavior. This is reflected in (4.11), where a quasi-geometric convergence
is stated. The dependance of p on Ky is optimal, see [9].

Proof: Incase np, (x) < X||gk||, we use (4.8) (4.7) and (4.6).

1 0L\ 1
Afpyr + Zmzl,m (Try1) (L= O)Afi + <QR + M) Zm%k (xr)+

6L N .
> <||95k —2*|)® — g — ||2) + B (f(xk) — f(zr41))
with

1 CS 2L (1 7(]72)/\2 +Cs/L2
B:=— 1-— 2 — =2
L<( ar)A +L2)1—2)\ 1—2))

In case 0y, () > Allgk|| we have

1 . 1
Afpy1 + Znik+1($k+1) <L = 0)Afe +6(f(zk) — f(z¥)) + QREWQLk (Tk)-
By (4.3), Young’s inequality and (4.9)
(1+X)?

* o M w2 1 2 2
— < — - = — < — <
Flon) = £@*) < (V) mn =) = G low =P < o IV F@)lP < S22
such that with [|gx[|* < 07, (zx)/A\?
1 6(1+ N)2L\ 1
Afpyr + Zﬁikﬂ(»’ckﬂ) <1 -0)Afi + (QR + (2/0\2)) Znﬁk (xk).
Let
L (14\)?2L (14 )2
/ -—_ — —_— =
q .—qR—s—Hmax{u, e } qr + Ok oz

where we have used (14+A)? > 2)2. For § small enough we have ¢’ < 1 and then with § := max {(1 — 0),¢}
1, - 1 5 0L 112 112
Afirs + T (wer) <0 ( A+ 708, @) ) + 5 (lon = "I = lowrs = 1) + B (F(n) = flane)) -

We know already that nik (zx) — 0 and z, — x*, so summing up the last inequality from n to N > n and
letting N — oo we find

(1—-@) Y Av<qdn+ %L |z — 2™ + B (f(2n) — f(z"))

k=n+1

<GA, ("j " B) (Flan) — F(a%),
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such that

k=n+1

with C:= (q+ % + B) /(1 - q).
With S,, := >"p—,, Ak, the last inequality reads

Spy1 <C (Sn - Sn+1) = Spr < PkSm P= =T
And finally
c
An-i—k: < Sn-i—k < pk_lsn—i-l < ;pkAn = (C + 1)pkAn

Finally we analyze the dependance of C'on ry. Let 6 := %’

turns out that § = 1 — 6 and then

which is possible if £ > 1 is large. It

~ —qr)A*+Cs
q"’_%"’_B:1—0+K}f€+B<1+H’f0+2(1 ?f_)%;r .

¢= 1—g 0 = 0

< COHfa

with Cy depending on A, gz, and Cs, but not on . O

5. Conclusion. In this contribution, we have shown how adaptive discretization of PDE-constrained
minimization in form of parameter identification can be cast into the framework of a perturbed gradient
method. The important ingredient is an error estimator for the error in gradient. It is used to adjust the finite
element discretization during the iteration and also allows for a simple stopping criterion of the algorithm,
which is shown to have the typical convergence rate of a gradient method.

In contrast to [1], we have not touched the crucial theoretical question of convergence rates in terms of
unknowns. One would like to ensure that the parameter error f(x)) — f(«*) behaves like N, *, where NN},
is the sum of dimensions of all finite element spaces used up to iteration k, and s > 0 is any possible rate.

Further possible extensions are the generalization to adaptive step-sizes and the incomplete solution
of the discrete state equation. Adaptive step-sizes are important to treat nonlinearities that are only lo-
cally Lipschitz-continuous [10], and avoid the explicit knowledge of a Lipschitz-constant. Although the
presented algorithm avoids solution of the optimization problem on each finite element space, it supposes
solution of the nonlinear state equation. This seems to be unsatisfactory from a practical point of view,
where one would like to be able to do a single linearization step. By including the residual of the non-
linear equation into the estimator, it seems to possible to generalize the perturbed gradient method in this
direction.
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