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ONLINE LOCAL VOLATILITY CALIBRATION BY
CONVEX REGULARIZATION

Vinicius Albani, Jorge P. Zubelli

We address the inverse problem of local volatility surface calibration from
market given option prices. We integrate the ever-increasing flow of option
price information into the well-accepted local volatility model of Dupire. This
leads to considering both the local volatility surfaces and their corresponding
prices as indexed by the observed underlying stock price as time goes by in
appropriate function spaces. The resulting parameter to data map is defined
in appropriate Bochner-Sobolev spaces. Under this framework, we prove key
regularity properties. This enables us to build a calibration technique that
combines online methods with convex Tikhonov regularization tools. Such
procedure is used to solve the inverse problem of local volatility identifi-
cation. As a result, we prove convergence rates with respect to noise and a
corresponding discrepancy-based choice for the regularization parameter. We
conclude by illustrating the theoretical results by means of numerical tests.

1. INTRODUCTION

A number of interesting problems in nonlinear analysis are motivated by
questions from mathematical finance. Among those problems, the robust identifi-
cation of the variable diffusion coefficient that appears in Dupire’s local volatility
model [9, 14] presents substantial difficulties for its nonlinearity and ill-posedness.
In previous works tools from Convex Analysis and Inverse Problem theory have
been used to address this problem. See [7] and references therein.

In this work, we incorporate the fact that as time evolves more data is avail-
able for the identification of Dupire’s volatility surface. Thus we develop an online
approach to the ill-posed problem of the local volatility surface calibration. Such
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surface is characterized by a non-negative two-variable function o = o(7, K) of the
time to expiration 7 and the strike price K.

In what follows, we consider that the local volatility surfaces are indexed by
the observed underlying asset price Sp. The reason for that stems from the fact
that if we try to use information of prices observed on different dates, there is no
financial or economical reason for the volatility surface to stay exactly the same.
Thus, in principle we may have different volatility surfaces, although such change
may be small.

Let us quickly review the standard Black-Scholes setting and Dupire’s local
volatility model. Recall that an option or derivative is a contract whose value
depends on the value of an underlying stock or index. Perhaps the most well
known derivative is a European call option, where the holder has the right (but
not the obligation) to buy the underlying at time ¢ = T for a strike value K. We
shall denote the stochastic process defining such underlying S(t) = S(¢,w), where
as usual we assume that it is an adapted stochastic process on a suitable filtered
probability space (2, % ,F,P), where F = {FF; };cr is a filtration [18].

It is well known [9, 14, 18] that, by setting the current time as ¢ = 0, the
value C of a European call option with strike K and expiration T = 7 satisfies:

L9C 1, 2 PC 00
S+ 50 (KK 5 —bK e = 0 >0, K>0
(1) C(T :O,K) = (SO —K)+, for K > 0,
lim C(r,K) = 0, for 7> 0,
K—+o00
lim C(r,K) = So, for 7>0
K—0+

where b is the difference between the continuously compounded interest and divi-
dend rates of the underlying asset. In what follows, we assume that such quantities
are constant. Defining the diffusion parameter a(7, K) = o(7, K)?/2, Problem (1)
leads to the following parameter to solution map:

F:D(F)CX — Y
a€ DF) — Fa)=Ce€Y

where X and Y are Hilbert spaces to be properly defined below. D(F') is the domain
of the parameter to solution map (not necessarily dense in X) and C = C(a, 1, K)
is the solution of Problem (1) with diffusion parameter a.

The inverse problem of local volatility calibration, as it was tackled in previous
works [5, 6, 7, 10], consists in given option prices C, find an element a of D(F)
such that F(a) = C in the least-square sense below. Indeed, the operator F is
compact and weakly closed. Thus, this inverse problem is ill-posed. In [5, 6, 7, 10]
different aspects of the Tikhonov regularization were analyzed. In our case, it is
characterized by the following: Find an element of

argmin {||F(a) — C||} + afs,(a)} subject to a € D(F) C X,
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where f,, is a weakly lower semi-continuous convex coercive functional. The analy-
sis presented in [5, 6, 7, 10] was based on an a priori choice of the regularization
parameter with convex regularization tools.

In contrast, in the present work we explore the dependence of the local volatil-
ity surface on the observed asset price in order to incorporate different option price
surfaces in the same procedure of Tikhonov regularization. More precisely, we
consider the map

U:DU) CcX — Y
Ae D(Z/I) — U(A) 1S e [Smimsmax] — 0(570’(5))

where C(S, A(S)) is the solution of (1) with Sy = S and 02/2 = a(S). Moreover,
A maps S € [Smin, Smax] to a(S) € D(F) in a well-behaved way.

In this context the inverse problem becomes the following: Given a family of
option prices C € Y, find A € D(U) such that U(A) = C. We shall see that the
operator U is also compact and weakly closed. Thus, this problem is also ill-posed.
The corresponding regularized problem is defined by the following:

Find an element of

Stnax
argmin {/S | F(a(S)) —C(9)|3 dS + ozfAO(.A)} subject to A € D(U).

min

The article is organized as follows.

In Section 2, we present the setting of the direct problem. In Section 3, we define
properly the forward operator and prove some key regularity properties that are
important in the analysis of the inverse problem. This is done in Theorem 1 and
Propositions 4, 5, 6 and 7. That way, we extend the local volatility calibration
problem to local volatility families. In Section 4, we tie up the inverse problem
with convex Tikhonov regularization under an a priori choice of the regularization
parameter. This framework generalizes in a nontrivial way the structure used in
previous works [5, 6, 7, 10] since it requires the introduction of more tools, in
particular that of Bochner spaces. In this setting, we develop a convergence analysis
in a general context, based on convex regularization tools, see [22]. The convergence
of the regularized solutions to the true one, with respect to § — 0, is stated in
Theorem 2. In Section 5 we establish the Morozov discrepancy principle for the
present problem with convergence rates. This is done in Theorems 3 and 4, and it
allows us to find the regularization parameter appropriately for the present problem.
See [3, 20]. Illustrative numerical tests are presented in Section 6.

2. PRELIMINARIES

We start by setting the so-called direct problem. It is based on the pricing of
European call options by a generalization of the Black-Scholes-Merton model.
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Performing the change of variables y := log(K/Sp) and 7 := T on the
Cauchy problem (1) and defining w(So, 7,y) := C(So, 7, S0e¥) and a(Sy, 7,y) =

%0’2(50,7', SoeY), it follows that u(So, 7,y) satisfies

ou 0%u  Ou ou
2) u(t=0,y) = So(1—e¥)", for yeR,
lir+n u(r,y) = 0, for 7 >0,
yg) oo
Hm u(r,y) = So, for 7> 0.
Yy—r—00

Note that, o0 and a are assumed strictly positive and are related by a smooth
bijection (since o > 0). Thus, in what follows we shall work only with the local
variance a instead of volatility o. This simplifies the analysis that follows.

Denote by D := (0,T) x R the set where problem (2) is defined. From
[10] we know that (2) has a unique solution in W;fo (D), the space of functions
u: (1,y) € D — u(r,y) € R such that, it has locally squared integrable weak
derivatives up to order one in 7 and up to order two in y.

We now define the set where the diffusion parameter a lives. For fixed € > 0,
take scalar constants ai,as € R such that 0 < a1 < as < +o0 and a fixed function
ap € H'™¢(D), with ag < a < a;. Define

(3) Q:={acay+H"™(D):a; <a<ay}

Note that @ is weakly closed and has nonempty interior under the standard topol-
ogy of H*2(D). See the first two chapters of [6, 7] and references therein.

3. THE FORWARD OPERATOR

Since we assume that the local variance surface is dependent on the current
price, we have to introduce proper spaces for the analysis of the problem. As it
turns out, we have to make use of Bochner integral techniques. See [13, 21, 27].
The main reference for this section is [16].

We start with some definitions. Given a time interval, say [0, 7], the realized
prices S(t) vary within [Smin, Smax|. After reordering S(t) in ascending order, we
perform the change of variables s = S(t) — Spin, denote S = Siax — Smin. Thus
s € [0, S]. Hence, for each s, we denote a(s) := a(s,7,y) the local variance surface
corresponding to s.

Definition 1. Given A € L?

(0,8, H'*¢(D)), with A : s — a(s) (see [27]), we
define its Fourier series A = {a(

) kez by
) 0

A 5 : 1 .
a(k) := g/o a(s) exp(—iksm/S)ds + 35/ a(—s) exp(—iksmt/S)ds.
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It is well defined, since {s — a(s)exp(—iks2w/S)} is weakly measurable and
L*(0,S, H'*¢(D)) c L'(0,S, H'*¢(D)) by the Cauchy-Schwartz inequality.
We now define a class of Bochner-type Sobolev spaces:

Definition 2. Let H*(0,S, H'*4(D)) be the space of A € L?(0,S, H'*4(D)), such
that
IAlle =Y (1 + kI la k)| Fe ) < o0,
kEZ
where H'*¢(D)c = H5(D)@iH'* ¢(D) is the complexification of H*¢(D). More-
over, H*(0, S, H'*¢(D)) is a Hilbert space with the inner product

(A, Ay =y (1 + k) {a(k), @(k)) v ().

kEZ

Proposition 1. [16, Lemma 3.2] For ¢ > 1/2, each A € H*(0, S, H*¢(D)) has a
continuous representative and the map i, : H*(0, S, H**¢(D)) — C(0, S, H'*¢(D))
is continuous (bounded). Moreover, we have the estimate

- 1/2
1
(4) sup lu(s)ll i+ (py < U”l(QZ (1+k‘5)2> '

s€[0,5] k=0

Defining the application (A, x)gr+epy := {s — (a(s),x)} for each x in H'* (D)
and A in HY(0, S, H'*¢(D)), it follows that (A, T) fi+e(py s an element of H[0, 9]
and the inequality [|(A, ) grve Dyl aejo,s) < Allellz| gi+=(py holds. Moreover, for
every A,B € L*(0,5, H'T¢(D)), we have the identity

(A, B) 20,511+ (py) = »_{a(k), b(k)) fri+e(p)..-

kEZ

Lemma 1. Assume that £ > 1/2. If the sequence { Ay }nen converges weakly to A
in H'(0,S, H'*2(D)), then, the sequence {ay(s)}ren weakly converges to a(s) in
H'*e(D) for every s € [0, S].

Proof. Take a {A,}nen and A as above. We want to show that, given a weak
zero neighborhood U of H'*¢(D), then for a sufficiently large n, a,(s) — a(s) € U
for every s € [0, 9]. A weak zero neighborhood U of H'*¢(D) is defined by a set of
ai,...,ax € H'7¥(D) and an € > 0 such that g € H'*¢(D) is an element of U if
maxg=1,...x [(g, )| <e€.

Since the immersion H¢[0,S] < C([0,S]) is compact and H*[0, 3] is reflex-
ive, it follows that each weak zero neighborhood of H*[0, 5] is a zero neighbor-
hood of C([0, S]). Furthermore, from Proposition 1 we know that (A, &) g1+<(p) €
H*[0, 5] with its norm bounded by |l All¢||a| fr1+¢(py, for every n € N and a €
H'*2(D). Thus, we take the smallest closed ball centered at zero, B, which con-
tains <./2(, Oék»>H1+5(D) with £ = 1,..., K and every <An,ak>H1+5(D) with n € N
and k = 1,..., K. Therefore, choosing ¢ > 0 as above, it is true that for each k =
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1,...,K, there are fr1,..., fxm(k) € H'[0,5] and my, > 0, such that || f||co,s)) < €
for every f € B with max,,—1 . ak) [(f, fr,m)| < nr. Hence, we define Cy,, :=
k@ frm € H(0,S, H'¢(D))* and the weak zero neighborhood A = NK_, A of
HY(0, 5, H'*¢(D)) with

Ay :={A € H0,S, H (D)) : [(A,Crm)| <mg, m=1,...,M(k)}.

As A is a weak zero neighborhood of H*(0,S, H'*¢(D)), it is true that for suffi-
ciently large n, A, — A € A, which implies that a,(s) —a(s) € U for every s € [0, 5],
i.e., {an(s)}nen weakly converges to a(s) for every s € [0, S]. O

Define the set Q := {A € H(0,S, H'*5(D)) : a(s) € Q, Vs € [0,9]}, i.e.,
each A in 9 is the map A : s € [0,5] — a(s) € @. Note that 9 is the space of
Q-valued paths, with @ defined in (3).

Proposition 2. For{ > 1/2, the set Q is weakly closed and its interior is nonempty
in H*(0,S, H'*¢(D)).

Proof. By Lemma 1 and the fact that @ is weakly closed it follows that £ is weakly
closed. The interior of Q is nonempty since the inclusion H*(0,S, H'*¢(D)) «
C(0,S, H'*¢(D)) is continuous and bounded. Note that, given € > 0, it follows
that A = {s — a(s)} with a+ ¢ < a(s) < a+ e for every s € [0, ] is in the interior
of Q. O

We stress that, in what follows, we always assume that £ > 1/2, since it is
enough to state our results concerning regularity aspects of the forward operator.

We define below the forward operator, that associates each family of local
variance surfaces to the corresponding family of option price surfaces, determined
by the Cauchy problem (2). Thus, for a given ag € Q we define:

U:Q — L*0,8,W,*(D)),
A — UA) :5€[0,5] = F(s,a(s)) € Wy *(D),

where [U(A)](s) = F(s,a(s)) := u(s,a(s)) — u(s,ap) and u(s,a) is the solution of
the Cauchy problem (2) with local variance a. The following results state some reg-
ularity properties concerning the forward operator. See [7] and references therein.

Proposition 3. The operator F : [0, 5] x Q —s W,*(D) is continuous and com-
pact. Moreover, it 1s sequentially weakly continuous and weakly closed.

We define below the concept of Frechét equi-differentiability for a family of
operators.

Definition 3. We call a family of operators {F, : Q — Wy2(D)| s €[0,5]}
Frechét equi-differentiable, if for all a € Q and ¢ > 0, there is a 6 > 0, such that

sup | Fe(a@+ h) — Fs(@) — Fo(a)h|| < ef|h]],
s€[0,5]

for ||h]| gri+e(py < 0 and Fi(a) the Frechét derivative of Fs(-) at a.
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Using this concept, we have the following proposition.

Proposition 4. The family of operators {F(s,-) : Q — Wy*(D)| s € [0,5]} is
Frechét equi-differentiable.

Proof. Given a € Q and € > 0, define w = F(s,a+ h) — F(s,a) — 0,F (s, a)h, it is
equivalent to w = u(s,a + h) — u(s,a) — O,u(s,a)h. We denote v := u(s,a + h) —
u(s,a). Thus, by linearity w satisfies

—wr + a(wyy — wy) + bwy = h(vyy —vy),

with homogeneous boundary condition. Such problem does not depend on s, as
@ is independent of s. From the proof of Proposition 3 (see also [10]), we have
||w||W21,2(D) < C||hHL2(D)||v||W21,2(D). By the continuity of the operator F, given
€ > 0 we can chose h € H'™(D) with ||h| g1+=(p)y < 6, such that Hv||W21,2(D) <e/C
and thus the assertion follows. O

The following theorem is the principal result of this section, since it states
some properties that are at the core of the inverse problem analysis [12, 22]. The
proof is presented in Appendix.

Theorem 1. The forward operator U : Q —s L2(0,S, W, *(D)) is well defined,
continuous and compact. Moreover, it is sequentially weakly continuous and weakly
closed.

The next result states necessary conditions for the convergence analysis, see
[12, 22]. Tts proof can be found in Appendix.

Proposition 5. The operator U(-) admits a one sided derivative at A € Q in the
direction H, such that A+ H € Q. The derivative U'(A) satisfies

Hu’(ﬂ)ﬁ\

< H € .
L2(0,5, W22 (D)) — cllHl mreco,5,m1+¢ (D))

Moreover, U'(A) satisfies the Lipschitz condition

Hu’(ﬂ) —U'(A+ H)HL( < Y H| #reco,5,m51+< (D))

HY(0,8,H+¢(D)),L2(0,8,W3*(D)))

for all /T,?-l € 9 such that j,j—i-?-l e N.
The following result is a consequence of the compactness of U(-).

Proposition 6. The Frechét derivative of the operator U(+) is injective and com-
pact.
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Proof. Take H € ker (U/ (VZ)) Thus, from the proof of Proposition 5, we have
h(s) - (uyy — uy) = 0. However, for each s, G = uy, — u, is the solution of

{ 0.G = % (02, — 8,) (a(s)G + bG)
G ‘7':0 = 6(y) )

i.e., G is the Green’s function of the Cauchy problem above. Thus, G > 0 for every
y,7 > 0 and s € [0, S]. Therefore h(t) = 0. Since this holds for every s € [0, S], then
the result follows. O

We now make use of the bounded embedding of the space L2(0, S, W,?(D))
into the space L?(0,5, L?(D)), since it implies that U satisfies the same results
presented above with L2(0, S, L?(D)) instead of L2(0, S, W,?(D)). Thus, we char-
acterize the range of U’(A) as a subset of L?(0, 5, L?(D)) and the range of U’(A)*
as a subset of H*(0,S, H'*¢(D)) in order to proceed in Section 4 the convergence
analysis.

Proposition 7. The operator U'(A")* has a trivial kernel.

Proof. For simplicity take b = 0. Denote by £ := —0; + a(dyy — 9,) the parabolic
operator of Equation (2) with homogeneous boundary condition and G,,, ., the
multiplication operator by w,, —u,. Thus, for each s € [0, S], we have d,u(s, a(s)) =
E‘lguyy,uy, where £7! is the left inverse of £ with null boundary conditions. By

definition of U'(A)* : L(0, S, L2(D)) — H*(0, S, H'*¢(D)), we have,

AR 2Z) | = @) s o),

VM € H0,S, H**(D)) and V Z € L2(0, S, L*(D)), with ® = 1'(A)*Z. Thus,

given any Z € ker (L{/(A)*) , it follows that

~ S
0= <u/(A)H,Z> o) :/0 <£*1guyy_uyh(s),z(s))LQ(D) ds

L2(0,8,L2
s

s
= /O (Guyy—u, h(s), [5_1]*Z(S)>L2(D) ds = /0 <guyy,uyh(s),g(s)>L2(D) ds,
where g is a solution of the adjoint equation

gr + (ag)yy + (ag)y = 2

for each s € [0, 9], with homogeneous boundary conditions. Since z(t) € L?(D), we
have that g(s) € H'*¢(D) (see [19]) and g € L? (0, S, H*™¢(D)) . Since G > 0, from
the proof of Proposition 6 and the fact that h € H*(0, S, H'*¢(D)) is arbitrary, it
follows that g = 0. Therefore Z = 0 almost everywhere in s € [0, S]. It yields that
ker (U'(a)*) = {0}.
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REMARK 1. From the last proposition it follows that
ker{U/(A)} = {0} = R { (w(ﬁ))*} = H'(0, S, H'"*(D)).

In other words, the range of the adjoint operator of the Frechét derivative of the forward
operator U at A is dense in H*(0, S, H*¢(D)).

We present below the tangential cone condition for . It follows almost di-
rectly by the above results and Theorem 1.4.2 from [6]. See also [8].

Proposition 8. The map U(-) satisfies the local tangential cone condition

) — U A) U (DA - A

oy 57 Huuo —U(X)j

L2(0,8,W23( L2(0,5,W; (D))

for all A, A in a ball B(A*, p) C Q with some p >0 and y < 1/2.

As a corollary we have the following result:

Corollary 1. The operator U is injective.

4. THE INVERSE PROBLEM

Following the notation of Section 3, we want to define a precise and robust
way of relating each family of European option price surfaces to the corresponding
family of local volatility surfaces, both parameterized by the underlying stock price.
We first present an analysis of existence and stability of regularized solutions, then
we establish some convergence rates. We also prove Morozov’s discrepancy principle
for the present problem with the same convergence rates.

The inverse problem of local volatility calibration can be restated as:

Given a family of Furopean call option price surfaces U= {s = a(s)} in the space
L%(0, S, L?(D)), find the correspondent family of local variance surfaces AT = {s —
at(s)} € Q, satisfying

(5) U =U(AH.

In what follows we assume that for a given data u , the inverse problem (5) has
always a unique solution .Alin £. Such uniqueness follows by the forward operator
being injective. Note that, U is noiseless, i.e., is known without uncertainties. This
is an idealized situation, thus, to be more realistic, we assume that we can only
observe corrupted data U?, satisfying a perturbed version of (5),

(6) U =U+E=UAT+E

where £ = {s — E(s)} compiles all the uncertainties associated to this problem
and U is the unobservable noiseless data. We assume further that, the norm of £
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is bounded by the noise level § > 0. Moreover, for each s € [0,.S], we assume that
IE(s)|| < d/S. These hypotheses imply that

(7) ”ué_szLz(O,S,L?(D)) <4 and ||u5(8)—ﬂ(s)||L2(D) < 4/S for every s € [0, S].

Proposition 1 gives that U(+) is compact, implying that the associated inverse prob-
lem is ill-posed. It means that such inverse problem cannot be solved directly in a
stable way. Hence, we must apply regularization techniques. This, roughly speak-
ing, relies on stating the original problem under a more robust setting. More
specifically, instead of looking for an A° € Q satisfying (6), we shall search for an
A? € Q minimizing the Tikhonov functional

8) FY o(A) = U~ UA)|2a0.5.02(py) + @fao(A).

The functional f 4, has the goal of stabilizing the inverse problem and allows
us to incorporate a priori information through Aj.

We shall see later that, the minimizers of (8) are approximations for the
solution of (5).

In order to guarantee the existence of stable minimizers for the functional
(8), we assume that fa, : Q — [0,00] is convex, coercive and weakly lower semi-
continuous. A classical reference on convex analysis is [11]. Note that, these
assumptions are not too restrictive, since they are fulfilled by a large class of func-
tionals on H®(0, S, H'T¢(D)). A canonical example is

Fao(A) = 1A = AollFre0.5,m1++ (D))

which leads us to the classical Tikhonov regularization.

Recall that U is weakly continuous and £ is weakly closed. Combining that
with the required properties of f 4, we can apply [22, Theorem 3.22], which gives for
a fixed U° € L*(0, S, L?(D)) the existence of at least one element of Q minimizing

f%ia(-), the functional defined in (8).
For the sake of completeness, we present the definition of stability of a mini-
mizer:

Definition 4 (Stability). If A is a minimizer of (8) with data U, then it is called
stable if for every sequence {Uy, }ren C L2(0, S, I/Vzl’2 (D)) converging strongly to U,
the sequence {Ax}ren C Q of minimizers of f%jja() has a subsequence converging
weakly to A

Then, by [22, Theorem 3.23], it follows that the minimizers of (8) are stable
in the sense of Definition 4.
By [22, Theorem 3.26], when the noise level § and the regularization parameter
a = «(d) vanish, we can find a sequence of minimizers of (8) converging weakly to
the solution of (5). In other words, the minimizers of (5) are indeed approximations
of the family of true local volatility surfaces. In addition, as one interpretation of
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this theorem, we can say that the smaller the noise level ¢ is, if the regularization
parameter « is properly chosen, the less dependent on the regularization functional
and the a priori information the Tikhonov minimizers are.

Making use of convex regularization tools, we provide some convergence rates
with respect to the noise level. In order to do that, we need some abstract concepts,
as the Bregman distance related to fa,, g-coerciveness and the source condition
related to operator U. Such ideas were also used in [5, 6, 7, 10], but here they are
extended to the context of online local volatility calibration. For the definitions of
Bregman distance and g-coerciveness see Appendix.

In what follows we always assume that (5) has a (unique) solution which is
an element of the Bregman domain Dp(f4,).

Before stating the result about convergence rates, we need the following aux-
iliary lemma, which introduces the so-called source condition. For a review on
Convex Regularization, see [22, Chapter 3].

Lemma 2. For every &' € 0f,(A"), there exists w! € L%(0,5,L?(D)) and & €
HY(0,S, H'**(D)) such that &' = | ’(.,élJf)]*auJr + & holds. Moreover, & can be
chosen such that ||| ge(o,s,m1+<(py) s arbitrarily small.

Lemma 2 follows by R(U'(A")*) being dense in H*(0, S, H'*¢(D)). See Pro-
position 7 in Section 3. Observe also that, we identify L?(0,S,L?(D))* and
HY(0,8, H'*¢(D))* with L?(0, S, L?(D)) and H*(0, S, H'**(D)), respectively, since
they are Hilbert spaces.

Theorem 2 (Convergence Rates). Assume that (5) has a (unique) solution. Let
the map « : (0,00) — (0,00) be such that «(d) = § as § \, 0. Furthermore, assume
that the convex functional fa,(-) is also g-coercive with constant ¢, with respect to
the norm of H*(0,S, H*¢(D)). Then under the source condition of Lemma 2 it
follows that

Dei (A, AT) = 0(8)  and  |U(AS) —U°|| = O(S).
Proof. Let A" and A2 denote the solution of (5) and the minimizer of (8), respec-
tively. It follows that, |[U/(AS) —U’||? + afa, (A%) < [U(AT) —UO |12 + afa, (AT) <
6% + afAO(.AT).
Since, Dgi (A%, AT) = f4,(AS) — fa,(AT) — (7, A% — AT), it follows by Lemma 2
and the above estimate that,

et (A%) = U°|I? + aDgi (A2, AT) < 62 — a((wh, U/ (AT) (A — AT) + (&, 4, — AT)).

By Proposition 8, it follows that |[{w, U’ (AN (A% — AN < (1 + ) ||wt|||JU(AS) —
UAD|| < 1+ w8+ [U(A) —U°). Thus, [UAD) —U°|?+aDgi (A2, AT) <
0% + a1+ )| l|(6 + [U(AL) —U[l) + ]| ]| - [ A% — AT
Since ||&|| is arbitrarily small, it follows that, (( —||&|)/¢ > 0. Moreover, since f4,
is g-coercive with constant ( we divide the estimates in two cases, when ¢ = 1 and
q > 1. For the case ¢ = 1, the above inequalities imply that,

(It (A2) U | =a(1+7) [w'[l/2)* +a(1-1/¢[|€]]) Det (A2, AT) < (6+a(l+y)wil])?
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Hence, the assertions follow. For the case ¢ > 1, we denote 8; = ||&||/¢ and we
have that,

a(Der (AL A7 < 2Ly L (43, 0.

Thus, assuming that 8; = O(6/9), we have the estimate:

1+ 2 -1
© (I ~ul = a5 wl]) + o= Dei (AL, AT) <
q
(3 +a(l+ )l )? +al,

and the assertions follow. O

Note that the rates obtained in Theorem 2 state that, in some sense, the
distance between the true local variance and the Tikhonov solution is of order
O(6). This can be seen as a measure of the reliability of Tikhonov minimizers for
this specific example.

5. MOROZOV’S PRINCIPLE

We now establish a relaxed version of Morozov’s discrepancy principle for the
specific problem under consideration [20]. This is one of the most reliable ways of
finding the regularization parameter a as a function of the data 2/° and the noise
level 4. Intuitively, the regularized solution should not fit the data more accurately
than the noise level. We remark that this statement does not follow immediately
because, the parameter now has to be chosen as a function of the noise level § and
the data U°. Thus, it is necessary to prove that such functional in fact satisfies the
required criteria to achieve the desired convergence rates.

From Equation (7), it follows that any A € Q satisfying

(10) U~ U] < s

could be an approximate solution for (5). If A2 is a minimizer of (8), then Mo-
rozov’s discrepancy principle says that the regularization parameter o should be
chosen through the condition

(11) U(AL) =1 = 5

whenever it is possible. In other words, the regularized solution should not satisfy
the data more accurately than up to the noise level.

Since the identity (11) is restrictive, in what follows we combine two strate-
gies. The first one is the relaxed Morozov’s discrepancy principle studied in [3].
The second one is the sequential discrepancy principle studied in [2].

Note that, in the analysis that follows, we also require that if f4,(A) =0
then A = Aj.
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Definition 5 ([3]). Let the noise level § > 0 and the data U° be fized. Define the
functionals

(12) L:Ac + L(A) = |U(A) —U°|| € Ry U{+o0},
(13) H: A +— H(A) = fa,(A) € Ry U{+o0},
(14) IiaeRy s I(a)=FY (A3) € Ry U{+oo}.

We also define the set containing all minimizers of the functional (8) for each fized
a € (0,00) as

My :={A% € Q:L(a}) < L(A), VA e H'(0,S,H(D))}.

Note that we have extended L(A) to be equal to |U(A) —U°|| when A € Q and to
be equal to +00 otherwise.

The first strategy above mentioned is defined as follows:

Definition 6 (Morozov Criteria). For prescribed 1 < 11 < T2, choose o = a(6,U°%)
such that o > 0 and

(15) 10 < JUAL) = U|| < 720
holds for some AS in M,,.

If the first is not possible, then we consider the following:

Definition 7 (Sequential Morozov Criteria). For prescribed T > 1, ag > 0 and
0 < g <1, choose oy, = q" oy such that the discrepancy

(16) lf(A2,) = U0 < 76 < JU(AL, ) — U

n—1

is satisfied for some n € N and some A%, € M, and A5, € M,

n—1°

It follows by [25, Lemma 2.6.1] that the functional H(-) is non-increasing and
the functionals L(-) and I(-) are non-decreasing with respect to « € (0,00) in the
following sense, if 0 < o < § then we have

sup L(A2)< inf L(A%), inf H(AY)> sup H(A3) and I(a) < I(B).
i HAD S ut DO, HA > sup HIAD) and 1(e) < 109

By [25, Lemma 2.6.3], the functional I(-) is continuous and the sets of dis-
continuities of L(-) and H(-) are at most countable and coincide. If we denote this
set by M, then L(-) and H(-) are continuous in (0, 00)\M.

Since the set M, is weakly closed for each a > 0, we have the following:

Lemma 3. For each @ > 0, there exist Ay, Ay € Mgz such that

L(A,) = AienAEIgL(A) and L(Az) = Aseu]BEL(A).
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Proposition 9. Let 1 < 11 < 73 be fived. Suppose that |U(Ay) —U’|| > m2d. Then,
we can find a, @ > 0, such that

L(A;) < 10 <1 < L(Az),
where Ay = A‘; and A = .A%.

Proof. First, let the sequence {a, }nen converge to 0. Then, we can find a sequence
{ A }nen with A, € M, for eachn € N. Now, let Af be an f4,-minimizing solution
of (6). Hence, it follows that L(A,)? < I(ay,) < ]:%jan (AT) < 62 + anfa, (AD).
Thus, for a sufficiently large n € N, L(A,)? < (716)2, since o, fa,(a’) — 0. Thus,
we can set « := «,, for this same n .

We now assume that «,, — oo. Taking A,, as before, we have the following

estimates H(A,) < ail(a”) < ai}"%é (Ag) = O%HU(AO) —U°|| = 0 whenever

0,%&n

n — oo. Thus, lim flo (Ap) = OT,L which implies that {An}nen converges weakly
n—oo

to Ap. Then, by the weak continuity of U(-) and the lower semi-continuity of the
norm, it follows that

[U(Ag) — U°|| < liminf [U(A,) — U],
n—r oo
which shows the existence of @, such that
L(.A%) > T90.

REMARK 2. For prescribed 1 < 71 < 72, the discrepancy principle (15) always works if we
assume that there is no o > 0 such that the minimizers Ay, A2 € M,, satisfy

(17) (A = U || < 716 < 26 < U (A2) = U

In other words, only one of the inequalities of the discrepancy principle (15) could be
violated by the minimizers associated to a. A sufficient condition for such assumption is
the uniqueness of Tikhonov minimizers which we are not able to prove for this specific
case. Thus, we have to introduce the sequential discrepancy principle (16) whenever the
condition (17) is violated. Note that the discrepancy principle (15) is always preferable
since its lower inequality implies that the Tikhonov minimizers satisfying (15) do not
reproduce noise. Whereas the same conclusion cannot be achieved with the sequential
discrepancy principle (16). See also [24, Remark 4.7] for another discussion about the
discrepancy principle (15).

Under the condition (17) and Proposition 9, by [3, Theorem 3.10] we can
always find a := a(8) > 0 and a Tikhonov minimizer A% € M,,, such that both the
inequalities of the discrepancy principle (15) are satisfied. Proposition 9 also implies
that the sequential discrepancy principle (16) is well posed. See [2, Lemma 2]. For
a convergence analysis under the sequential Morozov, see [17].

Theorem 3. Assume that the inverse problem (5) has a (unique) solution. If
condition (17) holds, then the reqularizing parameter a = a(8,U?) obtained through
Morozov’s discrepancy principle (15) satisfies the limits
62

lim a(5,U°) =0 and

lim ——— =0.
50+ 5g(r)l+ a(6,U°) 0
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The same limits hold if « is chosen through the sequential discrepancy principle
(16).

Proof. Let {6, }nen be a sequence such that d,, | 0 and let U be the noiseless data.
Thus, || —U" || < §,. In addition, recall that the inverse problem (5) has a unique
solution A" and then U(A") = U. We only prove the case where the choice of the
regularization parameter is based on the discrepancy principle (15). Very similar
arguments to the ones that follow show the theorem’s claim when the choice is
based on the sequential discrepancy principle (16). See [2, Theorem 1]. Thus, it is
straightforward to build diagonal convergent subsequences with elements satisfying
one of both strategies, in order to prove the limits above asserted.

Let av, := a(6,,U°" ) denote the regularizing parameter chosen through (15).
Thus, we denote by A, = .A‘S" its associated minimizer of (8) with respect to
n, o, and U, This deﬁnes the sequence {A, }nen, which is pre-compact by the
coerciveness of f4,. Choose a convergent subsequence denoting it by {Ax}ren and
its weak limit by A. We shall see that 4 = A" and thus the original sequence is
bounded and has the unique cluster point A'.

The weakly lower semi-continuity of [[t(-) — U| and f 4, implies that ||t (A) —
Uj < hm (T2 +1)0; = 0. Thus, A is a solution of the inverse problem (5), which

is unique, then A=Al
Since, for each k, Ay is a Tikhonov minimizer satisfying the discrepancy
principle (15), it follows by the weakly lower semi-continuity of f4, that

(18) fa (AT) < hmlnf fao(Ax) <limsup fa,(Ax) < fa, (AD).

k—o0

In other words, fa,(Axr) = fa,(A").

We now prove that a(d,U?) — 0. Assume that with respect to the sequence of
the beginning of the proof, there exist @ > 0 and a subsequence {ay, }ren such that
oy > @ for every k € N. Denote also by {Ay}ren a sequence of minimizers of (8)
with respect to g, ap and U% . Define further the sequence { Ay }xen of minimizers
of (8) with respect to &y, @ and U%. Since L in non-decreasing, by the discrepancy
principle (15),

(19) 4 (Ar) = U || < U (AR) = U || < 720 — 0

On the other hand, limsup@fa,(Ay) < @fa,(A"). By the coerciveness of fu,,

k—o0
the sequence has a convergent subsequence, denoted also by { Ay }ren, with limit
A € Q. Thus, by the estimates (18) and (19), the weakly lower semi-continuity of
[24(-)=U|| and f .4, , it follows that [|24(A)— Z/{H =0and fa,(A) < fa,(A"). Since the
inverse problem (5) has a unique solution, A = A" and thus f4,(Ax) — fa,(A").
On the other hand, A is a minimizer of ( ) with regularization parameter @ and
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the noiseless data Z] since for each A € 9Q, the following estimate hold:
A (A) = U|)* +afa,(A) < lim inf ([[24(A) — U || + @ fa (A))
= [lU(A) = U ||* + Tfa (A).
Since f 4, is convex, it follows that for every t € [0,1)

Fao (1= A+ tA0) < (1= ) fay (A) + tFa,(Ao) = (1 — ) £, (A).
Thus, @/, (A) < [U((L ~ /A + tAo) — U2 +@(L ~ £)f4,(A). This implies that

atfa,(A) < U1 — t)A+ tAy) — U|% Since U = U(A), by Proposition 5 with
H=Ay— A, afa,(A) < hm 1||Z/{(( 1—t)A+tAy) —U||? = 0. Therefore, f4,(A) =

0. But, by hypothesis, 1t could only hold if A = Ay, ie., AT = Ay. However,
U(Ao) —U?|| > 720. This is a contradiction. We conclude that a(8,4°) — 0 when
0 — 0.

In order to prove the second limit, consider again the subsequence { A }ren
converging weakly to A", the solution of the inverse problem (5), when d; | 0.
Thus, since for each k Ay satisfies the discrepancy principle (15) it follows that

7267 + apfa, (Ar) < 67 + ajfa,(AT). This implies that (77 — 1) J: < fa (AT —
fAO (Ak) — 0. O

The following theorem states that, if the regularization parameter « is chosen
through the discrepancy principle (15), we achieve the same convergence rates of
the Theorem 2.

Theorem 4. Assume that the inverse problem (5) has a (unique) solution. Suppose
that A% is a minimizer of (8) and o = «(8,U°) is chosen through the discrepancy
principle (15) or the sequential discrepancy principle (16). Then, by the source
condition of Lemma 2, we have the estimates

(20) lef(A2) —U(AY) | = O(8)  and  Dei(Ag, AT) = O(3),

with 1 € fa,(A"). The estimates are achieved whenever (15) is used.

Proof. Let A" be the solution of the inverse problem (5). If A% € M,, then, the
first estimate is trivial since |[U(AS) — U(AD)|| < (12 + 1)4.

If condition (17) holds, then by the first inequality of the discrepancy principle
(15), 7102 4+ afa, (A2) < 62 + afa, (A", implying that fa,(A2) < fa,(AD), since
71 — 1 > 0. Hence, for every &' € 0f4,(A") satisfying the source condition of

Lemma 2 and assuming that f4, is 1-coerciveness with constant ¢, we have the
estimates:

(21)  Dei (A, AT < [(€h, A, — AT = [/ (AT) Wl + €, A7 — AT
< Jlwtlfled (AT (A = AN+ (€114 — AT|
1
< (L) oIt (AQ) —U(AD)] + €N Der (A2, AN
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Since ¢T can be chosen with ||€|| arbitrarily small, it follows that 1 — 1/¢||€] > 0
and then, by (15),

Der (A8 A1) < S (L) [T IUCAD) —U(AD) | < 7

On the other hand, let « be given by the sequential discrepancy principle (16).
Since, aDg+ (A%, AT) < |U(AS) — U°||? + aDgr (A%, AT), then,

¢ t
1+ .l

2
Dt (A3, AT) < %+ (€, 47 — AT).

By the previous case, the second term in the right hand side of the above in-
equality has the order O(9). By Theorem 3 the first term also vanishes. Since 70 <

||U(Ai/q)—u5||, it follows that the first term is of order O (|f,4O (.Ai/q) — fa, (AT)|)

and | fa, (A, ) — fa, (AN < [(€F, 42, — AT)|. See [2, Proposition 10]. O

a/q a/q
As mentioned above, the above rates obtained in terms of Bregman dis-
tance state that, in some sense, the distance between the true local variance
and the Tikhonov solution is of order O(§). Under a more practical perspec-
tive, consider f4,(A) = | A — AOH?N(O,S,HHE(D))- In this case, it follows that
A2, — ATl geo,5, 11+ (py) = O(6'/2). In addition, if £ > 1/2 in H*(0, S, H'*¢(D)),
it follows by the inequality (4) that

SFPS] lad(s) — aT(S)HH“rE(D) <O A - ATHH@(O,S,HHE(D))-
s€|o,

Thus, the convergence rates also follows uniformly in s and imply the convergence
rates obtained in previous works, such as [7, 10, 5]. This can be understood as
the online solution is at least as good as the solution obtained in the standard case,
i.e., the Tikhonov minimizers with only one price surface.

REMARK 3. For f4, g-coercive with ¢ > 1, a reasoning as the one used in Equation (21),
gives that

Dt (Ad, AT) < B1(Der (An, ANV + B2 [U(AL) — U(A)|
1
< Ly D (Al 0) + BallU(AL) (AT
Assume further that 81 = O(5'/9). Since |[U(AS) — U(AN)|| = O(5), it follows that

143 — AT < %DE(AZ,A*) = 0().

6. NUMERICAL RESULTS

We first perform tests with synthetic data for testing accuracy and advantages
of the methods. Then, we present some examples with observed market prices.
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We note that Problem (2) is solved by a Crank-Nicolson scheme [1, Chapter
5]. Since we shall use a gradient-based method to solve numerically the minimiza-
tion of the Tikhonov functional (8). Let J°(A) and V.J?(A) denote the quadratic
residual and its gradient, respectively. More precisely, the residual is given by

s
JO(A) == |U(A) —U‘SHiQ(O’S’LQ(D)) = [, IIF(s,a(s)) — u‘S(S)H%Q(D)dS and the gra-
dient is given by

(22) (VI°(A), H) preo,s,m1+(py) = 20UA) = U, U (AVH) 12(0,5,12(D))

s
=2 [ [ oty = u ) h(O)s,a(s)) Hr i dy s,
0
where, for each s € [0, 5], v is the solution of equation,
(23) 0r + (@v)yy + (a0), + b, = u(s,a) — u(s)

with homogeneous boundary condition. Note that, V. = {V : s — v(s)} is an
element of L2(0, S, W, *(D)). We also numerically solve Problem (23) by a Crank-
Nicolson scheme. See [1, Chapter 5].

In the following examples we assume that ¢ = 1 in H%(0, 5, H'*¢(D)) and
the regularization functional is f4,(A) = || A — A0||%4(0’37H1+5(D)) with € = 0.

6.1. Examples with Synthetic Data

Consider the following local volatility surface:

(1 - ge_1/2(“_5)> cos(1.257z), (u,z) € (0,1] x [— 2 —],
a(s,u,x) = 5 5
otherwise.

)

(SN CRGTN )

We generate the data, i.e., evaluate the call prices with the above volatility, in
a very fine mesh. Then we add a zero-mean Gaussian noise with standard deviation
0 = 0.035, 0.01. We interpolate the resulting prices in coarser grids. This avoids a
so-called inverse crime [23].

In the present test, we assume that, » = 0.03, (7,y) € [0,1] x [-5,5]. We
generate the price data with step sizes A7 = 0.002 and Ay = 0.01. Then, we solve
the inverse problem with the step sizes A7 = 0.01, 0.005 and Ay = 0.1. We also
assume that the asset price is given by s € [29.5,32.5] with three different step
sizes, As = 0.25,0.1,0.01.
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In what follows, we refer to standard Tikhonov as the case when we con-
sider a single price surface in the Tikhonov regularization. Whereas, we use the
terminology “online” Tikhonov whenever we use more than one single price surface.

Noiseless

Volatilty

Tire to Maturity o %= log(KIS )

Volatilty

Time to Maturity

Solution, noise level = 0.024451%

¥ = log{KiSg)

Solution, noise level = 0.00081309%

Volatiity

Time to Maturity

¥ = log(K/S,)

Figure 1. Left: Original local volatility. Center: Reconstruction with noise level
6 = 0.035. Right: Reconstruction with 6 = 0.01. When the noise level decreases, the
reconstructions become more accurate.

Figure 1 shows reconstructions of the local volatility surface from price data with
different noise levels. In addition, we can see that, when the noise level decreases, by
refining the accuracy of the data, the resulting reconstructions become more similar
to the original local volatility surface. This is an illustration of the Theorems 2, 3

and 4.

SOLUTION, T =04, 8, =80.5

0dg—g
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Figure 2. Comparison between standard and online Tikhonov. As the number of price
surfaces increases, the reconstructions become more accurate.

In Figure 2, we can see that the online Tikhonov presents better solutions than
the standard one, as we increase the number of price surfaces in the calibration
procedure. Here, the regularization parameter was obtained through the Morozov’s

discrepancy principle.
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Figure 3 shows the evolution of the
L?(D) distance between the reconstructions
and the original local variance as a function

of the number of surfaces of call prices: it 085
is constant for standard Tikhonov and non- oap- B
increasing for online Tikhonov. 085
08
6.2. Examples with Market Data 2 s
We now present some reconstructions of e
the local volatility by online Tikhonov reg- 008
ularization from market prices. We solve O8] [ o st Tkhonow
the inverse problem with the step sizes ST 6 5 0w

Number of Surfaces

A7t = 0.01 and Ay = 0.1. The regular-
ization parameter is chosen through the
discrepancy principle (15).  We estimate
the noise level as half of the mean of the
bid-ask spread in market prices. The market
prices are interpolated linearly in the mesh
where the inverse problem is solved. In the
present example, we consider seven surfaces
of call prices in each experiment. The data
corresponds to vanilla option prices on futures of Light Sweet Crude Oil (WTI)
and Henry Hub natural gas. For a survey on commodity markets, see the book
[15]. For a study of an application of Dupire’s local volatility model on commodity
markets, see [1, Chapter 4]. Note that, in order to use the framework developed in
the previous sections, we assumed that, the local volatility is indexed by the unob-
servable spot price, instead of the future price. For more details on such examples,
see Chapters 4 and 5 of [1]. Figures 4 and 5 present the best reconstructions of
local volatility for WTI and HH data, respectively. We collected the data prices
for Henry Hub natural gas and WTT oil between 2011/11/16 and 2011/11/25, i.e.,
seven consecutive commercial days. We used online Tikhonov regularization with
the standard quadratic functional.

Figure 3. L? distance between
original local variance and its
reconstructions, as a function of
the number of price surfaces. it is
constant for standard Tikhonov
and non-increasing for on line
Tikhonov.

02 04
o0 04 02 0 06 04

02 0 02 04
Years to Maturity ¥ = log(KIS ) ¥ = log(KISy)

Figure 4. Local Volatility reconstruction from European vanilla options on futures of
WTT oil.
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- - el
y = log(K/S ) 1 Years to Maturity y= IOg(KlSD)

Figure 5. Local Volatility reconstruction from European vanilla options on futures of
Henry Hub natural gas.

7. CONCLUSION

In this paper we have used convex regularization tools to solve the inverse
problem associated to Dupire’s local volatility model when there is a steady flow of
data. We first established results concerning existence, stability and convergence of
the regularized solutions, making use of convex regularization tools and the regular-
ity of the forward operator. We also proved some convergence rates. Furthermore,
we established discrepancy-based choices of the regularization parameter, under a
general framework, following [3, 2]. Such analysis allowed us to implement the
algorithms and perform numerical tests.

The main contribution, vis a vis previous works, and in particular [7], is that
we extended the convex regularization techniques to incorporate the information
and data stream that is constantly supplied by the market. Furthermore, we have
proved discrepancy-based choices for the regularization parameter that are suitable
to this context with regularizing properties.

A natural extension of the current work is the application of these techniques
to the context of future markets, where the underlying asset is the future price of
some financial instrument or commodity. In such markets, vanilla options represent
a key instrument in hedging strategies of companies and in general they are far
more liquid than in equity markets. The warning here is that, in general, we do
not have an entire price surface. Actually in this case, we only have an option price
curve for each future’s maturity. Thus, in order to apply the techniques above to
this context, it is necessary to assembly all option prices for futures on the same
instrument (financial or commodity) in a unique surface in an appropriate way.
This was discussed in [1, Chapter 4] and will be published elsewhere.
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APPENDIX

In this appendix we collect technical results and definitions that were used in
the main body of the article. We also present proofs of two results from Section 3.

Bregman Distance and ¢-Coerciveness
The following definition is taken from [22, Definition 3.15].

Definition. Let X denote a Banach space and f : D(f) € X - RU oo be a
conver functional with sub-differential Of (x) in x € D(f). The Bregman distance
(or divergence) of f at x € D(f) and £ € 0f(x) C X* is defined by D¢(Z,z) =
f(@) = f(x)— (&, & —x), for every & € X, with (-,-) the dual product of X* and X.
Moreover, the set Dg(f) ={x € D(f) : 0f(x) # 0} is called the Bregman domain
of f.

We emphasize that the Bregman domain Dg(f) is dense in D(f) and the
interior of D(f) is a subset of Dg(f). The map & — D¢(Z, ) is convex, non-negative
and satisfies D¢(x, ) = 0. In addition, if f is strictly convex, then D¢(Z,2) = 0 if
and only if # = z. For a survey in Bregman distances see [4, Chapter I]. The notion
of g-coerciveness is defined as follow.

Definition. For 1 < ¢ < oo and x € D(f), the Bregman distance De¢(-,x) is said
to be g-coercive with constant ¢ > 0 if De(y,x) > Clly — z||% for every y € D(f).

Equicontinuity

Let X and Y be locally convex spaces. Fix the sets Bx € X and M C
C(Bx,Y). A set M is called equicontinuous on By if for every zgp € Bx and
every zero neighborhood, V' C Y there is a zero neighborhood U C X such that
G(zo) — G(x) € V for all G € M and all x € Bx with z — zg € U. Furthermore,
M is called uniformly equicontinuous if for every zero neighborhood V' C Y there
exists a zero neighborhood U C X such that G(xz) — G(2’) € V for all G € M and
all z,2’ € By with x — 2’ € U. The next technical result is from [16].

Proposition. Let F : [0,T] x Bx — Y be a function, and Bx, X and Y be as
above. If My := {F(t,-) : t € [0,T]} C C(Bx,Y), My := {F(-,z) : x € Bx} C
C([0,T),Y) and My (respectively Ms) is equicontinuous, then F is continuous.
Reciprocally, if F' is continuous, then My is equicontinuous and if additionally Bx
is compact, then My is equicontinuous, too.

Now we present proofs of two results from Section 3, that were omitted
therein.

Proof of Theorem 1

Well Posedness: Take an arbitrary Ae £, by the continuity of A (see Propo-
sition 1) and F, it follows that s — F'(s, a(s)) is continuous and then weakly measur-
able. Therefore, s — || F (s, a(S))HW21,2(D) is bounded, then U(A) € L2(0, S, Wy2(D)),
which asserts the well-posedness of U(-).
Continuity: As F :[0,5] x Q — VV21 2 (D) is continuous, it follows by Proposition
1 that the set {F(s,-)| s € [0,5]} € C(Q,W,*(D)) is uniformly equicontinuous,
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i.e., given € > 0, there is a § > 0 such that, for all a,a € @ satisfying ||a — al| < ¢,
we have that sup,cjo g [|[F'(s,a) — F(s,a)|| < e. Thus, given € > 0 and A Ae
such that sup,c(o g la(s) — a(s)||gi+<(py < d, then, by the uniform equicontinuity
of {F(s,-),s € [0, 5]}, it follows that

S
) =YD oy = [, 1 (s0(5) = Pl [y pyds < -5,

which asserts the continuity of U(-).
Compactness: It is sufficient to prove that, given an e > 0 and a sequence { A, } nenin

9 converging weakly to ./17 it follows that there exist an mo and a_weak zero
neighborhood U of H*(0,S, H'*¢(D)) such that for n > ng, A, — A € U and

[U(An) — U(A)HH(O,S,W;Q(D)) <€

Following the same arguments of the proof of Lemma 1, we can find a set
of functionals C,, ,, € H*(0, S, H*¢(D))*, defining such zero neighborhood U. We
first note that, since F' is weak continuous, it follows that, given an € > 0, there are
ai,...,ay € H¢(D) and 6 > 0, such that Supseo,s1 [1F(s,a) — F(s,a)|| <e€/S
for all a,a € B with

(24) max{|(a — @, an) gr+e(p)| : n=1,...,N} <0.

By Proposition 1, the estimate (A, a,)gi+<(p)y € H*[0, 5] holds with its norm
bounded by || All¢|lcn | gri+e(p)y. Then, there is a closed and bounded ball A C
H*[0, S] containing (A, Qn) ite(py, foralln =1,..., N, and A € B.

For n = 1,...,N and the same 6 > 0 of (24), there are fu1,..., fu m(n)
in H*[0, 5] and &, > 0 such that, ||f|lc(o,s) < 0 for every f € A satisfying the
estimate max,,—1. . ar(n) [{f, @n) m1+e(p)| < &n- Define Cyy n 1= 0y @ fr m, with n =
1,...,Nand m =1,...,M(n). It is an element of H*(0, S, H'*¢(D))*, where, for
cach A € H*(0, S, H' (D)), we have that (A, Cn.m)e = ((A, an) mri+e(pys frm) me[0,5]
and thus .

(A, Com)e = (14 [K|)*(@(k), an) mrve () frm (K).

kEZ

These functionals define a weak zero neighborhood U := N_, U,, with
Un:={A€ H (0,5, H'**(D)) : (A Crm)el <&, m=1,...,M(n)}.

Therefore, if {Ag}ren C B converges weakly to Ae B, then for a sufficient large k,
A — ./16 U and by the definition of U, we have that for each n =1,..., N, &, >
(A=A, Crm)el = [{({A = A, an) 42 (Dys frm) mejo,g)] for all m =1,..., M(n). By
the choice of the f, ,, € H*[0,S], it follows that |[{(A; — A, an) mi+e (D)l Hej0,5) < 0

forall n = 1,..., N, which implies that [|U(Ax) = U(A) 1205 wi2(py) < €S-
Weak Continuity: The weak continuity follows directly from the proof of compact-
ness, as we use the same framework, only changing the compactness of F, by the
weakly equicontinuity of {F(s,-) : s € [0,S]} on bounded subsets of Q.



266 Vinicius Albani, Jorge P. Zubelli

Weak Closedness: Just note that the set Q is weakly closed and the operator U(-)
is weakly continuous.

Proof of Proposition 5

By Proposition 4, the family of operators {F(s, ) : s € [0,5]} is Frechét
equi-differentiable. Take A,H € H*(0,S, H'*¢(D)), such that A, A + H e 0.
Then, define the one sided derivative of U(-) at A in the direction H as U'(A)H =

{s = 0,F(s,a(s))h(s)}, where for each s € [0, .S], dropping t to easy the notation,
0, F (s,a)h is the solution of

—vr + alvyy — vy) + bvy = h(uyy — uy)
with homogeneous boundary conditions and u = wu(s, a(s)). From Proposition 3
we have the estimate ||8aF(s,&(s))h(5)||W21,z(D) < Clh(s)l 22Dy lluyy (s, a(s)) —
uy(8,a(s))||z2(py- Note that, ||uy,(s,a) — uy(s,a)||2(p) is uniformly bounded in

[0, 5] x Q. Thus, U'(A)H is well defined and

2

(25) Hu’(ﬂ)%’

S
= a 2
12(0,5,W}"*(D)) 7/0 ”a‘lF(Sva(s))h(5)||W21,z(D)ds

S
< C/O 1P ()| 2Dy 1y (s, a(s)) =y (s, a(s))l| L2 (pyds

S
<e / 1A(8) 1132y ds = el Ml 2e 0.5, (o)

Therefore, U’(A) can be extended to a bounded linear operator from the space
HY(0, 8, H'"t<(D)) into L2(0, S, W,*(D)).
Let A, H,G € HY(0,S, H'+*(D)) be such that, 4, A+H, A+ G, A+H+G
are in Q. Define v := u(s, a(s) + h(s)) — u(s,a(s)). Thus,
w = Oau(s, a(s) + h(s))g(s) — dau(s, a(s))g(s)
satisfies

—wy + a(wyy —wy) = —g[vyy —vy] — h[(au(s, a+ h)g)y, — (Qau(s,a+h)g)yl,

with homogeneous boundary conditions (dropping the dependence on s). As above,
we have

2

s
_ 2
L2(0,5,W)2(D)) /0 ”wHWzl’z(D)ds

S
<o / 1905) 220 10 (5 (5)) — 0y (5, 3(5)) |22y s

(26) A+ 35 - u(A)g|

S
ter [ IR 10su(s.a(5) + () (3) g s

< CHHH?{“(O,S,HH%D))HQH?N(O,S,HH'E(D))’
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which yields the Lipschitz condition.
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