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In this paper, we revisit the original ideas of Stein and propose an es-
timator of the intensity parameter of a homogeneous Poisson point process
defined on R and observed on a bounded window. The procedure is based
on a new integration by parts formula for Poisson point processes. We show
that our Stein estimator outperforms the maximum likelihood estimator in
terms of mean squared error. In many practical situations, we obtain a gain
larger than 30%.

1. Introduction. Spatial point processes are stochastic processes modeling
points at random locations in arbitrary domains. General references on this topic
are Daley and Vere-Jones (2008), Mgller and Waagepetersen (2004), Stoyan,
Kendall and Mecke (1987) who cover theoretical as well as practical aspects.
Among all models, the reference is the Poisson point process, which models points
without any interaction. When the Poisson point process has a probability measure
invariant under translation, we say that it is stationary or homogeneous. In this
paper, we consider a homogeneous Poisson point process defined on R¢ and ob-
served through a bounded window W C R?. This point process is characterized
by the single intensity parameter 6 > 0, which is the mean number of points per
volume unit. It is well known that the maximum likelihood estimator of the pa-
rameter 0, defined as the ratio of the number of points lying in W divided by its
volume, is unbiased and efficient. In this work, we explain how to build super-
efficient and, therefore, biased estimators of 6 by revisiting the original ideas of
Stein.

Based on the pioneering works of Stein (1956) and James and Stein (1961),
Stein (1981) explained how to design a whole collection of estimators for the mean
wn of a p-dimensional Gaussian random vector X by using the famous Stein for-
mula for normal random variables: for any differentiable function g : R? — R
such that E||Vg(X)| < 400, the following integration by parts formula holds:

(L.1) E(Vg(X)) = E((X — )g(X)).
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Stein suggested to consider estimators of the form X + V log f (X) for positive and
sufficiently smooth functions f. For this class of estimators, he showed using (1.1)
that the mean squared error is related to the expectation of V2/F(X)//f(X)
thus providing an easy construction of estimators achieving a mean squared error
smaller than the one of the maximum likelihood estimator.

A close look at the methodology developed by Stein reveals the key role played
by the integration by parts formula (1.1), in which the involved differential operator
is the classical notion of derivative. This remark proved to be of prime importance
as these computations rely on the standard chain rule for the derivative operator
related to the integration by parts formula. Hence, to extend this methodology
to other frameworks, one first needs a derivative operator satisfying the classical
chain rule, and second an integration by parts formula for this operator. In the case
of Gaussian processes, these objects are defined by the Malliavin calculus and
Stein estimators have been proposed by Privault and Réveillac (2006, 2008).

Let us focus on the Poisson case. An integration by parts formula already exists
for functions of Poisson random variables. Let Y be a Poisson random variable
with parameter A and f a sufficiently integrable real valued function; then it is
known from Chen (1975) that E(Y f(Y)) = AE(f (Y + 1)). However, this formula
involves a discrete derivative operator which does not satisfy the standard chain
rule and which, therefore, cannot be used as the basement for designing new esti-
mators.

Integration by parts formulae for Poisson processes have a long history; see
Murr (2012), Privault (2009) for a recent review. The differences are explained by
the use of different concepts of differential operators. As already outlined, we ruled
out results based on the finite difference operator since it does not satisfy the chain
rule property. Two other classes of differential operators exist. The first one was de-
veloped by Albeverio, Kondratiev and Rockner (1996) and was further investigated
in different contexts; see Albeverio, Kondratiev and Rockner (1998), Rockner and
Schied (1999) or more recently Decreusefond, Joulin and Savy (2010). The sec-
ond class is based on the damped gradient, first introduced in the one-dimensional
case by Carlen and Pardoux (1990), Elliott and Tsoi (1993) and further developed
by Fang and Malliavin (1993), Prat and Privault (1999), Privault (2009), Privault
and Torrisi (2011). The main difference between these two classes is the space of
Poisson functionals used to derive the integration by parts formula (see Section 3.3
after our main result for more details). Note that links between these gradient op-
erators exist; see, for example, Prat and Privault (1999). The key ingredient to
develop a Stein estimator is to obtain an integration by parts formula of the form
E(VF)=E(F(N(W) — 0|W|)) where F is a Poisson functional, V is a gradi-
ent operator, N (W) measures the number of points falling into a bounded domain
W of RY, |W| = Jw du and 6 is the intensity parameter of a homogeneous Pois-
son point process. Before 2009, none of the integration by parts formula available
in the literature could be directly applied to get the required equation (see again
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Section 3.3). Privault and Réveillac (2009) reworked the differential operator pro-
posed by Carlen and Pardoux (1990) and managed to derive the desired equation
in the one-dimensional case, but their differential operator could not be extended
to spatial Poisson point processes. We aim at filling this gap in the present paper.

In Section 2, we design a differential operator for functionals of a spatial homo-
geneous Poisson point process, which satisfies the classical chain rule and further
leads to an integration by parts formula in Section 3. Sections 2 and 3 heavily
rely on the theory of closable and adjoint operators, which makes some of the
proofs become technical. We have decided to gather all these technicalities in the
Appendix to avoid being diverted from our main objective, namely devising su-
perefficient estimators on the Poisson space. Based on this integration by parts
formula and its related derivative operator, we propose in Section 4 a wide class
of Stein estimators and study their mean squared errors. In Section 5, we lead a
detailed numerical study of our Stein estimator in several realistic examples. In
particular, we explain how to pick in practice the estimator with minimum mean
squared error within a given class and in the one-dimensional case, we compare it
to the estimator proposed by Privault and Réveillac (2009).

2. Background and notation.

2.1. Some notation. Elements of R¥ are encoded as column vectors, that is, if
x €R? x = (x1,...,x4)" and we denote their Euclidean norms by [x[|?=x"Tx =
Zflzl xiz. Let W be a bounded open set of R“. For any k € N, the set CX(W, R?)
[resp., Cé‘(W, R”)] denotes the class of k-times continuously differentiable func-
tions defined on W with values in R” (resp., in a compact subset of R”). Let
f : W — R be a locally integrable function. A function 4 is said to be the weak

derivative on W of f w.r.t. x; if for any ¢ € Cg(W, R), we have

3
f h(x)(p(x)dx:—/ F 229 4,
w w 8x,~

When such a function % exists, it is unique a.e. and we denote it by df/dx; in the
sequel. When d = 1, we use the classical notation f’ to denote the weak derivative
of the function f. When all the weak partial derivatives of a real-valued and locally
integrable function f defined on W exist, we can define its weak gradient on W as

9 B T
(2.1 Vf(x) = (%(x),...,é(x)) Vx € RY.

d

For a locally integrable vector field V = (Vy, ..., V4) | defined from W into R¢
such that for all i, V; admits a weak partial derivative w.r.t. to x;, we define the
weak divergence of V on W as
d

aV;
(2.2) V-V =) —

i=1 0%

(x) Vx € RY.
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2.2. Poisson point processes on R?. For a countable subset x of RY, we de-
note by n(x) the number of elements in x. For any bounded Borel set B of R4,
xp stands for x N B and |B| stands for the Lebesgue measure of B. We de-
fine the set of locally finite configurations of points by N;f = {x C R? : n(xp) <
oo for all bounded sets B C R?}. We equip N, + with the o-algebra Ny = o ({x €
Nir :n(xp) =m}: B € Bo,m € N\ {0}) where By is the class of bounded Borel
sets of R?. Then a spatial point process X on R¢ is simply a measurable mapping
on some probability space (€2, F, P) with values in (N;y, ./\/lf).

Let W C R? be a compact set with positive Lebesgue measure |W| playing the
role of the observation window of X. We assume that W has a C> boundary, so that
the function x +— d(x, W¢) is also C? in a neighborhood of 0 W. We denote the
number of points in W by N(W) = n(Xy); a realization of Xy is of the form x =
{x1,...,x,} C W, for some 0 <n < oo. If n =0, then x = & is the empty point
pattern in W. For further background material and theoretical details on spatial
point process, see, for example, Daley and Vere-Jones (2003, 2008) and Mgller
and Waagepetersen (2004). Given N(W) = n, we denote by X1, ..., X, € W the
n location points.

In this paper, X is a homogeneous Poisson point process, defined on R, ob-
served in W and with intensity parameter 6 > 0. Remember that the distribution
of X is entirely characterized by the void probabilities P(X N B = @) = ¢~ ?I5I
for any bounded B C R4, The more standard properties are: (i) N(B) follows a
Poisson distribution with parameter 6|B| for any bounded B. (ii) For By, Ba, ...
disjoint sets of R?, N(B1), N(B»), ... are independent random variables. Another
characterization can be made using the generating function of X [see, e.g., Mgller
and Waagepetersen (2004)]: for any function /4 : R - [0, 1] setting exp(—o0) =0

E[]hrw= exp<—0 /Rd(l — h(u))du).

ueX

Let Fw be the o-field on 2 generated by the points of X on W. In the following,
we work on (2, Fw, P) and write L2(Q) = L*(Q, Fw, P).

2.3. Poisson functionals and Malliavin derivative. We introduce the following
space:

S= {F = fol(N(W)=0) + Y L(N(W) =n) fu(X1...., Xn),
n>1

(2.3)
with foeR,Vn>1f, € L (W",R) is a symmetric function}.

The functions f;, are called the form functions of F. Since X is a Poisson point
process, we have

en
24)  EB[F]=e W fy 4+ e~ 0IVI ZJ/WH Fa@ls sz dzy - dzy.

n>1
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Note that with the choice of the o-field Fy, L2(Q2) = {FeS: E[F?] < 00}. For
any F € L?(2), we denote the norm || - l22(q) bY

12
IF |l 2 = E[F]"
0|W| 22 0 0" 2 12
= (e_ WIge e ‘W‘Z—/ I (Zl,...,zn)dzr--dzn) :
n>1 nl Jwn

In view of the expression of the norm, the convergence in L?(S2) is linked to the
convergence of the form functions.

LEMMA 2.1. Let £>1, F, Fy € L*(Q) and (fe.n) (resp., fn) be the form
functions of the Poisson functionals Fy (resp., F). We have Fy — F in L*(Q) iff

- 2
e Wl f1.0 = fol

- 6"
+e WY ;fwn|fe,n(zu vz = fa@r oz P2y dzy

n>1
—0

as £ — oo.

The following subspace S’ of S plays a crucial role in the sequel:

S = {FGS:EIC>Os.t.Vn2 l,fneCI(W”,]R) and

n
L fll oo qwn &) + Y Vi foll oo gy < C™
i=1

In particular, the definition of S’ ensures that FG € S” whenever F, G € S’. We
fix a real-valued function 77 : W2 — RY, referred to as the weight function in the
sequel. We assume that 7 is bounded and that for a.e. x € W, z +— m(z, x) belongs
to C! (W, R?). For any x € W, we denote by D7 the following differential operator
defined for any F € &’ by

(25 DIF=-) 1(NW)=n)) (Vxf)X1, ..., Xp)7(X;,X),

n>1 i=1

where V., f,, stands for the gradient vector of x; — f, (X1, ..., X1, Xi, Xit1,...,
Xxn). The operator D™ is a Malliavin derivative operator satisfies the classical dif-
ferentiation rules.

LEMMA 2.2. Let F,GeS and g € C,i(]R, R). Then FG € §' and g(F) € &’
and for any x e W

DI (FG)=(D}F)G+ F(D{G) and DJg(F)=g'(F)DIF.
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To have such rules, we had to consider a bespoke differential operator, which
differs from the standard Malliavin derivative on the Poisson space [see, e.g.,
Privault (1994)]. Before establishing an integration by parts formula, we define
the subset Dom(D7) of S’ as

Dom(D")={F eS8 :Vn>1landz,..., 2, cR?
(2.6)
fn+1|zn+168W(Z17 sy Z}’l+1) == fn(zh L) ’Zn)7 fllzeBW(Z) = fO}'

The notation D™ F stands for the random field x € W + DT F. The operator D™
is defined from Dom(D”) Cc &' on L%(2, L2 (W, R)), where L2(2, LZ(W, R))
is the space of random fields Y defined on W such that [|Y|;2q 120w r)) =
ELfy 1Y () dxD'/? < o0.

The link between Dom(D”) and L?(2) is presented in the next result and
proved in Appendix C.1.

LEMMA 2.3. The set Dom(D™) defined by (2.6) is dense in L%().
3. Integration by parts formula.

3.1. Duality formula. In this section, we aim at extending the Malliavin
derivative D™ to a larger class of Poisson functionals by using density arguments.
We also prove an integration by parts formula for the Malliavin derivative, involv-
ing the extension D" of the operator D™ and its adjoint. We start with basic def-
initions of closable operators, that is, operators which can be extended by density
and of the adjoint of a densely defined operator.

DEFINITION 3.1. Let Hy, H> be two Hilbert spaces and T be a linear operator
defined from Dom(7T) C H;y — H». The operator T is said to be closable if and
only if for any sequence (f¢) C Dom(7T) such that f; — 0 (in Hy) and Tf; — g
(in H) then g =0.

The main point is that any closable operator T from Dom(T) C Hy — H»
can be extended by density. Set Dom(T) = {f € Hi,3(f;) € Dom(T), f; —
fin Hy and (T f;) converges in H,} and define for any f = lim f; € Dom(T)
with (f;) € Dom(T), T f = limy_, o T fr. Then the operator T is called the clo-
sure of 7. By the closability of 7', the above limit does not depend on the chosen
sequence ( fp).

If we are given a linear operator T such that Dom(7') = Hj, an element g of H»
is said to belong to Dom(7*), where T* is the adjoint of T, if for any f € Dom(T),
there exists some h € Hy such that (T f, g) g, = (f, h) m,. When such an h exists,
the assumption Dom(7') = H; ensures it is unique and given by 7 = T*g. The
following duality relation between 7 and 7™ holds:

3.1 (Tf, 8 m =11, T*g)H1 V(f, g) € Dom(T) x Dom(T*).
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In the case of the Malliavin derivative, this duality relation leads to an integration
by parts formula.

THEOREM 3.2 (Duality relation). The operator D is closable and admits a
closable adjoint 8™ from L*(Q, L>(W,R%)) into L*(2) and the following duality
relation holds:

E[/ DTF. V(x)dxi| — E[F§™ (V)]
w
3.2)
VF € Dom(D”),VV € Dom(87).

In particular, (3.2) extends to the case F € Dom(D7), V e Dom(gﬂ). Let V €
L®(W,R), we define V™ : W — R4 by

(3.3) V™ (u) :f V(x)m(u, x)dx
w
which is an element of C1 (W, R?). We have the following explicit expression for 87 :
(3.4) (V)= > V-V”(u)—@/ V-V (u) du.
w
uEXW

The proof of this result shares some similarities with Privault and Torrisi (2011),
Proposition 4.1, and relies on the same tool, namely the standard trace theorem
[see, e.g., Evans and Gariepy (1992)], recalled hereafter.

THEOREM 3.3.  Let B be a bounded subset of R¢ with Lipschitz boundary
and closure W = B. Let V= V1, ..., V)" € C'(R?,R?) be a vector field and
g € CY(R?, R) be a real-valued function. Then

(3.5) / (Ve)(x) - V() dx = — f g()(V - V)(x) dx + f gV - v(d),
w w 0B

where v stands for the outer normal to 0 B. When g = 1, we get
(3.6) / V- V(x)dx =/ V(x) - v(dx).
w aw

PROOF OF THEOREM 3.2. Step 1: Weak duality relation. Assume that F €
Dom(D”) and V € L®(W,R%). Let us prove that (3.2) holds. Using standard
results on Poisson processes, which are in particular justified by the fact that F e
Dom(D7), we get

EUW DTF. V(x)dx]

o OIWI

0" &
X Z FX;/ ”(/W Vzifn(ZI, eees Zn) - V(x)r[(zi,x)dx> dzy---dz,

n>1 """ i=
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_e|W|Z ~ Z/w | dey - dgigdzig - dgy

n>1
X /W vzifn(le ceey Zn) . V”(Zi)dzi.
Since 7, V are both bounded on W and since for a.e. x € W, z — 7 (z, x) belongs

to C!(W, R), then V™ e C!(W, R). Hence, we can apply Theorem 3.3. Using the
compatibility conditions (2.6), we deduce thatfori =1,...,n

—/ Ve fn(zis s zn) - VT (zi) dz;
w
:/ fn(Zly,Zn)VVﬂ(Zl)le —/ fn(zl’...’zn)vﬂ(zi)dva
W aw

=/ Fo@ls s z)V VT () 2 — fn_l(a,...,zn_l)/ V V7 (u) dut.
w w

The last equation comes from (3.6) and the symmetry of the functions f,. There-
fore,

E[/ D;.’F-V(x)dx}

70|W‘ Z X Z/ fn(Zla---,Zn)v Vn(zl)dzl Z —e —0|W|

n>1
X’;_ xn [ geGrme ([ VT )z da,
=E[F > V-V”(u)]
MGXW

—ee—f"W'UWv . V”(u)du>

Qn—l
X Z /Wn_l So—1@z1, ooy zZp—1)dzy - - dzp—.

=1 (n—1!

The last equality ensues from the invariance of the functions f,, and the stability
of the domain W”~! by exchanging the coordinates. Then we deduce the result.
Step 2: Extension of 8" on a dense subset of L*(2, L2(W,R?)). Validity
of (3.2) on this dense subset. Remember that L*(Q2, L*(W,R%)) =
L2(Q) ® L2(W, R4). Since by Lemma 2.3 Dom(D7™) is a dense subset of L2(2)
and L®(W,R?) is a dense subset of LZ(W, R?), we deduce that L($, LW,
R%)) = Dom (D7) ® L®(W, R¢). Now, we extend the operator 7 on Dom(D™) ®
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L% (W, R?) and then prove (3.2) on this dense subset of L2(Q2, L2 (W, R9)). To
this end, we consider G € Dom(D™), V € L®(W, R?) and set

§"(GV)=G&§* (V) — /d DTG - V(x)dx.
R
Using the product rule, which is valid for any F, G € Dom(D7), we deduce that

E[G fW DTF. V(x)dx] = EUW D™(FG)-V(x)dx — FfW D"G - V(x)dx}

:E[FGS”(V) — Ff DIG - V(x)dxi|
w

=E[F§™(GV)].

The second equality comes from the duality relation (3.2) applied to F'G as an el-
ement of Dom(D™) and V as an element of L>° (W, R?), whereas the last equality
comes from the definition of our extension of 87 to Dom(D™) ® L (W, R%).

Step 3: Closability of the operator D™ and extension of (3.2) to L*(Q2, L*(W,
R?)). We extend (3.2) from Dom(D”) ® L®(W,R%) to L?(2, L>(W,R%)) by
proving that the operator D is closable. Since Dom(D™) ® L™ (W, R%) is dense
in L?(2, L2(W,R%)), Theorem 3.4 justifies the extension of the duality rela-
tion (3.2) to Dom(ﬁ”) x Dom(3") as stated in Theorem 3.2.

To prove that D" is closable, we consider a sequence of elements (Fy) €
Dom(D™) such that F; — 0 in L%(2). Assume also that D™ F; — U for some
U in L2(Q, L>(W,R%)). We need to prove that U = 0, which is done using the
following computations for any G € Dom(D™) and any V € L>®°(W, R?)

E[/W Ux)GV(x) dx}

< ‘E[Fg&”(GV)] - E[/Rd U(x)GV (x) dx} + [E[Fes™ (GV)]]

< ‘E[G/ DY Fy-V(x) dx} —E[G/ Ux)V(x) dx]
w w

+ |E[Fe8™ (GV)]|

<Gl 120 /W(D;? Fo—U®))-V(x)de

L2(Q)
+ 1 Fell 2 187 (G V) | 120
<IGl2@) IVl 20w,y | DY Fe = U | 2000 120w mey)

+ 1 Fell 20 187 (G V) | 12 -

The conclusion ensues from Theorem 7 of Chapter 2 of Birman and Solom-
jak (1987), which is rephrased in Theorem 3.4 for the sake of completeness.
Equation (3.2) is recovered by applying Theorem 3.4 with T* = 6", T = D",
H;=L*(Q, L3 (W,R)) and H, = L*(Q). O
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THEOREM 3.4. Let Hy{, Hy be two Hilbert spaces and T be a linear op-
erator defined from Dom(T) C H;y — H,. Assume that Dom(T) = H;. Then,
Dom(T*) = Hj if and only if T is closable. In this case, T** exists and coin-
cides with T. Then, (3.1) can be extended as follows: (f, T*g)n, = (Tf, 8)Hy»
Y(f, g) € Dom(T) x Dom(T*).

For any F € Dom(D") and any V € L2(Q2, L2 (W, RY)), we define the operator
v™V : Dom(D™) — R by

VoV E =f DTF -V (x)dx
(3.7) v

=—Y LNW)=n)D Vi fu(X1,.... Xn) - VT (X)).

n>1 i=1

Note that the closability of D™ implies the one of the operator V™" For the
reader’s convenience, we will use the same notation to denote the operators V7V,
87 and their closures.

3.2. A specific choice for m and V. In this section, we focus on a specific
choice of functions 7w and V leading to a specific definition of the gradient of
a Poisson functional. This choice is guided by two important remarks. First,
Lemma 3.5 will underline that the key ingredient to derive a superefficient esti-
mator is to define a gradient V™V such that

(3.8) E[V™Y F]=E[F(N(W) —0|W|)].

From (3.7) and Theorem 3.2, this is achieved if V - V™ = 1. Second, to agree
with the isotropic nature of the homogeneous Poisson point process, it is natural to
define a Stein estimator being also isotropic. As pointed out by Proposition 4.2, this
can be achieved by defining a Malliavin derivative which transforms an isotropic
Poisson functional into an isotropic Poisson functional at any point. We do not
want to go into these details right now but Lemma 4.4 suggests to require that
both 7 and V be isotropic. Now, we detail a pair of functions (7, V) satisfying the
above requirements.

PROPOSITION 3.5. Let (Viy)1<m<a be an orthonormal family of bounded
functions osz(W, R). For any x,y € RY, set V(x) =d V2(Vi(x),..., Va(x)T
and t(y,x) =y ' V(x). Then, V™ (y) = y/d, which implies that V - V" = 1. With
the above choices, we simply denote ¥V =V", D = D",V = v™V. From (3.7), we
deduce that

1 n
(3.9) VF:—EZJL(N(W):n)Zinfn(Xl,...,Xn)-X,-.

n>1 i=1

Finally, for any F € Dom(D), (3.8) holds.
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PROOF. By definition, we have for any y = (y1, ..., yq)| € R? and any m
{1,...,d}

Vn(y) = fR Vn@m(y.x)dx=d”! /W (Z ym/vm/(x)) Vi (x) dx

=d~! fW (Z V! Vm/(x)Vm(x)> dx=d! /W Ym V2 (x)dx = yp/d.

Plugging this result in equation (3.7) yields (3.9). Equation (3.8) can be extended
to Dom(D) using the closability of the operator V, which follows from the one of
V7™V in the general case. [J

Again, we want to stress the fact that other choices of pairs of functions (i, V)
may lead to (3.8) like the simple choice V (x) = (d|W|)~V?(1,..., ) T1(x e W)
and m(y,x) = yTV(x). However, the gradient derived from this choice would
not preserve the isotropy of an isotropic Poisson functional anymore and would
lead to technical difficulties especially in the formulation of (4.13) in Lemma 4.4,
which should take into account the jumps induced by the discontinuity of the form
functions.

3.3. Comparison with alternative versions of the Malliavin derivative. To fin-
ish this section, we give some insights into an alternative version of the Malliavin
derivative also leading to an integration by parts formula of the form (3.2) but with
unfortunately more restrictive assumptions on the possible functions V. We refer
to Albeverio, Kondratiev and Réckner (1996, 1998) and Prat and Privault (1999),
Section 8, for more details on what follows. We briefly summarize their approach
for a Poisson point process lying in R?. The authors consider the class of smooth
cylindrical Poisson functionals of the form

F=1( 2 o 2 o).

MEXW MGXW

where p is an integer, f is an infinitely differentiable and bounded function on
W and ¢1, ..., ¢, are infinitely differentiable on W, all compactly supported with

supp(g;) C W for anyi=1,...,p.
Then, for any u € W, the Malliavin derivative of F at u is defined by

P
D,F = Z&f( PRI N sop(v)>V¢i(u).
i=l veXwy veXy
Let V: W — R? be an infinitely differentiable function with supp(V) C W. Then
the following formula holds [see Prat and Privault (1999), equation (8.5.6)]

(3.10) E[%F]:E[F( 3 V-V —G/WV-V(u)du>]

MGXW

with VF =Y cx,, DuF - V(w).
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The two integration by parts formulae (3.2) and (3.10) look very similar al-
though the gradient operators are completely different. However, the constraint
on V to obtain (3.10) prevents us from taking V such that V-V =1 on W, which
is crucial to get (3.8).

4. Stein estimator.

4.1. Main results. 'The maximum likelihood estimator of the intensity 6 of the
spatial Poisson point process X observed on W is given by éyrg = N(W)/|W|
[see, e.g., Mgller and Waagepetersen (2004)]. In this section, we propose a Stein
estimator derived from the maximum likelihood estimator of the form

~ o~ 1 1
4.1 0=06 —=—(NW ,
4.1) MLE+|W|§ |W|( (W) +¢)
where the choice of the isotropic Poisson functional ¢ is discussed below. We
aim at building an estimator with smaller mean squared error than the maximum

likelihood estimator. By applying Proposition 3.5, we can link the mean squared
errors of these two estimators.

LEMMA 4.1. Let ¢ € Dom(D). Consider gdeﬁned by (4.1). Then

~ ~ 1
4.2) MSE(0) = MSE(OmLE) + W(E(;z) +2E[V¢]).

PROOF. By definition,

_ - 1 2
MSE®) = E[(GMLE + Wg — 9) ]

~ 1
= MSE@wie) + W(E[ﬁ] +2E[ (N(W) — 6|W]))).

Since ¢ € Dom(D), we can apply (3.8) with F = ¢ to deduce (4.2). [

Now, we consider a random variable ¢ written as ¢ = {oL(N(W) =0) +
Vlog(F) where ¢y is a constant (possibly zero) and F an almost surely posi-
tive Poisson functional belonging to S. Both ¢y and F' are adjusted such that
¢ € Dom(D). Using Lemma 2.2, we can follow the initial calculations of Stein
(1981), also used in Privault and Réveillac (2009), to deduce that Vlog F = VF /F
and V\/f =VF/ (2\/7 ). Using Lemma 2.2, we establish the key relations

_ 2 _ 2
FVVF —(VF) and vazzﬁVVF (VF)?/JF

VViog F =
% 72 AF
leading to
VF\? VVJ/F
(4.3) 2VVIog F + (—) =4 )
F JF

By combining (4.2) and (4.3), we obtain the following result.
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PROPOSITION 4.2.  Let §o € R and F be an almost surely positive Poisson
Sfunctional such that F,VF and { = tolL(N(W) =0)+ Vlog(F) € Dom(D). Then
the estimator 0 defined from ¢ by (4.1) satisfies

)

Proposition 4.2 gives a similar result to Privault and Réveillac (2009), Proposi-
tion 4.1, for one-dimensional Poisson point processes. As a consequence of Propo-
sition 4.2, the Stein estimator given by (4.1) will be more efficient than the maxi-
mum likelihood estimator if we manage to find F and ¢y satisfying the conditions
of Proposition 4.2 and such that gge_e\m + 4IE(VV\/7/\/f) < 0. This is inves-
tigated in the next section.

— 2 70|W|
4.4) MSE(8) = MSE(@mLE) + — WP (; 4IE<

4.2. A class of Stein estimators on the d-dimensional Euclidean ball. In this
section, we focus on the case where W is the d-dimensional Euclidean closed ball
with center 0 and radius w, denoted B(0, w) in the following. Without loss of
generality, we can restrict to the case w = 1. We combine Proposition 4.2 and the
isotropic Malliavin derivative defined in Section 2 to build a large class of isotropic
Stein estimators. We need some additional notation. Let n > 1, 1 <k <n and let
X1, ...,x, € W, we define x() , by induction as follows:

. 2
X(1),n = argmin |lu|”,

: 2
X(ky,n = arg min 1721l
UE{XT s X P\NX (1), 15 X (k= 1),

The point x ) , is the kth closest point of {x, ..., x,} to zero. Similarly, we de-
note by X the kth closest point of X to zero. Note that, the point X ), may lie
outside W depending on the value of N (W) for the given realization. We are also
given some function ¢ € C%([0, 1], RT) satisfying the two following additional
properties:

(P) inf ¢()>0 and ¢'(1)=0.
t€l0,1]

Then the Poisson functional involved in the definition of our Stein estimator
writes

@.5) VFr=) 1(NW)=n)gin(X1,.... Xp) + o(DL(N(W) < k),

n>k

where for xq,...,x, e Wandn >k > 1

(4.6) X1 - x0) = o(Ilx@y.nll?)
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for a function ¢ satisfying (P). In other words, we focus on functionals F € S’
such that

@7 V=Y 1(NW) =n)o(IIX@.all*) + o(DL(N (W) < k)
n>k

from which we build our main result.

PROPOSITION 4.3. Let k > 1. Let ¢ € C*([0, 1], R") satisfying (P). Define
Fy from @ as in (4.7). Then ¢, = V log Fy is an element of Dom(D). Moreover, the
Stein estimator, its mean squared error and its gain with respect to the maximum
likelihood estimator are given by

~ = 4 Yo' (Yi))
(4.8) Or = OMLE —
diW|  o(Yu))
. - 16
4.9) MSE(6r) = MSE(OMmLE) — WE[Q Y],
.~ MSE@wmLE) — MSE(%)) 16
4.10 Gain(6y) = A = E[G(Yi)].
(4.10) ain(6) MSEGure) W] (Y]

where

Xl iflIXpl <1,

@.11) Yo =1+ (1Xpml> = D11 X@l <1)= _
, otherwise

and G(t) = —t(¢'(t) + 19" (1)) /o (1).

Proposition 4.3 reveals the interest of the Poisson functional Fj given by (4.7).
We obtain isotropic estimators of 6 depending only on || X ) ||2. It is worth men-
tioning that the distribution of || X ) % is well known for a homogeneous Poisson
point process (see Lemma 5.1). This allows us to derive efficient and fast estimates
of E[G(Y(x))] which can then be optimized w.r.t. the different parameters. This is
studied in more detail in Section 5.

The proof of Proposition 4.3 requires first to compute the gradient of the func-
tions gk, given by (4.6), and second to ensure that /Fx belongs to Dom(D). To
this end, we use the following lemma.

LEMMA 4.4. Let H'([0, 1], R) be the Sobolev space defined by (A.1) and let
W e H'([0, 11, R). Then

4.12) Gr= Z ]l(N(W) = n)\IJ(IIX(k),nllz) + ‘l’(l)]l(N(W) < k) € Dom(D)
n>k
and

2
(4.13) VGi=—2 S LNW) =) 1 X g nlP (1 X )0 117)-

n>k
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The proof of Lemma 4.4 being quite technical, we postpone it to Appendix B.
Here, we only present the key ideas sustaining it.

SKETCH OF THE PROOF OF LEMMA 4.4. Letn >k and x,+| € dW, that is,
IXnt1ll =1, we have x().nt1 = Xg).n and W([|lx@).nt111%) = W (X0 [1%), which
is exactly the compatibility condition which has to be satisfied for n > k by the
form functions of Poisson functionals belonging to S’. Whenn =k — 1 and x,, 1| =
xi € OW, that is, ||xil| = 1, we still have x() x = x; and lIJ(||x(k),k||2) = w(l).
Since for n < k, the forms functions are all equal to the constant function W (1),
the compatibility conditions also hold forn =k — 1 andn <k — 1.

At any point (xy, ..., x,) such that (xq,...,x,) — ||x(k),n||2 is differentiable,
the definition of the Malliavin derivative and the usual chain rule easily lead
to (4.13). Note that even if W € C!(W, R), the functional Gy may not belong to
Dom(D) since its form functions are not differentiable everywhere. Indeed for any
n>1,(x1,...,x,) ||x(k),n||2 is not differentiable at any point (x1, ..., x,) such
that for some i # j, [[x;[| = [lx;]| = [[x(k),nll. In Lemma 4.4, we prove a weaker
assertion, namely that G € Dom(D), which means that G can be obtained as the
limit of Poisson functionals of Dom(D). Then the proof of Lemma 4.4 relies on
the density results stated in Appendix C. [

PROOF OF PROPOSITION 4.3. By definition,

log F =2 Y L(N(W) = n) log (I X . I1%) + log o (DL(N (W) < k).

n>k

Since ¢ is a continuously differentiable function, we can easily check that W e
H'([0, 1]). So Lemma 4.4 can be applied to ¥ = log ¢ and G = log(F}). Hence,
log F;, € Dom(D) and

{k = Vlog Fy

4 ¢ (IX gl
=~ D LNW) = )| Xl P
= 01X 0. l?)

Then we derive the explicit expression of 01 given by (4.8). We also deduce
that ¢, = Vlog Fy € Dom(D) by applying once more Lemma 4.4 with W(t) =
t¢'(t)/@(t), which also satisfies the required properties thanks to the smoothness
of ¢'. In view of Proposition 4.2, we estimate VVVF k /«/f ¢ to derive (4.9).
From (4.5) and (4.6), VFy also satisfies the assumptions of Lemma 4.4 with
W = ¢. Hence, v/ Fx € Dom(D) and

2
VVF = - S LN W) =) 1 X @ l¢ (1 X gy, lI).-

n>k
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The conclusion ensues by applying Lemma 4.4 to Gy = V/F; with W(r) =
—2t¢'(t)/d and we obtain the following formulae:

VV\/fk

4
=3 STLNW) =n) 1 X @l >0 (1X 0.0 17) + 1 X oy 10" (1X 00,0 17) ]

n>k
VVJ/F}
JVFy

4 X .0 17" UIX .0 1) + 1 X oy, 10" (1 X 0.0 12
:—221(N(W):n)[” @) ll“@" UX w),n ll) + I (Zk),n” "I X @), nll )]'
= = U X ky,nll*)

Then (4.9) follows from the last equality, while (4.10) is directly deduced
from (4.9). O

5. Numerical experiments. We underline that it is impossible to find a func-
tion ¢ satisfying () and such that G(r) defined by (4.10) is positive for any
t € [0, 1]. In this section, we analyze two examples for which we can obtain posi-
tive gain even though G is not positive everywhere. Then we conduct a numerical
and simulation study where, in particular, we show that in many practical situations
we can get a gain larger than 30%.

Before this, we should notice that the mean squared error and the gain of our
new estimators 6 only depend on the distribution of || X ) ||2. The following result
shows that expectations involving this random variable can be computed directly
without sampling a Poisson point process, which speeds up the simulations a lot.

LEMMA 5.1. Let k > 1, the density of || X ) % is given by

R (T e
Jixa (1) = S vabt (k—1)!

where vg = w421 (d /2 + 1w is the volume of B(0, w). Moreover, for any pos-
itive measurable function h : Rt — R, we have E(h(||X(k)||2)) = E(h(Z¥?))
where Z is a real-valued random variable following a Gamma distribution with
shape k and rate vg0.

1(t = 0),

5.1. First example. Letk >0 and y € (0, 1/2), we define for 7 € [0, 1]
(5.1 o) = =1)(X[0,1-y1 * ¥)(@) + &,

where for any measurable set A, x4 = 1(f € A) denotes the characteristic func-
tion of the set A and the star * stands for the convolution product. The Schwartz
function [see, e.g., Hsrmander (2003)] v : [—1, 1] — R, defined by

1
Y(t) = cexp(— ) with ¢ such that / Y()dr=1
0

1— ¢
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FIG. 1. Plotsof ¢, ¢', 9" and G for the function ¢ defined by (5.1) with k = 0.5 and y = 0.05. The
vertical line indicates the value 1 — 2y = 0.9 before which the function ¢ is linear.

satisfies ¥ > 0 and ¥ (41) = 0 for any m > 0, which implies that ¢ satisfies
(P). The main interest of this function is that for any ¢t € [0, 1 — 2y ], ¢p(t) =1 —
t+k,¢ (1) =—1 and ¢”(r) = 0 which leads to G(¢t) =t/(1 —t + k) > 0 for any
t € 10,1 —2y]. Figure 1 illustrates this function ¢ with x = 0.5 and y = 0.05. We
can observe that G(¢) > 0 for t < 0.9 but G(¢) can be highly negative for r > 0.9.
Note also that the smaller y, the more negative G. This highlights the danger of
Example 1. From a practical point of view, the best choice would be to tune the
integer k such that || X (k)||2 often lies in a region in which G is high, however,
this region is quite small and the function G decreases quickly outside of it and
takes highly negative values, which may yield to negative gains in the end. On the
contrary, if reasonable values are chosen for y and k is small then there is hardly
no chance that || X ) |> > 1 — 2y but the corresponding gain value remains very
small. This first example shares some similarities with the estimator proposed by
Privault and Réveillac (2009) in the case d = 1, see Section 5.4.

5.2. Second example. Letk >2 and y € R, we define for # € [0, 1]

(5.2) p(t) = exp(y (1 — 1)),

We can easily check that the property (P) holds for any « > 2. The main advantage
of this function is that the gain function has a “power” shape. For instance, when
k=2,G@)=2yt(1-2t—2yt(1— )?). For any value of x, we can show that there
exists a unique #y € (0, 1) such that G(¢p) = 0 and such that sign(G) = sign(y) for
t € [0, tp) and sign(G) = sign(—y) for ¢ € (¢o, 1]. Figure 2 illustrates this function.
The top-right figure reveals the interest of Example 2. It shows that when £k is
chosen large enough, then || X (k)||2 > 1y very often and, therefore, G(¢) is quite
large.
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FIG. 2. Plots of ¢, ¢’,¢"” and G for the function ¢ defined by (5.2). The parameters k and y are
equal to 3 and —3 for the top figures and to 2 and 0.5, respectively, for the bottom figures.

The latter comment is the main reason why among these two examples (and
many others we have tried) the exponential function (5.2) produces the best and
the most stable empirical results. Thus, we only focus on this case in the following.
With this choice for the function ¢, the Stein estimator writes

L 4d .
(5.3) Ok = OMLE + WVKY(k)(l —Yr) T,
where Yy is given by (4.11).

5.3. Optimization of the gain and a first simulation study. Before optimizing
the parameters &, x and y, we first want to check the integration by parts formula.
For k = 10, 20, 50 and 80 (and for specific parameters x and ¥ we do not com-
ment upon for now), we represent in Figure 3 the empirical and theoretical gains
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FI1G. 3.  Empirical and Monte-Carlo approximations of the theoretical gain in terms of 0 for the
exponential family (5.2). For k = 10, 20, 50, 80, the parameters k and y are chosen to optimize the
theoretical gain for 8 =5, 10, 25, 40, respectively. The results are based on m = 50,000 replica-
tions of Poisson point processes in the two-dimensional Euclidean ball B(0, 1). The Monte-Carlo
approximation of (5.4) is also based on m = 500,000 samples.

computed by the Monte-Carlo approximation of (4.10) based on 50,000 replica-

tions of Poisson point processes in the two-dimensional Euclidean ball. We clearly

observe that the empirical gain perfectly fits the one computed from (4.10). The

second observation is that k, ¥ and y need appropriate tuning, otherwise the gain

can become highly negative. For instance, when & = 20 and 6 = 20 (and «, y

chosen as specified in the caption of Figure 3) the gain reaches the value —200%.
For the exponential function ¢ given by (5.2), the gain function writes

Gtiic; )=yt =)= 92220 = )> D — Pyre — DA — 1)< 2.

Now, we explain how we can compute argmax,y,«) E(G(Y; «; v)). First, note
that solving the equation %g (t;k;y) = 0 leads to an explicit formula for the
optimal choice of the parameter y

. Ea( = Ye) ' =Yg, = D = Y@) )
B EQ2« Y2 (1 — Y321 '
Plugging this value back in the formula of the gain leads to

E(Y k(1 — Y) "2(1 — kY1)
E(Y(2(1 = Yg)2&=D)y

Second, we compute numerically argmax, =E(G(Y«); «; y*)). To do so, we rely
on deterministic optimization techniques after replacing the expectation by a sam-
ple average; we refer the reader to Rubinstein and Shapiro (1993) for a review on
sample average approximation. Note that the random variable Y can be sampled
very efficiently by using Lemma 5.1 and (4.11).

In Figure 4, we chose different values of k and optimized, w.r.t. ¥ and y for
every value of 6, the theoretical gain (4.10) computed by Monte-Carlo approxima-
tions. The plots are presented in terms of 6 (when d = 2). For a fixed value of &,

(5.4) E(G (Y k3 7)) =
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FIG. 4. Monte-Carlo approximation of the theoretical gain for the exponential family (5.2). For
each value of k and 6, the parameters k and y are chosen to optimize the theoretical gain. The Mon-
te-Carlo approximations of (5.4) are based on m = 50,000 replications of Poisson point processes
in the two-dimensional Euclidean ball B(0, 1).

we observe that when y and « are correctly adjusted the gain is always positive
for any 6. Still, the choice of k is very sensitive to the value of # and also needs
to be optimized to reach the highest gain. This has been done in Table 1, in which
we present a first simulation study. We investigate the gains for different values of
d and 6. For any 6 and d, we chose

(k*, y*, k*) = argmax Gain(4;).
(k. y.K)

Our experience is that interesting choices for k are values close to the number of
points, say n. Therefore, the optimization has been done for k € {|0.75x1], ...,
[1.2n]}. Such an optimization is extremely fast. Using 50,000 samples to approx-
imate (4.10) with the help of Lemma 5.1, it takes less than two seconds to find
the optimal parameters when d = 3 and 6 = 40. The empirical results presented in
Table 1 are based on 50,000 replications. We report the empirical means, standard
deviations, MSE for both the MLE and the “optimized” Stein estimator and finally
the empirical gain. The average number of points in B(0, 1) equals to 8| W| with
|[W| =2,3.14,4.19 approximately. The first three columns allow us to recover
that the MLE is unbiased with variance (and thus MSE) equal to 6/|W|. Then
we observe that our Stein estimator is always negatively biased. This can be seen
from (5.3) since the optimal value y* is always negative. We point out that the
standard deviation is considerably reduced which enables us to obtain empirical
gain between 43% and 48% for the cases considered in the simulation.

5.4. Comparison with Privault-Réveillac’s estimator in the case d = 1. In this
section, we focus on the case d = 1 and we aim at comparing the performance of
our estimator with the one proposed by Privault and Réveillac (2009) and denoted
§pR for the sake of conciseness. As underlined previously, ng shares some similar-
ities with our first example. The main difference comes from the fact that, even in



STEIN ESTIMATION FOR SPATTIAL POISSON PROCESSES 1515

TABLE 1
Empirical means, standard deviations (s.d.), mean squared errors (m.s.e.) of MLE estimators and
STEIN estimators of the intensity parameter of Poisson point processes observed in the
d-dimensional Euclidean ball B(0, 1). The results are based on m = 50,000 replications. The Stein
estimator is based on the exponential function. For each 6 and d, the parameters k, y and the kth
nearest-neighbor are optimized to maximize the theoretical gain. The column k* reports the optimal
nearest-neighborhood. Finally, the last column reports the gain of m.s.e. in percentage of the Stein
estimator with respect to the MLE

MLE STEIN
mean s.d. m.s.e. k* mean s.d. m.s.e. Gain (%)
0=>5 d=1 5 1.6 2.52 11 44 1.0 1.44 43.0
d=2 5 1.3 1.58 18 4.6 0.8 0.86 45.6
d=3 5 1.1 1.19 22 4.6 0.7 0.64 46.1
6 =10 d=1 10 2.2 5.03 22 9.2 1.4 2.73 45.8
d=2 10 1.8 3.18 34 94 1.2 1.72 46.0
d=3 10 1.5 2.37 44 9.5 1.0 1.27 46.3
6 =20 d=1 20 3.1 9.91 42 18.8 2.0 5.31 46.4
d=2 20 2.5 6.38 66 19.1 1.6 341 46.5
d=3 20 2.2 4.72 84 19.1 1.3 2.47 47.5
6 =40 d=1 40 4.5 20.09 84 38.5 2.9 10.61 472
d=2 40 3.6 12.79 125 38.6 2.2 6.78 46.9
d=3 40 3.1 9.58 169 38.8 1.9 4.95 48.3

the case d = 1, the integration by parts formula obtained by Privault and Réveillac
(2009), Proposition 3.3, differs from ours (see Theorem 3.2). Since our framework
was to work with d-dimensional Poisson point processes for any d > 1, we had to
impose different compatibility conditions. To ease the comparison with our esti-
mator based on X defined on R and observed on W = [—1, 1], we define §pR based

on the observation of X on W = [0, 2]. Note that by stationarity, (Xw + 1) 4 X
so both estimators are basedAon the same amount of information. Let X be the
point of X closest to 0, then fpR is defined for some k > 0 by

Bor = B + LN = 0) + — X1 10<x, =2)
— — — < .
PR = OMLE + - 20 +6) — X; 1=
The mean squared error and the corresponding gain are given by
~ ~ 1 X
MSE(6pr) = MSE(OMmLE) + — exp(—26) — ]E(—ljl(O <X < 2)),
K2 2(14+k) — X4
(5.5)
Gain(@er) = —5 exp(—26) ZE( X i< 2)>
ain = —exp(—20) - -E| ————— .
PR)= 5,2 XP 0 2010 —x, 'S

Note that X1 ~ £(8). We took the same point of view as in the previous section
and optimized the gain w.r.t. k. The optimal gain reached by 6pr is presented in
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Gain %

0

FIG. 5. Monte-Carlo approximation of the theoretical gain (5.5) optimized in terms of k of the
Stein estimator OpR in terms of 0.

Figure 5. As a summary of this curve, the optimal gain for 8 =5, 10,20 and 40
is equal to 4.4%, 1.1%,0.2% and 0.06%, respectively. The results are clear. Our
Stein estimator, based on the exponential function and on the idea of picking the
kth closest point to O instead of just the first one, considerably outperforms the
estimator proposed by Privault and Réveillac (2009).

5.5. Data-driven Stein estimator. Table 1 is somehow a theoretical table since
the optimal parameters k*, y* and «* are searched for given the value of 6, which
is useless in practice since 6 is unknown. A natural idea consists in first estimat-
ing the MLE and then look for the optimal parameters given BMLE. Preliminary
experiments have shown us that this procedure can be quite varying when d or
are large. We think that this is essentially due to the high variance of the MLE. To
explain how we canAreduce this, let fi , .« (0) = 16EG(Y(r))/ (0d?|W]). Instead of
maximizing fx , . (OMLE), We suggest to maximize the average gain for a range of
values of 6 and we fix this range as a factor of the standard deviation of the MLE.
More specifically, let

©6.p) = [0 — pVB/IWI.6 + pVB/IW]].

When p =1 (resp., p = 1.6449, p = 1.96), @(@MLE, p) corresponds to the confi-
dence interval of 6 based on Gy g with confidence level 68.3% (resp., 90% and
95%). Then we suggest to maximize

16 Y

: / i G(Yky) €.
d-|W| Je@wme.p) 0

In the following, we may write Y()(6) to emphasize that the distribution of the
random variable Y(;) depends on the parameter 6. Thus, we can rewrite (5.6) as

16 = Q(Y(k)(U)))
0)do = ——-2 WIEl ————— ],
/@(@MLE’/)) S,y (0) 2W] Py OMmLE/|W | ( T

(5.6) Jryuc(0)dO =

/®(§MLE,/J)
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TABLE 2
Empirical gain of Stein estimators of the intensity parameter of Poisson point processes observed in
the d-dimensional Euclidean ball B(0, 1). The results are based on m = 5000 replications. The
Stein estimator is based on the exponential function. For each replication, the parameters k, y and
k maximize (5.6) for different values of p

Gain (%)
p=0 p=1 p =1.6449 p=1.96
0=5 d=1 48.8 47.9 36.4 30.1
d=2 38.6 42.4 37.1 31.4
d=3 39.4 42.6 37.0 31.7
0=10 d=1 40.3 43.8 36.7 30.1
d=2 36.2 38.8 33.7 27.9
d=3 31.6 36.6 32.0 28.3
6 =20 d=1 37.3 38.6 34.5 28.0
d=2 27.3 33.1 31.0 26.5
d=3 20.8 28.6 28.1 23.8
0 =40 d=1 22.3 30.8 29.2 239
d=2 16.3 24.0 28.2 24.4
d=3 12.7 19.0 24.5 22.0

where U is a random variable independent of Y, with uniform distribution over
O OmLE, p). Sampling Y)(U) is performed in two steps: first, sample U and sec-
ond sample a Gamma distributed random variable as explained in Lemma 5.1, in
which the value of 6 is replaced by the current sample of U. Hence, optimizing
this new criteria basically boils down to the same kind of computations as for a
fixed value of 8 without bringing in any extra computations.

Table 2 reports the empirical results regarding this suggestion. As the optimiza-
tion procedure needs to be conducted for each replication, we only considered
5000 replications. We report the results of the empirical gains of the previous pro-
cedure for p =0, 1, 1.6449 and 1.96, the value 0 meaning that we simply maxi-
mize fi y.« (OMmLE)- Globally, the empirical gains are slightly smaller than the ones
obtained in Table 1. Yet, the results remain pretty impressive. When 6 is equal to
5 or 10, optimizing (5.6) with p =1 leads to similar results as the previous ones.
The value p = 1 seems again to be a good choice when 6 = 20 while p = 1.6449
is a good compromise when 6 = 40.

APPENDIX A: NOTATION

We introduce some additional notation required in the proofs. Let m be a fixed
integer. We denote by D(O, R) the space of compactly supported functions which
are infinitely differentiable on an open subset O of R™. If O is a closed subset
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of R™, we define
D(O,R) = {g:3g € D(R", R) such that g = g5}
The Sobolev spaces on an open subset O of R” are defined by

H‘((’),R):{feLz((’),R):Vlgi §m,§—f_eL2((’),R)}

Xij

with the norm defined for any g € H'(O, R) by

m

||g||H1((f),R) = ||g||L2(('),R) +\] Z

i=1

8g2

ax,-

L2(O.R)

where the partial derivatives have to be understood in the weak sense. The Sobolev
spaces can also be defined on a closed subset O of R™ as

(A.l) H'(O.R)={fe€L*(O,R):3g e H'(R",R) such that g = f}.

APPENDIX B: PROOF OF LEMMA 4.4

B.1. An explicit formula for the weak gradient of \Il(||x(k),,,||2). In this
section, we consider form functions defined by

Fa 1, x0) = U (|lx@yall?).

Even if ¥ € C' (R, R), the function f, may not be differentiable everywhere since
the function (xi,...,x,) — ||x(k),n||2 is nondifferentiable at points (xi, ..., x,)
for which ||x; || = I|x;[l = lx@),.|l for some i # j. Nevertheless, (x1, ..., x,) —
1% (k),n % is continuous on (R?)” and so is fn. Then we deduce in this section that
fn admits partial weak derivatives (see Lemma B.3). Our result is based on the fol-
lowing classical result concerning the existence of weak derivatives for continuous
functions [see, e.g., Zuily (2002), Proposition 2.4 of Chapter 3].

LEMMA B.1. Let (a,)neN be an increasing sequence of real numbers such
that a, — 00 as n — 00. Set ay = —o0. For any j >0, let f; :[aj,aj+1] - R
be such that f; € Cl((aj,aHl),R),fJ’- € Ll((aj,aHl),R) and define f by
f =2 jen fillaj.a;sy)- If the function [ is continuous on R, then it admits
a weak derivative, denoted f', defined as the locally integrable function f' =
Z] f]{]l(aj,aj_,_l)'

REMARK B.2. The continuity assumption on f is crucial since if f were dis-
continuous at some points ¢;, f would not admit a weak derivative. Indeed, in this
case the usual jump discontinuity formula [see again Zuily (2002), Proposition 2.4
of Chapter 3] would imply that the derivative of f, in the sense of distributions,
would be the sum of a locally integrable function and some Dirac masses.

We deduce the following result from Lemma B.1.
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LEMMA B.3. Let n >k >1 and let ¥V : R — R be a continuously dif-
ferentiable function defined on R. For any j, f, admits a weak gradient
Vi fu(x1, ..., xp) wrt. x; and the following equality holds:

n
B.1) Y Vi fulxr, . x0) X =20 x@ IV (Ix@all?)  ae
j=1

In addition, if W is compactly supported in [—+/a, \/a] for some a > 0, the
function f, belongs to H'((B(0,a))",R) and satisfies sup,, (Il full Loo(rmy +
Zi ”Vx,- fn”LC’O(R”)) < OQ.

PROOF. Define forany j € {1, ..., n}, the following set

AJ' = {(xl, ...,xn) € (Rd)n “Xky,n =Xj and ||xj|| ;é ||xl|| fOI'j;ﬁi}.
Observe thaton | J; A

FaCrers oo xn) =Y W (lx5117)La; Gty xn).
J

Hence, the everywhere differentiability of W implies that the function f;, is differ-
entiable on J; A;. In addition, the usual differentiability rules lead to

infn(xl,---yxn) va, ”x]” le (X1,...,xn)]

=Vx,-[‘1’(||xil| YL, (X1, ey X))
= 2x; W/ (|x: 12)La, (X1, - ., Xn)

for any i € {1,...,n}. By using Lemma B.1, we prove that f,, admits a weak
gradient w.r.t. x;. In the following, we denote the coordinates of elements x; € RY
by x; = (xl-(l), e xi(d))T. Forany £ =1,...,d, define

fiffl)( l-(e)) flxr, .o xiz, (xi(l), ...,xl.(z), .. .,xi(d)), e Xp).

Then we deduce from the differentiability of f, on |J; A; that the function f
is differentiable at any point x.( ) e R, such that ||x;|| # ||x;|| for all j # i. Since

in addition fl( is continuous on R, we can apply Lemma B.1 to deduce that f; ©
admits a weak derivative defined as

, ad
[T (60) = G I ()] ()
Xi

4
= 2x O (Ixi 1214, (1, s )
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which also means that for any (i, £), f, admits a weak partial derivative w.r.t. xi(e)
defined by

ofn ad 2
— = o Y UXlI7) [Ta; (x1, .00y x0)
aXi(g) 3xl-(€) [W(llx:11%)] n

(B.2) ©
= 2, W (|l 1P) L, (X1 - - Xn).

We also deduce that

S 0 N OP 2
Yo =22 T (i 1%) 2, (s )

=1 0x; =1

= 20| 1129 ([l 1) g, (X1, - s X),s

which, once combined with the definition of V,, f,, yields

n n 4 afn (E)
vaifn(xlv---’xn)'x’ ZZ (Z) Yi

i 0x
=1 14=1
B.3) ' =
=22||x,-||2w/(||xl-||2)1A,.<x1,...,xn).
i=1
For any i and any (x1, ..., X,) € A, [1x@) . 12 (X @) 112 = 112 129’ (|Ix;1%). So

on [ J; Aj (which is a set of full measure)

n
ey 1P (I l12) = D 1 1P (1 %) L, (1 ).

i=1
Equation (B.1) of Lemma B.3 follows from the last equation and from (B.3).
Furthermore, if ¥ is compactly supported in [—+/a, +/a] then f, coincides with
f;,(xl, oy Xn) = W(llx@y,nlDulxy, ..., x,) on (B(0, a))" where u is a compactly
supported and infinitely differentiable function such that u =1 on (B(0,a))" and
u=0 on (RH)"\ (B(0,2a))". Using the smoothness of u and the continuity of
Jn, we deduce that fn is also continuous on (R9)". Then we get in particular
that f, € L2((R%)",R). In addition, ¥’ is also compactly supported and by the
smoothness of u, we have for any i, ¢

3 fu Afs du
=u 4+ f
axl.“) axl.(é) " 8xl.(e)

in the sense of weak partial derivatives. Using once more (B.2), we deduce that for
any (i, Z) (e) also belongs to L2((R?)"). Hence, f,, e HL((RM).
Since on (B(O,a))” fn coincides with the function fn, which belongs to

H'(RY)" R), we deduce that f, € H'((B(0,a))*,R). The fact that
sup,, || fullLoo @y + X2 | Vg full Loorny < 00 also comes from (B.2). [
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B.2. A density result for the form functions considered in Lemma 4.4. In
the following lemma, we state a useful density result to approximate the form
functions f, defined in Lemma 4.4.

LEMMA B.4. Let k > 1 be a fixed integer and let V be a function belonging
to H'([0, 1], R). Define Wy (x1, ..., x,) = W(1)1(n < k) + V(X0 1) L(n > k).
Then there exists a sequence (fy.,) of symmetric functions of C'(W", R) such
that:

(1) Foranyn,£>0, foui1 [Xpi1€dW = Sen-
Cn/(igi) There exists some C > 1 such that foranyn, £ >0, || fo.n — Wy i own )y <
(iii') For each £, there exists some C;, > 1 such that for any n > 0

I fenllzoeqwn ®y + D 1V fenllzoeqwn my < (Cp)".
i
REMARK B.5. The notation W(1) makes sense if ¥ € H!([0, 1], R) since the
usual Sobolev injection yields that H'([0, 1], R) — C°([0, 1], R).

PROOF OF LEMMA B.4. The case d = 1 would deserve a particular treatment,
but as it can be easily adapted from the case d > 2, we only handle the latter one.

For any n > 1, and any (r1, ..., r,) € (0, 1)" define by induction
r(y,n =min(ry, ..., ry),
Tky,n = min{r ef{ry, ..., i\ {r(l),n, R r(k_1),,,}} for2 <k <n.

Then fix £ > 1 and define the following functions ®, on [0, 1]" for any n > 0 by
D,(r1, ..., ) = (VW (rg,n) — VY(1))L(n > k). In particular, &y = 0. We observe
that

Wy (1) = Pu (217 %) + W (D on W

If we approximate @, by density using Proposition C.7, Lemma B.4 will be de-
duced using a change of variables in polar coordinates justified in the sequel.
Since Proposition C.7 applies to a sequence of functions defined on R", we
need at first to extend each function ®, on R” into a function ®, belonging to
H'(R",R) and satisfying ||5>n||H1(Rn7R) < B" for some B > 1. This will be pos-
sible since for any n, ®, € H L((0, D", R). Hereafter, we prove that the new se-
quence (5,,) satisfies the assumptions (a)—(c) of Proposition C.7 with a = 1.

Step 1: We prove that for any n, ®, € H'((0,1)",R). We focus on the case
n > k as the case n < k is obvious. Since ¥ € H'((0, 1), R) ¢ L((0, 1), R)

2
/ |CI>n(r1,...,rn)| dry---dry,
0,1

2
= |\Il(r(k)’n) — \If(l)| dry---dry,
0,1)"
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n

=Z/ W () — W) dry - dry

= Jir1..rye.1y
- Ti=T(k),n

52[&/01(}\1;@-)]% |\I!(1)\2)drl~i|

dry---dri_1driyq---dry

.....

<2n(1W132 0.1 ) + D) < 00,

whereby we deduce that ®,, € L2((0, D™, R) for any n > 0.

To deduce that each ®,, belongs to H L0, D", R), we prove that for any n > 0,
®, € L>((0, 1)", R) admits partial derivatives w.r.t. r; for any i and that these par-
tial derivatives are all square integrable. Since ¥ € H 1((0, 1), R), W is continuous
on [0, 1] as well as (r1, ..., 7,) = ru),». Hence, ®, is continuous on W". By ap-

plying Lemma B.1 to the functions dD,(f) cri—=> O,(r1, ..., 1, ..., 1), we deduce
that for any (n, i), ®, admits a weak derivative w.r.t. r; and that fora.e. (r1, ..., 7,)

0®,(r1,...,rm)
or;

Since W € H'((0, 1), R), we have forany i € {1, ...,n}

=27y ¥ Py ) Lry p=rs P1s -2 ).

AD,(r1, ..., ) |? lgw
/ n(r1 n) dry - (ri) x 2r; dr;
(0,1)" or; or;
8\I’(r,
dri < 00,

which shows that ®, € H'((0, 1)*, R) and satisfies 1Pnllg1¢0,1y2 r) < nA for
some A > 0. _ _

Step 2: Extension of &, and properties. Let us define the sequence &, as fol-
lows:

~ . rn)=q>n(|rl|’---’|rn|)» if(rlv---,rn)e(_lal)na
D, (ry, ..., 1) =0, otherwise.

We prove that this sequence satisfies the assumptions of Proposition C.7. First,
assumption (a) is clearly satisfied. Second, since by step 1, ,, € H L((0, D™, R) for
any n and is symmetric, it is also clear from the definition of the sequence ®,, that
these functions all belong to H'(R",R) with |Ia>n”H1(anR) = Pull g1 0.1y R)
and are also symmetric. This proves assumption (b). Third, we can check that
assumption (c) is satisfied for the functions (®,). If r,4+1 =1 and (r(,...,r,) €
(0, D", r(ky,n+1 = r'k),n» Wwhich implies that for any n &, ppr=1 = ®,,. The case
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n<k—1isalsoclear. Whenn =k —1,r,=1s0org,=1and V(ru ) —
W (1) = 0. Then we deduce that assumption (c) is satisfied by the sequence (P,,).
By definition of the sequence ®,,, it is obvious that assumption (c) is also satisfied
for the functions 5n.

Step 3: Construction of the sequences ( f¢.,) to approximate the functions ®,,.
By step 2, Proposition C.7 can be applied to the sequence (®,,) with a = 1. We
deduce the existence of a sequence gy, of symmetric functions on R" satisfying
(A)—(D) of Proposition C.7. To conclude, we define the sequence of symmetric
functions fy,, on W by fon(x1,.... %) = gea(Ix11? ..., Ix211%) + ¥ (1) and
check that the desired result holds. The compatibility relations are clearly satisfied.
Furthermore, since for any (¢,n), g¢., € CH(R",R), then fen € cl(w",R). In
addition,

I fe.nllLoecwn Ry = 1 ge,nll L0, 1), R)

IV, fo.nllLoocwn Ry = 127 0i 8e.n |l Loo (0,17, R) < 2110i 8¢,n |l Loo((0, 1) R)-

Then we easily deduce (iii) from property (B) satisfied by the sequence gy ;.

To achieve the proof of Lemma B.4, we prove that || f¢.n — Wn |l g1 (e gy < C" /¢

2

for some C > 1. For any i and any x; € W, let r; = ||x; ||, ©; = x;/||x;l, u; = r;

and S~ = {x e RY, ||x|| = 1}. We have

[ et = o x) v d,

= |Sd_1‘n|:/;0 l)n’gﬁ,n(ul’ vy lty) — Dy (g, ---aun)|2

n
X l_[(ui)(d_l)/z_l/2 duy -- -dun:|.

i=l

Since d > 2 and H'((0, )", R) — L2((0, )", R),

n
2 —1)/2—
/(0 1)n|8e,n(u1,...,un)—@n(ul,...,un)} H(“i)(d D2=12 4y . du,

i=1

n
2 _
- (Ol)nlge,n(ul,...,un)—q>n(u1,...,un)| [T " duy - -du,
’ i=1

2
= /(o l)n|ge,n(u1,...,un) — @y (Ui, ..., up)| duy---duy,

the last display coming from the fact that d/2 — 1 > 0. It implies that || f;, —
W llp2own gy < ISd_1|”||gg,n — @nll2¢0.1)n R)- We also note that for any i
and any (x1,...,%,) € W", Vi f(x1,..., %) = 2x; - g(lx1]1%, ..., [1xa]1%). The
same change of variables as above yields that ||Vy, fen — Vi WallL2gwn gy <
IST "1V, 86 — Vi Pull 120,17 ) The point (ii) is therefore deduced. [
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B.3. Proof of Lemma 4.4. Following Section 3.1, we extend the closable op-
erator V : Dom(D) — L2(2) to

Dom(D) = {F € L*(2) : 3(F;) € Dom(D), V Fy converges in Lz(Q)}.

Now, we apply Lemma B.4 and choose a sequence (f,) € C L(W", R) satis-
fying the compatibility relations and point (ii), (iii) of Lemma B.4. Let us de-
fine (Fy), the sequence of elements in L2($2), which admit ( fe.n) as form func-
tions. We check that this sequence satisfies the following properties: (i) For any ¢,
Fy € Dom(D); (ii) F; — F in L3(); (iii) VFp converges in L?(2) to some Gy.

The property (i) is deduced from the compatibility relations since (fy ) €
CY(w",R) and point (iii) of Lemma B.4 holds. (ii) Since the functions (f; ,) are
given by Lemma B.4, we have for any n,£ >0, || fr, — lIJn”LZ(Wn’R) <Cc"/t
and ||Vy, fe.n — Vi Wnllp2own gy < C" /€ for some C > 1. Since for any C > 1,
=1y, C"/n! — 0 as £ — oo, Lemma 2.1 yields the result.

Using the definition of V Fy, we also have that Fy — F in LZ(Q) and VF; —
Gy in L3(2) where

Gr=2) 1LNW)=n)) Vyd,x.

n>k i=1

From Lemma 4.1, we have the explicit expression of G depending only on W:

(B.4) G =2 L(NW) = n)llx)n I*¥' (Ixk).0lI%)-

n>k

The E:sults (i)—(iii) combined with (B.4) precisely ensure that F € Dom(D) and
that VF = Gy.

APPENDIX C: AUXILIARY DENSITY RESULTS

C.1. Proof of Lemma 2.3. Observe that since C' (W”, R) is dense in L>(W",
R), & is also dense in L2(2) from Lemma 2.1. Then let us fix F € L*(Q) and
choose (Fy); € S’ such that F; — F in L?(S2). Denote for any £, (f¢.n) the form
functions of the functional Fy. Since for any £ Fy; € S, there exist some Cy > 1
for each £ such that for any n

n
(C.1) I fenllzooqwn ®y + Y IV fenll pooqwn gy < CL.
i=1

We modify each form function f; , on W"~! x 3W to get new form functions
hy ¢ related to some functional H, € S’ also converging to F in LZ(Q). Since
the topology involved in the convergence in L2(S) is the L2(W™) convergence,
to do so we will modify the functions x, — f; (-, x,) in a neighborhood of the
boundary of d W without changing the convergence properties.
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Since W has a C2 boundary, the function g : x € W > d(x, W) is also C? for
d(x, W¢) < gg for some gg > 0. In particular, for some M > 1

(C2) gl Loow.m) + IVl Lo w ey < M.

Now, we define the sequences (¢ ;)¢ by induction on n > 0. At first, we set g o =
fe.0- Then, for each ¢, consider ¢¢,1 € (0, g9) such that

1
(C.3) f [1he.0l* + \fe,1(2)|2]d2 < _2</ |f£,1(z)\2dz)
{zeW:d(z,WC)<gg 1} 20 zeW

and define s, ; on W by

Se1(2), ifd(z, W€) > g1,
h =1 d(z, W¢ d(z, W€ .
€1 Mfm(z) + (1 — M)h(,o, otherwise.
&e,1 €e,1

Since d(z, W) =0 for z € dW, we have hy 1|yw = hy o for each £. Using (C.3),
we also check that ||he1 — feillp2owry < I fe1llp2(w ry/¢- Furthermore, (C.2)
and (C.1) imply that for any ¢

n
et Looowr) + Y I Ve 1l oo may < MCo.

i=l
Assume that we have defined the sequences of functions (4 1), ..., (he,n) such
that:

e (Hl)foreachf>1and0<n <N —1,hgptr1=he, if 241 € OW.
e (H2)foreachZ>1and0<n <N,

When — fenllLzown my < I fenll p2own my/€-

e (H3)foreachZ{>1and0<n <N,

n
IBenllLooqwn®y + Y I Vaihenll pooqwn may < (MCo)".

i=l

Let I'y y4+1 denote the set Lenyr = {(z1,...,ZN+1) € WwN+1 cd(zy+1, W) <
&¢,N+1}. To define the sequence (¢, y+1), we consider, for each £, some g y41 €
(0, &) such that

/ [hen(is. oz + | fent1Gro oo zve )] dzr - dang
L,N+1

(C4) {

2
= dzy---d )
=50 /WN+l|f£,N+1(Z1 av+1)|"dzr - dzng
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Then we define /¢ 1 on WN*! by

hent1(21, .00, ZN1)
fen+1(z, oo ZN4+1), on Iy N1,
d(zns1, WO)
) ———————fen+1(z1s o 2N
= E¢,N+1
d(zn+1, WO) )
+ (1 - +—)hz,N(z], c . 2IN), otherwise
E0,N+1

and check that (H1)-(H3) hold. By construction (H1) is valid. Regarding (H2),
from (C.4)

2
Ihen+1 = fen+illT2gpna

2
= lhe, N1 — fen+117dzy -~ -dzn4

Ce,N+1
d , we¢ 2
S/ (1_ (ZN+1 ))
e N+1 E¢,N+1
2
X |he N (zZls v ZN) — foN+1@0 s Zng1)| dzr - dzy 4
2
<2 | fon+1(z1, oo zneD) | dzy - dzyg
Ce N1

d(zns1, WO) 2
+2 (1—+4)|h€,N(Zl,---,ZN)‘ dzy---dzy+1
Lo N1 E¢,N+1

1 2
< 6_2(/WN+1 | fen+1(z1, -y zne)| dzy - 'dZN+1>-

To check (H3), note that from (C.1) and (H3) we have

n

e, N1l Looqwn+t gy + Y IV he N1l oo qwn+1 ray
i=1

< maX(”fe,N-i—l Dot + 3 1V fen 1 oo (et -

l
M<||he,N||Loo(WN,R> + 3 Ve ke ||LOO(WN,W)))
i

< (MCpN T,

To conclude, let H, be the functional with form functions % ,. Since (H1) and
(H3) are satisfied, H; € Dom(D™) for each ¢. Finally, from (H2), we obtain that
I He — Fell 2y < 1 Fell 2 /¢, which combined with the convergence of Fy to F
yields that Hy — F in L%().
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C.2. Density results used in the proof of Lemma 4.4. In this section, we
state some density results used in the proof of Lemma 4.4 and more precisely in
the proof of Lemma B.4. Let p € (1, 4+00) and p’ such that 1/p + 1/p’ = 1. We
introduce the so-called Bessel-potential spaces defined for s > 0 by

HS(R",R) = {u € S'(R",R), (1 +|§")"*7 e L” (R", R)}

endowed with the norm ||u ||H;;(]Rn’R) =|(14+1& |2)S/2'LT||L,,/(R,, R)- When p =2, we
recover the usual Sobolev spaces H®(R", R). We also introduce the integrals

(C.5) Ay = (/%(1 ey dg)l/z

and denote by B” the Euclidean ball in dimension n with radius 1 for which we
recall that |B"| =72/ T'(n/2 + 1) <5.3.

LEMMA C.1. The sequence (A,,) is nonincreasing for m > 1/2 and for any
m>1landn=>1

1

C.6 —_—
(0 R (14 [&[2)™

d§ < ‘Bn|A%m—(n—l))/2‘

PROOF. By a change of variable in polar coordinates, we get that
1 r"~ldr 2
R (14 [E2)m 4 =Bl k(1 rom = B A G- O

Now, we make precise a result established by Triebel (1983), Section 3.3.1.

LEMMA C.2. Let pe(l,400), e >0and s > 1+ ¢+ n/p. For any u €
H,(R",R), u € CY(R",R) and for some C > 1 depending only on ¢
(€7 lull oo Ry + VUl Lo Ry < Cllull 3@ R).-

PROOF.  We use the density of the Schwartz class in H,,(R", R) and first prove

the inequality for # belonging to this class. We use that
u) = [ w@ras= [ [(1+1P)" 06—,
R” R (1+[§12)5/2

From the Cauchy—Schwarz inequality,

1 1/p
ol = ([, s ) Ml

(C.8) )
< B[P ALl e ).
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Let¢e{l,...,n),

du e iEx / 2\5/2~ Eee's
— = uE)e's*dé = 1+ u ——d§.
b= [ EE©e s = [ [0+ 1) 0] e
Then, from Lemma C.1 we get
ou |Eel?
_— < 5 n 7(1
(C.9) '3Xg'_||u||H”(R B o Gt g &
’ 1/p 42
=< |Bn| /pA((/Spfl)p,(nfl))/QHM”H[S,(]R”,]R)-

By combining (C.8), (C.9) and since the function m +— A, is nonincreasing, we
deduce that

1/p A2/p
”””LOC(R”,IR) + ||v”||L°°(R",R) =< 2‘Bn| A((S_l)p_(n_l))/znu||H;,‘(R”,]R)-

Since
1 2 1
sup sup  sup2|B”| /pA((/spfl)pf(nfl))/Z <2sup|B"| /pA%He)/z < 0.
n s>l+e+n/p p>1 n
(C.7) is deduced for any function u of the Schwartz class which leads to the result
since this class is dense in H ;,' R",R). O

Now, we recall some basic properties of the trace operator; see Adams (1975).

LEMMA C.3. FixaeRando > 1/p. The mapping v q: ¢ € DR R)

HI®RMLR) = g0 = [fpn @ C0EL . 6 G dE dEngr €
H g ~l/p (R, R) is continuous with norm less than A?,/ P,

The trace operator yn(i) is defined as its continuous extension from H (R

R) to Hj 'P(R" R). Since it is defined by density on D(R" R) C

Nps=1/p H), (R R), for p; # p> the two operators yn(f;l) and yn(ff) coincide.

For the sake of simplicity, we drop the index p, and always denote by y, . f the
trace of a function f belonging to some space H,, (R™*! R) for some s > 1/p and
p> 1.

In addition, we give an explicit expression of the extension operator to the
Schwartz class; see Zuily (2002), Lemma 1.17, Chapter 11. The following result
is a slight modification adapted to our framework.

LEMMA C4. LetaeR, M>0,p=>2,5€(0,2M) and g belonging to the
Schwartz class. Then the function f defined from g on R"*t! in the Fourier domain
by

., 5 (1+E'HMgE)
fE &) —AM+1/2(1+ E'P+ g2, )M

(C.10)
VE = (&, & 41) R
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is an element of H*11/P(R"+1 R) and satisfies
-2 2/p
(C-ll) ”f”H;,H/”(]R"“,R) = AM+1/2AMp+p/2_1/2+Sp/2||g||H;(]R",R)

and yy o f = g. Moreover, if g is symmetric, so is f.

REMARK C.5. The function f is not unique (it depends on M) since the trace
operator is only a surjective operator. The main point is that we can extend the
function g so that inequalities C.11 are valid for a large range of values of (p, s)
and for the same functions f.

PROOF OF LEMMA C.4. All the conclusions of Lemma C.4 are stated and
proved in Zuily (2002), Lemma 1.17 of Chapter 11, except (C.11), which we now
focus on. To prove (C.11), observe that since p > 2

1gENIP
(14 |§-|2)Mp+p/2—sp/2—l/2
18§17
(14 |§-|2)Mp+l/2—sp/2'

(1+ 162 VPP F o) = Ay p(1+ 8P

2 2M
= AM—fl/z(l + &)

Since M > 5/2,2Mp+1—sp > 1 which implies &, (14 |&|>)~Mp+1/2=sp/2)
is integrable. Hence,

[a+1e 2 Fe dgu

= 3 [+ g )
x (141817 [g()]".
Denote £,41 = (1 + |£'|*)!/?n, then

- — (1+1g/1%)1/2
/R(1+|5|2) Mp+1/2-50/2) ge

= (1 + |§/|2)Mp+1/2—sp/2

—(Mp+1/2—sp/2
X/l%(l_{—“ﬂz) (Mp+1/2—sp/ )dn

_ (L+18'»'2
- Mp+1/2—sp/2(1+|$/|2)Mp+l/2—sp/2’

whereby we deduce that

L. +1eP 72 F@P gy

_ AT2p 2
= AM—|—1/2AMp+1/2—sp/2

N L+Eg»He ,
X _/Rn(l-i_|‘§| ) P (1+|$/|2)Mp+1/2—sp/2|g(g )|pd$
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2p 2|~
AM+1/2AMP+1/2 SP/Z/ ( +|5 | )sp/ | ( )|pd5

_ AT2p
= AM+1/2AMp+1/2—Sp/2”g”H;(Rn’R)- 0
Based on the previous lemma, we can state the following one.

LEMMA C.6. LetacR, M >0, p>2,5s¢€(0,2M) and g € H;(]R”,R).

Then there exists some function f belonging to HIS,H/I’(R”“,R) such that
Yn.af = g. In addition,

(C.12) LW 5170 e gy = Knrlg e e )

where Kjyr > 0 depends only on M. Moreover, if g is symmetric, f can also be
chosen symmetric.

PROOF. We consider a sequence (g¢) of functions of belonging to the
Schwartz class converging to g in H,(R",R). We fix some M > s/2. For any
£, we define an extension (f;) of the function (g¢) using (C.10). Since (gy) is a
Cauchy sequence in H,,(R", R), we deduce from (C.11) applied with o = s that

2/p
I fe — full Hl/”(R"“ R) = = AM+1/2AMp+p/2_1/2+Sp/2||g€ - gm”H;;(R",R) —0

as £, m — oo. The sequence (f¢) is a Cauchy sequence in H;H/p(R”“, R) and
converges to some function f in H;+1/ P(R"*+1 R). This convergence also holds
in H[s,H/ PR+ R). Hence, we can let £ — oo in the inequality
I fell o < Ay lgell ey e
sH/p (el Ry = M+l/2 Mp+p/2—1/2+sp/2 11 8CIHS (R"R)

to get

2/p
”f”Hf,“/"(]R"“,]R) = AM+1/2AMp+p/2 1/2+sp/2||g||H§(R”,R)-

To deduce (C.12), we observe that, since (A,;) is a nondecreasing sequence,
SUp > Al\ép-i—p/Z 1/24sp/2 < SUPp>2 A25u+1/2 < 4o00. Therefore, we can set

_ A2 2/p
Ky =Ny (S‘ilg AMp+p/2—1/2+sp/2)‘
pP=

If g is symmetric, we can replace the sequence (g¢) by its symmetric part.
Therefore, the functions ( fy) are symmetric and sois f. [J

From this result, we can deduce the next proposition used in the proof of
Lemma 4.4.
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PROPOSITION C.7. Leta € R and k € N\ {0}. Let (®,,)n>0 be a sequence
satisfying: (a) ®, =0 if n < k. (b) For any n > k, ®, is a symmetric function
belonging to HY(R",R) such that 1Pl g1 (re Ry < B" for some B > 1. (c) For
anyn >0, v, o Pu11 = ©,,. Then there exists a sequence (g¢.n)n>0.¢ Such that:

(A) Forany { and anyn <k, g¢, =0.

(B) Foranyn >k and €, g;.,, are symmetric functions belonging to Cl(R",R)
such that for any £, ||g¢nllLoo®r,R) + IV&enllLoo®r Ry < My for some My > 1.

(C) Forany tandn, ||g¢.n — Pnll g1 (e gy < C" /€ for some C > 1 independent
ont andn.

(D) For any £, the sequence gy, also satisfies the relation yy, 48¢.n+1 = 8t.n-

PROOF. Up to a translation, we can assume that ¢ = 0. We can also assume
that k = 1 and we denote y,, = yy.0.

Step 1: Approximation of functions ®,, by smooth functions (hy ). Set for any
£, ge.0 =hgo=0.Let £ a fixed integer. There exists n,¢ such that for any n > ny,
B" > £. For n > ng, we set hy , = 0. Since || @y || g1 (gn gy < B", we deduce that
forn > ny,

(C.13) lhen — Pl g1 @y = 1Pnll g1 @y < B" = B*"B™" < B*" /¢

by definition of n,. Hereafter, we define (4 ,) for n <ny, — 1. To do so, we apply
classical density results and consider a sequence (¢ ,) € D(R", R), such that for
any £ inequality (C.13) is satisfied for any 1 <n < n,.

Since the functions Ay , are both smooth and compactly supported and 4, , =0
for n > ny, the constant

(C.14) Ce.p=supllhenll g2®e vy
n>0 !

is finite.

We can replace the sequence (h; ) by the symmetric part of each function
and since each ®, is symmetric, we can assume that all the functions (4, ,) are
symmetric. We modify by induction the sequence (¢ ,) in order to define a new
sequence (g¢ ,) satisfying the compatibility relations (D).

Step 2: Definition of the sequences (g¢.n) for n > 0.Forn =0, we set gg0 =0
for any ¢ > 1. When n = 1, the continuity of the trace of functions of H (R, R)
yields [y1he1 — P1(0)] = |he,1(0) — Dg| = |he,1(0)] < A/€ for some A > 0. Let ¢
be a symmetric function belonging to D(RR, R) such that ¢(0) =1 and set gy 1 =
hy 1 — he1(0)@. This sequence clearly belongs to (ﬂp>1 HI%(R, R)NH(R,R),
and all functions g, ; are symmetric. First, we can check that for any ¢, gy 1(1) =
0 = g¢,0 and so (D) is satisfied for n = 0. Second, since |A¢,1(0)] < A/€ for some
A>0and [lhe1 — PillgirR) < B?/¢ as stated in (C.13), we deduce that llge.1 —

@1l g1 ) < C/L for some C > 1 with C = B>+ A>1.
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Assume that we have defined for any £ by induction some symmetric functions
ge. N, belonging respectively to (N >N H ]% RV, R)) N H' (RN, R), satisfying (D)
forn=1,...,Nandforany ¢, p > N

(C.15) lgenll e vy < DY

for some Dy, ,, > max(Ag/ng, Ce,2K2 + 1, lge.1 ||H3(R,I’R)) and

(C.16) lge.n — yNEN+1ell ey < CV/

for some C > 1. Now, we define for any ¢ the functions g¢ y+1. The function
ge.N+1 will be of the form gy y41 =hy N1+ fzg,NH, where Zg,NH is a function
depending on g¢ v and kg y1.

Let us explain how the functions Eg, N+1_are defined. Since we require that
YNge.N+1 = 8¢.N, We have necessarily ynhent1 = YNge.N+1 — YNReN+1 =
ge.N — YNhe n+1. Then to define the function A, y1, we have to extend the func-
tion g¢. Ny — ynhe N+1 tO R"+1 which is possible in view of Lemma C.6. We now
use induction assumptions (C.15), (C.14)

lge.n — ynhe N+1 ||H§(RN,R) < ”gZ,N”Hg(RN’R) + lynhen+1 ||H§(RN,R)
2
< DYy + AP e v ety
<D}, +AYPci <2D} .

where the last inequality comes from the bound Dy , > Ai/ Pey.
Now, we apply Lemma C.6 to g = g¢. v — ¥Nhe N+1, With M =2 and succes-
sively fors =2, p> N + 1, s =1, p =2. Then we get the existence of sy y+1 €

2+1

(Np=vr Hy P @NFLR) 0 HIF2@RNFLR) € (N y HXRYHLR) N

H! (RN+1 ,R) such that yyh¢ n+1 = 8ge.N — YNhe N+1, Which satisfies:

o [Ihe N1 ”H[%(RN’R) < 2K2D£’p with p > N + 1. In view of g¢ y41 =h¢ Ny1 +
hent1 and Dy, > max(Cy,2K, + 1), it implies || y41 Iy my <
e, N+1 ||H1§(RN,R) + ”Eé,N-i-l ”HI%(RN’R) <Cy +2K2D2/p < Dé\j;rl which means
that (C.15) is satisfied forn = N + 1.

o e n+1llgi et ) < K2lge.n — ynhen+1llgi2@e g)- By (C.16), we can re-
placed C by max(C, K») and deduce

lhe vl i y+1 Ry < Cllge,n — YNhe N+l 12 @R R
(C.17)

<C"Ige.o — ynheallgagnm < CN /e
which means that (C.16) holds forn = N + 1.

We then define a sequence (g¢ ) which satisfies the two induction assumptions
forn=N +1.
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Step 3: Proof of properties (A)—(D) for go.n+1 = he.n+1 + E@ N+1. Prop-
erty (A) is obvious by definition of (g¢0). By construction, we have that, for
any ¢, hg N+1 is a symmetric function belonging to (1,. y41 H Z(R”“ R) C

C'(R"*!,R) (see Lemma C.2), and so is g y1. Further, applying once more
Lemma C.2 with p = p, > 3/2n and property (C.15) of the sequence (g¢.,) we
get

ligenllLo®n ) + IVEenllLo®n ) < DY

with Dy = A1/2Dy,p,. Hence, (B) is satisfied. The relation yyge n+1 = g¢,n
directly ensues from their definitions and yields property (D). Since gy n+1 —
®yi1 = (hens1 — Pni1) + he ni1, combining (C.13) and (C.17) implies that
(O)issatisfiedforn =N +1. O
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