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In this paper we consider a novel statistical inverse problem on
the Poincaré, or Lobachevsky, upper (complex) half plane. Here the
Riemannian structure is hyperbolic and a transitive group action
comes from the space of 2 X 2 real matrices of determinant one via
Mobius transformations. Our approach is based on a deconvolution
technique which relies on the Helgason Fourier calculus adapted to
this hyperbolic space. This gives a minimax nonparametric density es-
timator of a hyperbolic density that is corrupted by a random Md&bius
transform. A motivation for this work comes from the reconstruction
of impedances of capacitors where the above scenario on the Poincaré
plane exactly describes the physical system that is of statistical in-
terest.

1. Introduction. The recovery of objects, for example, densities and
functionals thereof, based on noisy indirect observations, otherwise known as
statistical inverse problems (see e.g. [23]), is scientifically of intense interest.
The literature is vast and we mention only a few selected papers. Most of the
work is concerned with deconvolution on Euclidean spaces. Prominent ap-
proaches are based on wavelet and wavelet-vagulette expansions (see [1], [24]
and [39]) or, on singular value decompositions (see [33], [5] and [26]), where
for the latter block thresholding techniques lead to adaptive estimators,
see [8]. Minimax rates in deconvolution have been investigated by Fan[15],
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and many others. Recently, oracle inequalities have been proved in [9]. The
specific problem of boxcar deconvolution and its link to Diophantine ap-
proximation have been investigated in [21] and [22]. Other methods include
the linear functional strategy, see [16] and variants thereof. Very popular
are Fourier series estimators which have been known for a long time and
often they become particularly simple because on Euclidean spaces they can
be treated with kernel methods, see [15], [19] and [44]. We note that even
though our approach also utilizes Fourier methods on groups, due to the
hyperbolic geometry, the resulting estimator cannot be treated by kernel
methods thus complicating our endeavor considerably.

In this paper we provide a novel methodology for statistical object recov-
ery on the Poincaré upper half plane which we call the problem of Mobius
deconvolution. Here the group of Mobius transformations is given by all
fractions of the form (az + b)/(cz + d) for a complex number z and a 2 x 2
matrix with real entries a, b, ¢, d of determinant 1. The metric which is in-
variant under these transformations is the hyperbolic metric (to be specified
in the next section) which will replace the Euclidean metric in a natural way.
In fact, a key observation is, that this problem can be tackled by generalized
Fourier methods similar in spirit to the Euclidean case. The development of
the theory builds on the foundations laid out in [43, chapter 3]. However,
extending Euclidean arguments to this manifold is challenging since the hy-
perbolic space is non-compact, the (hyperbolic) geometry is non-Euclidean
and the group of Mobius transformations is non-commutative. A fundamen-
tal technical difficulty comes from a lack of a dilation property that does
not extend over from the Euclidean case. Despite these difficulties, a generic
element is the Riemannian structure on a manifold, on which a Laplacian
can then be defined. This together with the generic Euclidean approach as
outlined in [33] will be the foundation to what will be presented below.

In addition to the theoretical interest of this novel scenario of Mobius
deconvolution, there are important practical applications as well. One par-
ticular situation occurs in alternating current circuit analysis and design
whenever signals travel through circuit elements as well as whenever geome-
tries of waveguides change. A simple example of the latter is a connector
to a coaxial cable, say. Here, the so-called ‘reflections’ are modeled on the
complex unit disk and the corresponding ‘impedances’ occur in a complex
half plane. Usually, these reflections or impedances are not directly visible
but observed through other electrical devices, such as a ‘two-port’ which in
turn is modeled by M&bius transformations. In particular, a class of so called
‘lossless’ two-ports can be identified with 2 x 2 matrices of determinant 1.
One particular aspect of Mobius deconvolution is related to the temporal de-
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cay of impedances of capacitors whereby the above scenario on the Poincaré
plane exactly describes the physical system that is of statistical interest.
Other applications include the field of electrical impedance spectroscopy, as
well as electrical impedance tomography. In the former, measuring varying
impedances due to variable ion transport through biological membranes is
currently of high interest in view of pharmaceutical drug design, see [14] as
well as [41]. In the latter in a non-invasive and radiation-free way, medical
imaging can be cost effectively accomplished by measuring skin-impedances,
cf. [6]. Indeed, for successful reconstruction, control of various errors is of
paramount importance, see [17]. There is also work in higher dimensional
hyperbolic spaces with respect to medical imaging, see for example [29].

In statistics there is also some recognition of the Poincaré plane and its hy-
perbolic geometry particularly so because the parameter space of the Gaus-
sian distribution (with unknown mean and standard deviation) is this space.
Furthermore, it has been shown by several authors that the Riemannian met-
ric derived from the Fisher information is exactly hyperbolic, see [25, 32] for
details. Obviously, location and dispersion parameters of arbitrary distri-
butions and random estimators thereof can be viewed within the Poincaré
plane. Curiously here, the family of Cauchy distributions play a specific role
as being equivariant under Mobius transformations, see [34, 35] for this and
its consequences for parameter estimation. Based on the above, techniques
from the hyperbolic geometry of the Poincaré plane are developed exclu-
sively from a parametric point of view, cf. [36]. As far as the authors are
aware, our contribution is the first attempt at nonparametric developments.

We now summarize the paper. Section 2 is a preliminary section which
introduces the notation along with the Helgason-Fourier analysis needed for
this paper. Following this, Section 3 presents the main results. In Section
4 we focus on computational aspects of Mobius deconvolution illustrating
the ideas through simulations. To this end we introduce in addition to the
hyperbolic Gauss the hyperbolic Laplace distribution. In Section 5 we go
into explicit detail with respect to the Mo6bius deconvolution problem for
statistically recovering the temporal decay of impedances of capacitors as
outlined two paragraphs above. We will briefly sketch the background, how-
ever, if the reader is well versed in this field, then one can start from Section
5.4 where we examine a data set that was aquired through collaboration
with the University of Applied Sciences (Fulda, Germany) that depicts the
physical system of this paper. In particular, we are able to identify random
impedances when only their impedances viewed through random capacitive
two-ports are given. Following this, technical details of the Poincaré upper
half plane and the proofs of the main theorems are collected in appendices.
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As usual for two function g and f, write f < ¢ if f(z) = O(g(z)) and
g(z) = O(f(z)) for x — oo or, z — 0, depending on context.

2. Preliminaries. In the following let R and C denote the real and
complex numbers, respectively. Furthermore, the group of real 2 x 2 matrices
of determinant one is denoted by

(2.1) SL(2,R) := {g: ( CCL 2) :a,b,c,dER,ad—bc:l}.

This defines the group of Mdbius transformations M, : C — C by setting
for each g € SL(2,R),

az+b
2.2 M = —
(2:2) )= 2T
where My My, = Mgy, for g, h € SL(2,R). Let
(2.3) H = {zeC:Im(z) >0}

be the upper half plane where ‘Re(z)’ and ‘Im(z)’ denote the real and imagi-
nary parts of a complex number z, respectively. Then for each g € SL(2,R),
the Mobius transformation M, is a bijective selfmap of H. Moreover, for
arbitrary z,z’ € H there exists a (in general not unique) g € SL(2,R) such
that 2/ = My(2').

The action of SL(2,R) on H which is rather involved is further discussed
in Appendix A. It will be used in the proof of the lower bound in Appendix
B.3. For the following we note that Mobius transformations preserve the
family of vertical lines and circles centered at the real axis, cf. Figure 1.
This is a consequence of the fact, that Mobius transformations leave the
cross ratio
(21 — wi)(22 — wy)

(21 — z2) (w1 — w2)
invariant. For a detailed introduction, cf. [38], Chapter 3.

The deconvolution, or statistical inverse problem of reconstructing the
density of a random object X on H, of which we only see a version Y cor-
rupted by an independent random error € on SL(2, R) can now be formulated
as

(2.4) Y = M.(X).

C(Zl, 22, W1, w2) =

A natural geometry for (2.4) is the given by the hyperbolic distance on H
14 4/lc(z, 2,2, Z
d(z,2') = log |( )
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geodesic segment) between two points

2,2 € H in the hyperbolic geometry is
/ either a vertical line segment (if Re(z) =
Im(z)) or an arc on the circle through z
and 2z’ with center on the real axis.

I Fic 1. The shortest connection (a

since for this distance the space of isometries of H is precisely the group
of Mébius transformations, meaning that d(My(z), My(2")) = d(z, 2’) for all
g € SL(2,R) and z, 2’ € H. Here, Z = 2 — iy denotes the complex conjugate
of z = x + iy. The corresponding hyperbolic measure is chosen such that

(i) its area element dz agrees with the area element dxdy of Lebesgue
measure at z = ¢ and
(ii) it is invariant under Mobius transformations.

In consequence, the Radon-Nikodym derivative of the hyperbolic area ele-
ment with respect to the Lebesgue area element at w = u + v is given by
v~2 which is the determinant of the Jacobimatrix

Uy Uy
Uy Uy

of a Mébius transformation M yielding M (i) = (ai + b)/(ci + d) = u + iv.
This can be verified with the complex derivative M’ (i) = (ci+d)? = uy +iv,

and the Cauchy differential equations uy, = —v,, vy = ug, cf. [43], Chapter
I11.
At z = x + iy € H we have hence the hyperbolic area element
drd
(2.5) d: = =2
Yy

In addition, in order to properly define below in (2.6) a convolution of a
density on H with a density on SL(2,R), a compatible bi-invariant Haar
measure dg on SL(2,R) is chosen in Appendix A.

Hence, X and Y are random complex numbers in the upper half plane H
equipped with the hyperbolic geometry and ¢ is a random isometric self-map
of H applied to X by (2.2). The problem of the Mdébius deconvolution can
be made precise as follows. A density on the upper compex half plane with
respect to the hyperbolic measure is called a hyperbolic density. Densities
on SL(2,R) are taken with respect to the Haar measure dg.
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PROBLEM 2.1.  Under the model (2.4) estimate nonparametrically, the
hyperbolic density fx of X from the hyperbolic density fy of Y when the
density fo on SL(2,R) is known.

We note that this setup assumes underlying i.i.d. X3,..., X, corrupted
by i.i.d. errors €1,...,&y, also independent of X; (j = 1,...,n) giving ob-
servations Y; = M, (X;), j=1,...,n.

We will base our work using Fourier, or singular value decomposition
methods that are common for the Euclidean case, see [33], [5] and [26], and
the fact that the densities of (2.4) are related by the convolution

2O o) = e = [ F0)fx (Mg (2) do-

This fact is a consequence of (A.4) in Appendix A.

From here on, we will make the abbreviation SL(2) := SL(2,R), as well
as to write (2.2) as simply g(z) or gz for g € SL(2) and z € H whenever the
context is clear.

2.1. Fourier analysis on the Poincaré plane. For purposes of Mo&bius
deconvolution for Problem 2.1 we sketch the Helgason formulation of hyper-
bolic Fourier calculus which can be found in more detail in [43, Chapter 3.2].
The Helgason-Fourier transform of f € C°(H) with the latter being the
space of real valued functions with compact support in H with derivatives
of all orders, is defined as the function

Hf(s, k) = /Hf(z) (1m (k(=)) " d2

analytic for (s, k) € C x SO(2) where overline denotes complex conjugation.
Here,
k=, = ( cosu  sinu

—sinu  cosu

) € SO(2) C SL(2)

is naturally identified with u € [0,27) acting on H as the Mobius transfor-
mation L si
zcosu + sinu
My(z) = ————,
cosu — zsinu
as defined in (2.2), cf. Appendix A. Note that for all s € C, z = z + iy — y°
S
and z — (Im (k:(z))) are eigenfunctions with corresponding eigenvalues

s(s — 1) of the Laplace-Beltrami operator

02 H?
N
(2.7) 4 (83:2 Oy? >
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on H. With the spectral measure

dr t tanh(mt) dt du

"~ 8n?
on R x SO(2) the inverse Helgason-Fourier transform is given by

(28)  f(z) = /teR/uu_O%Hf (; —I—z‘t,ku) (Im(k(z)))%Jrith,

where 72 = —1. The following result justifies these definitions: mapping to

the Helgason-Fourier transform extends to an isometry L?(H, dz) — L?(R x
SO(2), dr), that is we have the Plancherel identity

2o [l = [ [

where we denote the space of square integrable functions over some space
by L?. We note that f € L?(H,dz) is SO(2)-invariant if and only if Hf €
L?*(R x SO(2), dr) is SO(2)-invariant. Thus, for numerical computations [43,
p.141 and p.149], for an SO(2)-invariant function f, transforms and inverse
transforms can be considerably simplified:

2
dr,

Hf (; +it,k:u)

1 o0
Hf ( + it) = 27 / f(e™"i) P_1 ;(coshr) sinhrdr,
2 0 :

(2100 fle i) = — / T Hy @ +it> P_ys ,y(coshr)t tanh(mt) dt

47 J_ o

with the Legendre function

P,(c) = L /027r (c—l— V2 —1 cos(qb))a do .

27
Throughout this work we will use the following assumptions.

(D.1) All densities are square-integrable:
fx. fy € L*(H,dz), f- € L*(SL(2),dg);
(D.2) The error density f. is bi-invariant:
felagb) = f(g) Vg €SL(2), a,beS0(2);
(D.3) fx € Fu(Q) for a Sobolev ball
FalQ) = {f € L*(H,dz) : ||A% f|* < Q}
with @ > 1 and @Q > 0.
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Here, A?f denotes the unique function h € L?(H,dz) with Hh(s, k) =
s(s —1)2Hf(s, k).

As detailed in Appendix A, the isometry SL(2)/SO(2) — H : ¢SO(2) —
M, (i) preserves the action of SL(2). Hence a density f. satisfying (D.2) can
be regarded as an SO(2)-invariant mapping H — R. In particular, in case of
(D.1) and (D.2), the Helgason-Fourier transform H f.(z) is well defined, we
have

(2.11)  Hfy(s,k) = H(fexfx)(s,k) = Hfe(s) Hfx(s, k),

[43, p. 149]. One final assumption to be made is the following.
(D.4) 3 constants 3,7, C1,Cy > 0 such that

B B .
Ciexp Y < [Hfe(s)| < Caexp - Vs:§+zt,t€R.

As an example, the hyperbolic Gaussian-distribution, see Section 3 below,
satisfies (D.4).

Of course, any density on the upper half plane (or on the unit disk)
can be rescaled with respect to hyperbolic measure. One example, using the
normalized squared absolute cross ratio c(z, 8, Z, §), has been kindly provided
by one of the referees:

— 6 —31\° 2
1 (’Z 2”92 9') dz = do”dz dy S, z=xtiycH
7" |z — 4 m((x—p)?2+ (y+0)?)

with a hyperbolic parameter § = p + ic € H; e.g. one could take z and y
as suitable estimators of the location and dispersion parameters of another
distribution, cf. [34, 35]. Note that this density is not SL(2)-invariant, rather
it is equivariant with respect to the SL(2) action on both variable z and
parameter 6. In the context of this research one is interested also in SIL(2)-
invariant densities. Such can be generated from suitable densities on y €
[1,00). Moreover, SL(2)-invariant functions additionally fulfilling (D.3) can
be obtained by applying the inverse Helgason transform (2.10) to suitable
functions on s = % +it, —0o < t < oo. If the function is even in ¢, then
the inverse Helgason transform thus obtained is real. It is, however, not
necessarily non-negative. As a consequence of P_j /o (coshr) > 0 for ¢t =
0, non-negativity can be obtained if the function tends sufficiently fast to
zero as t — oo. Numerical experiments indicate that one may consider for
7 > —1/4 and @ > 1 a suitable multiple of a power of a Cauchy density in
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the spectral domain

1 1
(212)  Hharls.k) o T T T Tt e

giving an invariant hyperbolic Laplace density hqr € Fo(Q). This density
can be lifted as in Appendix A giving a bi-invariant density Eaﬂ- on SL(2).
In particular ?Lalﬂ-l * Nag.ry € Fan+as(Q) for 7, > —1/4, ay, 9 > 1 and
suitable @ > 0.

We will not elaborate further on this topic, but we mention that motivated
by our research and by many potential applications, the task of generalizing
non-Gaussian distributions to hyperbolic spaces may lead to a new field of
challenging research.

3. Main results. Let us begin with the definition of the Helgason-
Fourier transform of the generalized derivative of the empirical distribution:

fi(,n)(z) =1 71 0y;(2) where Y1,...,Y, is a random sample in H
n L& s
(3.1) HAD (s k) = =3 (Im (k(Y)))) -
(et
Obviously
(3.2) EHfY (s,k) = Hiy(s,k),

where ‘E’ denotes expectation. We estimate the Helgason transform of an
SO(2)-invariant density as well by an SO(2)-invariant estimator:

(33) I () = HAD(s T %Z

with the identity element I € SO(2).
From the Helgason-Fourier transform (3.1) we build an estimator by using

(2.11) and the inverse Helgason-Fourier transformation (2.8) with a suitable
cutoff T' > 0:

n u=2n H f{* —|—Zt k 1
3.4) 00 /t|<T/u st (1) ) (1m (ku(2))) ™

for the density fx. This is well defined if Hf. # 0 is bounded from below
on compact sets which is guaranteed under assumption (D.4). Even though
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we consider in this section the general case, we note in view of (3.3) and
(2.10) that for the estimation of an SO(2)-invariant density fx, we can use
the simpler

N—

T HfE (L it
f)((n,T)(efTZ') - L / Y(QP_l_H.t(coshr)t tanh(nt) dt .
am JoT Hf. (% +it) 2

As the first main result we have

THEOREM 3.1.  For fx, fy and f. satisfying (D.1) - (D.3), and Hf: # 0
bounded from below on compact sets, there is a constant C' > 0 not depending
onT,a,Q and n such that

—2 2
B¢ — fx)? < C;g} — QT 2,

1.
Hfg (2 + Zt)
as n — oQ.

If the corruption by error is smooth enough or equivalently if the asymp-
totic rate of the decay of its Helgason-Fourier transform is suitable, the
cutoff T can be adjusted appropriately to obtain the following rates.

THEOREM 3.2. Suppose that fx, fy and f. satisfy (D.1) - (D.4). Then
1
by letting T = (3 logn — L log(logn))? where n > 2(ac+ 1)/

2

n, B
Bl - £l <@ (Jlogn) 1+ 0(),
as n — oo where « is from condition (D.3).

The optimal rate of a power of logn in case of error smoothness (D.4)
is in agreement with Euclidean results. On the real line, condition (D.4)
corresponds to supersmooth errors for which Fan [15] establishes the same
type of rate. This rate has also been established by Butucea and Tsybakov [7]
in case of additionally supersmooth signals. For a scenario corresponding to
our setup on compact Lie groups, see [28] and more general on any compact
manifold, see [27], where similar rates have been found.

The above results are minimax in the sense that the rate of convergence
is matched by a corresponding lower bound. We have the following.
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THEOREM 3.3. Suppose that fx, fy and f. satisfy (D.1) - (D.4). Then
for some constant C > 0, we have

inf sup E[| " — fx|* > C (logn) ™ 7

as n — 00, where the infimum is taken over all estimators f™ and the
supremum over all fx € Fo(Q).

Recall the Gaussian density g, on the real line with zero mean and vari-
ance 2p > 0 can be characterized as yielding the solution of the heat equation

(A—=0,)u=0
with initial condition u(z,0) = f(z) by

(3.5) u(z,p) = (9p % )(2)-

Similarly on H, the density g, giving the solution of the heat equation by
(3.5) is also called the Gaussian density for H. Here, the Laplace-Beltrami
operator A would be defined by (2.7), and the convolution in (3.5) would
be defined as in (2.6). Using (2.11) for SO(2)-invariant f and wu it is easily
seen that Hg,(s) o e*(5=Dr_ Consequently, in terms of assumption (D.4),

the Gaussian density satisfies § = 2 and v = 1/p. We have the following
result.

COROLLARY 3.4. For fx and fy satisfying (D.1) - (D.3) consider cor-
ruption according to a Gaussian distribution f. = g,. Then by letting
T? = ﬁ [logn — nlog(logn)] where n > 1+ a,

T _
Bl — fx|? = (logm) ™,
as n — oo gives the optimal rate of convergence.

4. Computations and simulations. In this section we elaborate on
computational aspects, simulations, and in particular discuss the Gaussian
distribution on H. We begin by first discussing methods for choosing the
truncation parameter.

4.1. Estimating truncation parameter. A popular technique for data-
driven choice of a truncation parameter is least squares cross-validation
(see [13] or [45, chapter 3.3]). We will discuss how that technique can be
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adapted to our setting. For a given random sample Y7,...,Y,, an optimal
cutoff ' = T¥ > 0 minimizes the mean integrated squared error

1 = axgmingo {B ([ (1070 az) - 22 ([ 1607 )d:) |

Instead of deriving a minimizer of the above we content ourselves with min-

2
imizing a suitable estimator. Obviously, fH( )((n ’T)(z)> dz is an unbiased
estimator of the first term. Let

o T 2m 1 3+
R0 [ g S ) (k)

n—1+4
J

A
Hf- (% +it)

and therefore choose

. n 2 2 s L(n
T, = argming (/IHI (f)(( ’T)(Z)> dz — - Zf)(( ’T’l)>
=1

which is an estimate for an optimal 1" = T.
Alternatively, we can use the result of Corollary 3.2 and set

1

T= B logn — %log(log n)"] ’

We are aware of the fact that cross-validation in general suffers from too
large variability and, of course, more involved parameter selection methods
could be generalized here as well (see for example [11], [12], [37],[40] and [42]
among many others). However, we do not pursue this issue any further in
this paper.

4.2. Simulation of the Gaussian distribution. For simulation we use the
analog g, of the Gaussian distribution on the upper half plane introduced
above. Recall that by a more subtle argument, see [43, p. 153 and 155], the
inverse transform is obtained in polar coordinates (for any k£ € SO(2)):

o0 —b2/4
1 B el be="/4 db
VArp r V/coshb—coshr

ﬁp(r)
27 sinhr’

that is for a px-Gaussian distributed SO(2)-invariant random object X on
H and an SO(2)-invariant subset A C H,

P{X € A} = Goy (T)dr,
{ J {r>0:e-Ti€ ANH} 9ox (1)
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see (A.2). Hence, in order to simulate X from an invariant Gaussian distri-
bution we simulate rx ~ g,, on R and ux uniform on [0, 27); then

X = kuy 0 Rry (1) = kuy (e770).

Note that g,, € Fo(Q) for all a > 0 with suitable @ = Q > 0. That is fx
satisfies condition (D.3).

100 independent hyperbolic 0.1-gauss Each deviate on the L.h.s corrupted by an independent
distributed deviates bi-invariant 0.05—-gauss Moebius deviate
S . .
w * B
N M o o o 4 °
o s B
N .
> * o e
- o 2 .
c Bt ] ) .
E . ':‘
e w
g . " .Pﬁ' =3
T T T T T T T T
-4 -2 0 2 ) -4 -2 0 2
x x
1000 independent hyperbolic 0.1-gauss Each deviate on the L.h.s corrupted by an independent
distributed deviates bi-invariant 0.05-gauss Moebius deviate
©
w
w | < o
o
> T > 7
w
i ~ o
] ]
w | & "
s
T T T T T ° T T
-4 -2 0 2 ) -5 0 5
x x
10000 independent hyperbolic 0.1-gauss Each deviate on the L.h.s corrupted by an independent
distributed deviates bi-invariant 0.05—-gauss Moebius deviate
5 - o -
] w
w
N < 4
> T > o o
w
- o
n ] -7
24
T T T T e~ T T T
-4 -2 0 2 4 -5 0 5
x x

Fia 2. Three simulated data samples of n = 100 (top row), n = 1000 (middle row)
and n = 10,000 (bottom row) independent random data points on the upper half plane.
Left row: original independent invariant px-Gaussian distributed data points, right row:
transformed data points under independent n bi-invariant p.-Gaussian distributed SL(2)
transformations (right).

Similarly, in order to simulate € from a bi-invariant p.-Gaussian distribu-
tion on SLL(2) we consider re ~ g, and k,,_, k,, independent and uniform on
[0,27). Then

Y =ky oRy oky(X),

see (2.4) and (A.3).
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According to Theorem 3.1, (3.1) and (3.4) we can then estimate the den-
sity fx by

umam 130 (Im (ka(Y))))® Lyt
fgL’T)(z) _ /|t|<T/ 2 1( ( (]))) (Im(k‘u(z))) + dr.

u=0 e_<t2+%)p5

By SO(2)-invariance it suffices to estimate for z = e™"i only, hence we
estimate g, (r) by

f;?’T) (r) := 2mwsinhr f)(?’T) (e7 ")

with the integral simplified as in (2.10).

In the following simulation we consider an original distribution with px =
0.1 under a corrupting Md&bius transformation distributed with p. = 0.05.
From this we create three data sets with different sample sizes: n = 100, 1000
and 10, 000. Figure 2 shows the original X, ..., X,, and the corrupted data
Y1 = M., (X1),...,Y, = M., (X,) in cartesian coordinates in the upper half
plane. In Figure 3 we show the corresponding densities times hyperbolic
area on [0,00). Note that these are then densities in the usual sense, that
is their integrals with respect to Lebesgue measure on [0,00) are 1. The
density estimation by deconvolution has been obtained from the observed
data Y7,...,Y, by the proposed method. For the deconvolution, since only
the optimal rate

=

. 2.19 (n = 100),
T ~ (4 logn) = 2.42 (n =1000),
Pe 2.61 (n = 10,000)

is guaranteed by Corollary 3.4, we have used the estimate via least squares
cross-validation as proposed in Section 4.1.

4.3. Simulation of the Hyperbolic Laplace distribution. Using formula
(2.10) directly with (2.12) to simulate Laplace (o, 7)-deviates for Laplace
distributed SL(2) error corruption, we obtain results similar to the ones
reported above. Due to the oscillation of the Legendre polynomials to be
evaluated, however, the computational time is much longer. In analog%f to

Theorem 3.2 we have the upper bound O(n"~ l%v) for the choice T' = n2+D

5. Impedance density estimation in AC driven circuits. For the
convenience of the reader, we begin this section with a review of classical
electrical engineering theory specifically taylored to the application of hy-
perbolic statistics in mind. For the underlying engineering terminology we
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Densities for 100 independent trials Deconvolution with cutoff T = 3.39
~ ~
o o
z 2 2z @
7 © i~ 2 ©
2 2
5 - 5 ,
= - Y = a S
< | — Original: population - < | — Original: deconvolved 2\
S - - Original: empirical ST S - - Original: empirical ~
1 Corrupted: population e 1 Original: population -
o | - Corrupted: empirical = o | - Corrupted: empirical
° T T T T ° T T T T
0.0 05 10 15 0.0 05 10 15
v v
Densities for 1000 independent trials Deconvolution with cutoff T = 4.43
o~ — Original: population ~ — Original: deconvolved
= - - Original: empirical - - - Original: empirical
E Corrupted: population E Original: population
> @ | - Cortupted: empirical > @ | - Corrupted: empirical
3 © 3 ©
2 2
5 g g g
3 3
< | <
S S
2 T o |
° T T T T T ° T T T T T
00 05 10 15 20 0.0 05 10 15 20
' '
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F1a 3. Left side: population and empirical densities times hyperbolic area (corresponding to
Tox (1) and gpy +p. (r) ) along the first polar coordinate r of the data depicted and described

in Figure 2. Top row: n = 100, middle row: n = 1000, and bottom row: n = 10,000. Right
stde: additionally the respective estimate times hyperbolic area: ’g‘ﬁg“T) (r) of the original

density by Mobius deconvolution. The corresponding optimal cutoff parameters T = T,
have been estimated by least squares cross-validation as in Section 4.1.

refer to standard textbooks such as [10]. More mathematical approaches are
explained in [20], [43, chapter 3|, and [2]. In the following we rephrase this
problem in the language of statistics. We are then able to identify a typical
problem as a novel inverse problem in hyperbolic space.

Here, general Mobius transformations appear with complex coefficients
a,b,c,d in (2.1). Moreover, hyperbolic space materializes in the form of the
upper half plane H, the open unit disk D := {w € C : |w| < 1}, and the
open right half plane —iH := {¢ € C : Re(¢) > 0}. With the notation of
(2.3), all are related to one another by Mobius transformations, the first is
usually called the Cayley transform:

z—1 14w (-1 B 1+w

(5.1) wzc(z)::z—kf p=iy—, =z w=->— g_m,
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5.1. Complex impedance in AC circuits. We begin our discussion with a
one-port, a single load impedance serially inserted in a circuit of a voltage
generator and its impedance, see Figure 4(a). Recall that voltages, currents
and impedances in an alternating current (AC) circuit are modeled by com-
plex numbers, otherwise, a loss of alternating real voltage u : t — wug cos(wt)
over a load giving a phase shifted current j : ¢ — jp cos(wt + ¢) would re-
sult into an awkward time dependent real resistance u(t)/j(t). In complex
notation, the ratio of voltage u(t) = upe™* over current j(t) = joe’“*9) is
constant and called impedance:

= @ =Leb e,
i) o

Its real part is called resistance, the imaginary part is the reactance. For

example under an AC-voltage ug cos(w)t, a serial circuit of a resistor with

direct current DC-resistance R and an ideal capacitor with capacitance C

features an inverse impedance (called admittance) of Z=! = R™1 +iwC. In

fact, in realistic scenarios, the resistance is positive, thus Z € —iH and the

boundary (the imaginary axis) corresponds to ideal (lossless) impedances.

a, a,

ZG ZG > ﬁaL

cUg Z guG Z. Z.
‘ I — AJbL
b.

(a) Serial circuit with generated voltage (b)) Clircuit of Figure 4(a) with a two-port in-

ua, generator impedance Zg and load  serted between generator and load, depicting in-

impedance Zr,. put (a.) and output waves (b.) at the two-port
and at load.

Fic 4. Basic circuit models for signal processing. Left: one-port, right: two-port.

5.2. Reflections and characteristic impedance. We now assume that our
circuit features a generator generating the open circuit voltage ug with in-
ternal impedance Zg and a load with impedance Z as depicted in Figure
4(a) with total impedance Z = Zg + Z|, according to Kirchhoff’s circuit law.

Inspired by the wave model, voltage loss uy, over and current flow j;, along
the load is considered to be the superimposition of an incoming (denoted by
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“+7) and a reflected wave (denoted by “—”) in such a way that each single
wave satisfies Ohm’s law with a common characteristic impedance Z.. Since
the reflected wave propagates into a direction opposite to the incoming wave,
we have the ansatz

uL:uJLr—{—uE andjL:er—jg

with Ohm’s law

+ - + -
L e il
JL JrL Jo —JL

The specific decomposition or equivalently the choice of Z. is arbitrary in
many applications and it will be guided by imposing additional conditions.
Usually Z. is taken positive, or at least chosen such that the normalized
impedances 7 = Z/Z. will be again of positive real part, that is Z € —iH.
The analog for the right half plane of the Cayley transform, (5.1), yields
then reflection coefficient of the load

uy g 7y —Ze  Zp—1 -
52) Tp = L =2 = = = = C(—iZ
G2 Te= 8 =5 = 72,52~z 04

as an element of the unit-disk . Of course, there is no reflection if Z; = Z..

5.3. The chain matriz. We are now in a position to investigate the
generic scenario of signal transmission through a two-port, see Figure 4(b).
Among others due to linearity of the Maxwell equations, voltages and cur-
rents (j1 = a1, j2 = a2) on either side of the two-port have a linear relation-
ship governed by a so called impedance matrix Z:

7 J1 _ VAYRVAY: J1 _ uy
J2 Zon Ly J2 us )

For given circuit parameters, the coefficients of the impedance matrix can

be easily computed, for example Z;; = . is the well known input-

1 172=0
impedance (by inserting a load of inﬁnitej irjripedance the right hand side
becomes an open circuit with jo = 0). In most applications it turns out that
Z is symmetric, the corresponding two-port is then called reciprocal.

One easily verifies that the chain matriz which is usually denoted by u

(the Russian letter “cha”) relating (ug, —j2) with (uq,71) is given by

g u9 o i Z11 det(Z) u9 . (75}
—J2 - Zy 1 Z22 —J2 \n
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(in contrast to the mathematical literature, the engineering literature tends
to use a transmission matriz relating (ug,j2) with (u1,71) instead, with
reversed jo = —ag in Figure 4(b)). An advantage of the chain matrix over the
impedance matrix is that the former is well defined for the limit Z9; — oo,
for example for an ideal coil in series with the load.

Again, only using lossless (that is purely imaginary) impedances (such as
ideal inductances, transformers and capacitors) guarantees that the corre-
sponding chain matrix has real diagonal coefficients and imaginary coeffi-
cients elsewhere. Moreover, for cascaded two-ports (that is several two-ports
in serial connection), the resulting chain matrix is just the product of the in-
dividual chain matrices. By linear algebraic decomposition of SL(2, R) it can
be shown that every lossless two-port of lumped elements can be modeled by
cascading combinations of two-ports involving only inductances, transform-
ers and capacitors, see [20, p. 18]. Note that jo = as = —ay = —jr, in Figure
4(b). Hence u defines a Mobius transformation relating load impedance with
the input impedance of the two-port:

up g + Y12 Uz —Yigje  up

My(Z1) = = - =—=17.
(Z1) Up 4 + Yy UoiUp —Ujy  J1

Here, Z1 = wi/j1 is the impedance of the load Z; = —ug/jo as viewed
through the two-port. As a consequence we make the following remark.

REMARK 5.1.  Serial cascading of lossless two-ports is equivalent to the
action of the Mébius group SL(2,R) on the i-fold iZ;, € H of load impedances
AR

We are thus led to the statistical inverse problem (cf. Problem 2.1).

PROBLEM 5.2.  Estimate the load impedance Z;, when only the impedance
Z(1) viewed through the two-port can be observed where ¢ =T o My oI le
SL(2) is assumed to be of known distribution. Here, T : C — C : z — iz
denotes the multiplication with 1.

_ In conclusion we note that one may as well consider normalized impedances
Z = Z/Z, or equivalently reflection coefficients, (5.2). Then the mapping for
the normalized impedances goes as follows

Z 9
Zy _ gt

—= L
Ze  Zewig 4+ un
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5.4. Estimating resistances seen through electrolyte capacitors. It is well
known that over the duration of years properties of electronic equipment
change due to wear-out effects of various elements. In particular, electrolyte
capacitors have a tendency to loose capacitance. In effect, older electronic
devices deviate from original calibration and may feature non-desired side-
effects, for example field strengths of transmitters may grow stronger than
tolerated.

Random resistors seen

through lossy capacitors hyperbolic mesh

o
<
) I
¥ °e 2
o o oo 00%9% N
Og o
o | 8o 5
E ¥ 03)0 E
0
g%@ i
I
w o
R ooe°8 oo S
o o )
o 7
T T T T T T T T T T T
25 3.0 35 4.0 45 5.0 5.5 2 3 4 5 6
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deconvolution along random resistors seen
fixed angles of mesh through mean capacitor
E | O0
~
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Fic 5. Random resistors seen through random capacitors. Left top: original measurements.
Right top: hyperbolic polar mesh points at which the Mobius deconvolution was computed.
The bottom left image depicts the deconvolved densities times hyperbolic measure along
fized angles. The red and blue line goes along the red and blue mesh points. For verification,
the one-dimensional distribution of the resistors seen through the single mean capacitor is
depicted in the bottom right image.

In an application of our method we consider a series of n = 150 mea-
surements of random resistors of 15 provided with an accuracy of 10
percent by the manufacturer (they range from 13.5Q to 17.7Q) viewed
through 30 random capacitors at 1 kHz taken at the Department of Elec-
trical Engineering, University of Applied Sciences, Fulda, Germany. These
originally identical lossy 22 uF' capacitors have been collected from over ten
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year old electronic gear. For the impedance measurements the LCR-Bridge
“HMS8118” has been used that comes with an accuracy of 0.3% guaran-
teed by its producer HAMEG. We model the i-fold of the impedance Z of
these capacitors with a hyperbolic Gaussian-distribution at unit impedance,
that is Zi = Z.M,_(i) with a suitable characteristic impedance Z. and
a random hyperbolic Gaussian p-distributed Mobius transformation M,_.
Measurement of the capacitors gives p. ~ 0.0004 corresponding to a spread
of roughly 4.8 %. Our goal lies in the reconstruction of the one-dimensional
resistances R solely from the observations

ZR

1
W_1+1_Z—|—R

=
NI

and the known dispersion p. of the corruption as posed in Problem 5.2. To
this end we apply Mobius deconvolution to the model

w0 ()

with suitable characteristic impedances W, and R,.. For this application the
Euclidean means have been chosen as characteristic impedances. Alterna-
tively, a better approach may be to use hyperbolic intrinsic means, see [3]
and [4]. Figure 5 shows the observations W in the left top corner. M&bius
deconvolution is computed along the hyperbolic polar mesh-points depicted
in the right top corner (Figure 5 ). Below in the bottom left corner the de-
convolved densities along fixed angles of the mesh are depicted. The angle
depicted in red shows highest density followed by the angle depicted in blue.
The location of the two dominating directions depicted with the same colors
in the right top corner (Figure 5 ) is in high agreement with the location of
the impedances of the resistors seen through the mean capacitor depicted
in the bottom right image of Figure 5. Indeed, one can say that with the
few measurements available, we were able to reconstruct the nature of the
unobserved elements, namely resistors with impedances distributed along a
one-dimensional subset in the complex half plane.

In Figure 6 the above scenario is more prominently re-enacted in a sim-
ulation of n = 1000 measurements using R. = min(R) and W, from the
preceeding example (depicted by “x”). We show observed measurements
and unobserved capacitors in the top row as well as original density and the
deconvolved densities along respective angles as in Figure 5 in the bottom
row. Obviously the distribution of the unobserved resistors is quite reason-
ably recovered along the grid.
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Random resistors seen random resistors seen
through lossy capacitors through mean capacitor
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Fic 6. Simulation of n = 1000 random resistors seen through n random capacitors. Top
left: observed impedances, characteristic impedance denoted by “c”. Top right: unobserved
underlying normalized resistors seen through unobserved mean capacitor. Bottom left: ra-
dial density times hyperbolic measure of non-observed resistors. Bottom right: deconvolved
densities times hyperbolic measure along fixed angles of mesh in Figure 5.

APPENDIX A: POLAR COORDINATES AND CONVOLUTION

In this Appendix we focus on the right and left action (they are different
due to non-commutativity) of the special orthogonal group SO(2) on SL(2)
giving rise to polar coordinates and to H viewed as the quotient with respect
to one of the actions. In fact, the action of SL(2) on H can be naturally
viewed in polar coordinates (cf. Figure 7) of which we will make extinsive
use in the proof of Theorem 3.3 in Appendix B.3.

In contrast to a metric on a manifold in the usual topological sense, a
Riemannian metric is a metric in every tangent space, that varies smoothly
with the offset of the tangent space. Thereby, every Riemannian metric
defines a metric on the manifold in the usual sense and a unique volume
element, called the Riemannian volume, giving rise to a unique measure on
the manifold. For more details we refer to [31], Chapter 3.
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Fia 7. The polar coordinates (r,u) of
z € H are obtained from the unique
circle hyperbolically centered at i (star)
containing z, i.e. this circle is symmet-
ric to the imaginary azxis and intersects
it at points of form e "i and e"i (z-
crosses). Rotating z by the hyperbolic an-
gle —u along this circle, the lower point
e~ "1 is obtained. The polar coordinates
(u2, R,u1) of g € SL(2) rotatate z by the
hyperbolic angle w1 along the above cir-
cle to obtain z1, rescale z1 by e T to ob-
tain zo = e Bzy, and subsequently rotate
z2 by the hyperbolic angle uz along the
unique hyperbolic circle through z2 hy-
perbolically centered at i yielding g(z).

If the Riemannian metric on SL(2) underlying the Haar measure dg is
chosen such that the natural Riemannian quotient metric on H yields the
hyperbolic measure dz on H, then we are able to lift densities on the bottom
space H to the top space SL(2) to obtain (A.4) yielding (2.6).

Let us begin with the observation, that the hyperbolic measure (2.5) is
the Riemannian volume element of the extension of the standard Euclidean
metric in the tangent space of H at z = ¢ in a left-invariant way under the
action of SIL(2) on H. Similarly, we equip SIL(2) with the Riemannian metric
obtained from the left SL(2)-invariant extension of the standard Euclidean
metric in the tangent space of the unit matrix I € SL(2). We denote the
corresponding Riemannian volume element which defines a left-invariant
Haar measure by dg. According to [43, Exercise 19, p. 149], it is also right
invariant, that is

| faghydg = [ f(g)dg, VabeSL(), f € L'(SL(2).dy).
SL(2) SL(2)

As mentioned before, for arbitrary 2,2’ € H there exists a g € SL(2) such
that 2’ = My(z). Given one such g, any other g’ € SIL(2) satisfies My (z) = 2’
if, and only if, g~'¢’ € SO(2). In particular, M,(i) = i if, and only if,
g € SO(2). This entails that the following mapping of the quotient space
SL(2)/SO(2) due to the right action of SO(2) is well defined and bijective

(A1) SL(2)/SO(2) — H }

950(2) —  M,(i)

Since the mapping preserves the action of SL(2), the natural Riemannian
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quotient metric of SL(2)/SO(2) is isometric with the the hyperbolic metric
of H.

Next, consider the left action of SO(2) on SIL(2). This projects to a left-
action on H giving rise to polar coordinates u € [0, 27), called the hyperbolic
angle and r > 0 (cf. Figure 7) of

. —r/2
z = My, o Mg, (i) with k, = ( cost s )7 R, = ( ‘ 69/2 ) :

—sinu  cosu 0

For ease of notation, for the entire paper we identify My, with k, and
Mpg, with R,, respectively, such that k, o R, (i) = ky(e™"i) . Since for every
z € H\ {i} we have that ky(z) = z if, and only if ¢ = 0 mod 7, polar
coordinates cover the hyperbolic plane twice. As a consequence, z € H has
polar coordinates with r > 0 uniquely determined and w unique modulo 7
if r > 0. Thus, the hyperbolic area element (2.5) transforms to

(A.2) dz = sinh(r)drdu.

Polar coordinates can also be defined on SIL(2): every element g € SL(2) has
a decomposition

(A.3) g = kyRky, re€0,00),u,u €0,2m)

with uniquely determined r > 0; if » > 0 then v and ' are also uniquely
determined modulo 7 (in fact, one of the two is unique modulo 27). In
view of the isometry (A.1), this gives our choice of Haar measure in polar
coordinates

dg = sinh(r)drdudu’ .

If g,¢ are independent random elements in SL(2) with densities f1, fo
continuous with respect to Haar measure, we have for the probability that
the product is contained in a measurable subset A C SL(2) by left-invariance
of the measure that P(gg’ € A) = [,(f1 * f2)(a) da with the convolution of
f1 and fo given by

i+ fa)(a): = /S o @R ) dg.

In general, convolutions over non-commutative groups are non-commutative.

Suppose now that Z is a random quantity on H with density fs contin-
uous with respect to the hyperbolic measure. Using polar coordinates, this
density lifts to a right SO(2)-invariant density fo on SL(2) fo(k,R,E,) :=
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f2(ky Ry (7)) . Hence, convolutions of a density f; on SL(2) with a density
f2 on H can be well defined by lifting to a right SO(2)-invariant density on
SL(2):

(A1) (i )(2) o= /S oy 1R ) dg

with any a € SL(2) giving M,(i) = z. This convolution is commutative if
either f; is bi-invariant or if f is SO(2)-invariant.
APPENDIX B: PROOFS

B.1. Upper Bound: Proof of Theorem 3.1. In order to measure
the performance of f )(? 1) e consider the mean integrated squared error

E|fx - 00 = |t - BT+ RS - fx|

with the usual variance-bias decomposition. The assertion of Theorem 3.1
then follows from the following more detailed Lemma.

LEMMA B.1. For fx,fy and f. satisfying (D.1) and (D.2), and Hf-
bounded from below on compact sets, there is a constant C > 0 independent
of T and n such that

2 C T2
E|fx —EfSD)" < - , —
s o Ty s

If additionally, fx satisfies (D.3) then

[Ere — g < QT2

PRrROOF. We first note that by (2.8), definition (3.4), since the r.h.s is in
L?(H, dz),

(n1) (1 'ny( +it, k)
Hix (2 i k) Hf-(3 +it, k) b (8)-

Here 1 denotes the indicator function. Hence by the Fubini-Tonelli theorem,
(3.4), (3.2), (2.8) and (2.11):

HELTD) (1 +it,k)

— W= EHEY (3 it k) b\ 1
B (Zq/uq/ Hfa +w) (1 (ke () df)(2+zt7k)

(B1) = Hfx ( +it, k) I_r.m(t).
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Deduce from (3.1),

2

n (1.
E‘Hf§)<2+zt,k)

2+Im(Ek: — [rpy (3 +it, k)‘

B2) = 'ny @Ht,k)

n

In addition, Im (Ek(Y')) = H fy (1, k) implies that

(B.3) /0 IIm (Ek,(Y))| du = /027r|ny(1,k:u)\du < C

with a suitable constant C' > 0, since Hfy is analytic. Thus, using the
Plancherel identity (2.9), (2.11), the Fubini-Tonelli theorem, (3.2), (B.1),
(B.2) and (B.3) (by hypothesis (D.1) and (2.9), ||fy]l® = |Hfy]|? < 00), we
have indeed for the variance

E /H D g2 g,

_ / / E[Hfy — iy
<\T| u€e[0,27) ’Hf€|2

- Im(Ek, (Y)) — [Hfy (5 +it)?
~ nsn? /<T|/ue[oz7r Hf(S +it)2 t tanh(mt) dt du

C T2

inf < [Hfe(5 +it)? n

with a constant C' > 0 involving neither n nor 7.
In the next step we similarly estimate the squared bias under the addi-
tional assumption (D.3) using also (2.9) and (B.1):

/|Ef)(?’T)—fX|2dz _ / / H fx|? dr
[t|>T Juel0,2)

2 1 N 1 . 1 .
e [ LG (-0 TG (- J )

2

1
Hfx <2 + it, ku> t tanh(wt) dt du

IN

QT—QCI )
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B.2. Optimal Rate: Proof of Theorem 3.2. If f. satisfies (D.4) we
have the upper bound

8

2 1 \2
(B.4) logC+log01+2logT—logn+;Tﬁ <1+4T2)
for the logarithm of the variance term (cf. Lemma B.1). A sufficient condition
for convergence of the variance term while 7' = T'(n) — oo, is that (B.4)
tends to —oo. Hence, T is of form

1

T(n)= <g logn — ;IA(n)>ﬁ

with A(n) — 400 at a rate lower than that of logn. A short computation
gives the rate

2

3 log(logn) — A(n)

for (B.4). In case of optimality this rate must be larger or equal to the
logarithmic rate of the upper bound of the bias term in Lemma B.1 which

is then
2

3 log(logn) .

In consequence the rate of A(n) is nlog(logn) with n > 2(14«) /[ as asserted
by Theorem 3.2.

B.3. Lower Bound Properties: Proof of Theorem 3.3. Recall the
decomposition in polar coordinates from Appendix A, cf. Figure 7. The
general idea of proof goes as follows. Define the dilation of H by

v, sinh(dr)

sinh r

(B5)  HO(k(e™™i)) := H(k(e™ P_y ((cosh(dr)).

For arbitrary SO(2)-invariant H and § > 0, H is obviously also SO(2)-
invariant

To derive a lower bound for estimating fx in L? norm, we follow a classical
scheme which has been condensed in [15, pp. 1261-1262], cf. also [18, pp.
1555-1556]. The adaption of this scheme to the Poincaré plane, however, is
not at all obvious and will be the subject of the following sections. After
some elaborate preparation in the following two sections we take a pair

fo € Fu(Q), fn € Fa(Q), for which

fo=fo+Cgrd °H,



MOBIUS DECONVOLUTION 27

where § = §,, cf. Sections B.3.3 and B.3.4 below. Then, in Section B.3.5 we
show that § can be chosen such that

(B.6)  \2(fe# for fo b f) = /0 T n fo fox f)2(fex fo) Mz <

=Q

In consequence by (3.3) of [15], there is d; > 0 such that for any estimator
fn of fX7

(B.7) sup  Pr{llf" = fxllz > I fo = fullo/2} > du,
fXE{f07fn}

which gives with (3.4) of [15] a lower bound
d _
sup B/ — fxl? 2 o fall2 = 67 HO 2.
erj'—a(Q)

The choice of ¢ in (B.17) at the end of Section B.3.5 in conjunction with
| H?||? < ||H||? from Lemma B.5 then yields the rate

@R

5~ HC||? = (logn)
asserted by Theorem 3.3.
B.3.1. Conwvolution Equation in Polar Coordinates.

LEMMA B.2.  Suppose f is bi-invariant and h is SO(2)-invariant. Write
z = kyR (i), g = ko Rskg € SL(2) and dg = sinh s dadsdf3. Then,

2m 00
(fxh)(z) =2 /¢:0 - f(e_si)h<esk_¢(e_rz’)) sinh s dods.
PROOF. Since k_yk, = ky_o observe that
_ -1
eme) = [ J@hls2)dg

- // /  flkaBokg)h(k_gR_sk_oky Ry (i) sinb s dadsdg
a,B€[0,27) Js=0

27 o)
— on / fle=i)h(R_ik_oR,(i)) sinh s dpds . O
¢=0 Js=0

LEMMA B.3.  Definen(r,s,¢) and R(r, s, p) by kn(r7s7¢)e_R(T’s’¢)i =ek_ge ",
where 0 < n(r,s,¢) < 27 and R(r,s,¢) > 0. Suppose ¢ € [0,27w) and
r,s > 0. Then,
|r —s| < R(r,s,¢) <r+s.



28 HUCKEMANN, KIM, KOO, MUNK

PROOF. Let ¢ = 2¢. From [43, p. 125] we take

—siny sinhr + 1
cos 1) sinhr + coshr

qusei 1=

Let kn(nS’(b)e_R(m’d’)i =z + iy. Then using [43, p. 150],

11 2 2
cosh (R(r, s, qﬁ)) = 3 i a:y +y
[ . sin? ) sinh?r + 1
= = h h s .
5 (e (cos® sinhr + coshr) + e cos & sinh 7 T coshr

Set t = cos . Since

sin? 4 sinh?r + 1 (1 —t?)sinh®r + 1
cos1) sinhr 4 coshr ~ tsinhr + coshr
= coshr — tsinhr,

we have

1
cosh (R(r, s, gf))) = i{efs(coshr + tsinhr) + e®(coshr — tsinh r)}

= —tsinhrsinh s + coshr cosh s.

Since —1 <t <1, cosh (R(r, S, qﬁ)) has the maximum cosh(r + s) at t = —1

and the minimum cosh(r — s) at t = 1. Suppose that cosha < coshb with
b > 0. This implies that b > |a| since

b>a ifa>0
b>—-a ifa<O.

The desired result follows from this and the assumption R(r,s,¢) >0 O
The following Lemma is an immediate consequence of Lemma B.3.

LeEMMA B.4.  Suppose H is SO(2)-invariant and H(e™"i) is monotoni-
cally decreasing in r. Then,

H(esk‘_¢6_ri> < H(e_‘r_‘S'i) fors>0,¢ € [0,2m),r > 0.



MOBIUS DECONVOLUTION 29
B.3.2. Dilation.

LEMMA B.5.  Suppose

(B.8) HH( +lt> 0 forthB,l].
Then for § — oo,

5 (L ) - L (1 't)
(B.9) HH (2+2t = SHH(5+is),

102 = AP
|acrzn?], = ool

and for fe satisfying (D.4) with v = 1, with a constant C' > 0,

/|f5*H5| < ce23)”

PROOF. Let’s start with an alternate representation of the Legendre func-
tion from [43, p.158] and a specific derivative:

\f cos(tu) du
P_ coshr) = /
3 +Zt( ) Vcoshr — coshu ’
A(coshr) := P ;_Ht(cosh T)
(875) -0

V2 o u? du

7 Jo +/coshr — coshu

In a next step we make use of [43, Exercise 28 (b), p. 158]. For fixed ¢,k > 0
and large 0, i.e. r = k/J — Ot

P 1+zt (COSh ;) = J() (t /:;)

Similarly

P7;+ ¢(coshk) = P
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Then with the two above developments,
1
HH® (2 + it> = / H(e ™" (cosh K) (1 +0 (62>) sinh(k) dk
= / H(e ") P_ 1 l%(coshn) sinh(k) dr
= HH( + t)
% 2%
Moreover since HH (% + ’Lu) =0 for u € (0, 3),
1 [>1 1 t
H‘S?x—/— H( )
I1H°]12 el AR Gl G

1 [ 1 2 tanh(rdéu)
- — H(=+i i S

47 /0 ’H <2 + zu> tanh(mu)
= [lH|3

2
t tanh(mt) dt

u tanh(mu) du

2
2

and taking additionally into account that ¢ is large
1 1
t tanh(7t) dt

- o 2 a & 1 »t>
= 477/0 (P +1/4) (2+15

1 o0
2c
5E/O(u+ ’HH( u>

< CcSQO‘HAO‘/2HHz.

2 tanh(méu)
tanh(mu)

IN

u tanh(7u) du

Since by hypothesis
1
|Hf-(1/2 +it)| < Cyexp [ —1/2+ Z't|5} _ Cge_(1+t2)ﬁ/27
we obtain

(B.10) sup
ue[%,l]

It follows from (B.8), (B.9) and (B.10) that there is a constant C' > 0 such
that

/]fE*H5|2 = /|HH5(1/2+it)|2\Hf5(1/2—|—z‘t)]2dT

R 1
£(1/2+ zéu)‘ < Che—(aH8/9°? < 026_(%)13 .

)

/ U S HMH(1/2 4 i) 2 Fo(1/2 + i6w) 2 (6u) tanh(n6u)ddu

< ce2(3)"
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This completes the proof of Lemma B.5.

B.3.3. Bound on gg = f- * fop. Choose fy as

Jo(k(e™"i)) = fole i) = az_ﬂl(coshr)_“ for a > 1.

LEMMA B.6. fo is SO(2)-invariant and

s
/ / fo(ku(e7"i)) sinhr drdu =1
r=0

PROOF. By the definition of fy, it is SO(2)-invariant and

/ / "i)) sinh r drdu
r=0

= a—l)/ (coshr)™*sinh r dr
r=0

= (a—l)/ % = 1. O
=1

LEMMA B.7.  Suppose that f- is bi-invariant and
Ce 1
fe(e7%i) sinh sds > 5

for some positive constant C.. Then, go = f- * fo satisfies

go(e") 2m(a — 1)20 e 207 for r>C;
0 =] 27(a—1)2071e=20C: for r<C;

31

PROOF. Note that 0 < s < C. < r implies r + s < 2r whereas 0 < 5,7 <
C. implies r 4+ s < 2C;. It follows from these facts, f- > 0, Lemma B.2 and

Lemma B.3 that
fs fO(

271'
= 27r/ / fe(e T’s,d,)e*R(r’S"ﬁ)i) sinh s ds d¢

_ a1/27r/ fe(e™*i) cosh™ (R(r,5,6)) sinh s ds do

Y

2r(a — 1) / fe(e7%i) cosh™(r + s) sinh sds
0

a1 [ (i) sinhsd
cosh®(27) s\€ 1) St 5as
a—1

> 9r— -~ > 9 _12a—1—2aT
- 7r2cosha(27) 2 r(a—1) ‘

withT=rforr>C.and 7=C; forr < (C.. O
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B.3.4. Bound on f.* H®°. We note from [30, p. 188]

2
P_i(coshr) =

! m[((tamh(r/2)),

where the complete elliptic integral of the first kind is defined by

/2 d
K(t) = / —¢
0 /1—1t2sin%¢
In consequence there is a C' > 0 such that for all » > 0

(B.11) P _i(coshr) < C.

2

Define
ps(e™"i) = de(Mo=DIT for > 0.

When mo > 1 and § > 0, ||ps5lcc < 9 and us(e™"7) is monotonically decreas-
ing in r.

LEMMA B.8.  Suppose ‘H(e‘%’)‘ < Ce ™" with mg > 1 and 6 > 1.
Then, there is a constant C > 0 such that H°(e™"i) < Cus(e™"i).

PrOOF. By Taylor expansion,
(er)é _ (e—r)d — 6,,75—1(er _ e—r)
for e <1 < e’. Since 0! < @D < 7

sinh(dr)

sinh r

Hence with C' > 0 from (B.11),

< 6e9  for r > 0.

sinh(dr)
sinh r 2

0T gt e, O

sinh r

)| = [H ()] P_ 1 cosh(or))
< C|H(e™0)
LEMMA B.9.  Suppose that

r+&or
/ fe(e™%i)sinhsds < Ce 678 for 0 < & <1 and € > 1+ &,

—&or
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H(e ") is bounded and monotonely decreasing in v and satisfies the tail
condition

(B.12) H(e i) < Ce ™" for mp& > €.
Then, for § > 1 and r > 0,
(fo % H®) (") < Coe (S0,

PROOF. Set R1 = {s dr—s| < 507‘} and Ro = {s s —s| > fm“}. It
follows from Lemma B.2, Lemma B.4 and Lemma B.8 that

2w [ee]
%(fe*H‘s)(e”’i) = / f-(e=*i)H° (kn(r,s,@e*R(“W)i) sinh s dpds
Q $=0 Js=0

IN

2 o]
C / fe(e™ i) us (e_R(T’S’¢)i) sinh s d¢ds
s=0
(B.13) < QWC/fE(efsi)Mg(eflrfs‘i) sinh s ds.

Set
I; = / fe(e %) us (e"T_Sli) sinhsds for j =1,2.
R

j
Since mg > £/& > 1,
HM6HOO <.

Observe that

I

IN

]l oo / f-(e~%) sinh s ds
[r—s|<&or

(B.14) Coe (S0,

IN

From the tail condition (B.12),
I, = / fe(e™%0) ((56_(m0_1)6|r_5|) sinh s ds
|r—s|>&or

< 5e*(m°*1)5§”/ fe(e™%i)sinh sds

|r—s|>&or
(B.15) < ge (mo—1)dkor,
Since r > 0, mp&y > £ and 4 is large,
67(5750)7”
e—(mo—1)0¢r = =

Combining (B.13), (B.14), (B.15), we have the desired result. O

—  emo—1)6bor—(§=o)r ~ (mo—1)or—(§=fo)r — o(mobo—&r > 1
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B.3.5. Chi-square Distance: Proof of (B.6). With the above notation,
choose a pair of densities

fo(k(e™")) = fole ") = a2_7r1(coshr)_“ and  f, = fo+ Cyd “H’,

where a satisfies 1 < a < 2 and H satisfies the hypotheses of Lemmas B.5
and B.9. By choosing Cy close to 0, we have fy, f,, € Fo(Q) for all large d.
Let g = f-* fo and g, = f- * f, with f. satisfying the hypotheses of Lemma
B.9 and (D.4) with v = 1.

The x? distance between gy and g, is defined by

(90— 0)

9o

(/- Hé(e—%‘))2

- sinh r dr
go(e™"1)

X*(90, gn) = / dz = 2wC6 20 /

and with a suitable constant M > 0 guaranteed by Lemma B.7, by Lemmas
B.5, B.8 and B.9

/ (12 17(5(6—7"1'))2

. sinh r dr
go(e="i)

IA

fox HO (e i) 2
</er§M+ 61">M> ( gf(re_:)l> sinh r dr

M?e 2 52 —2(¢—&o)r
S C (f&‘ * H5(€—TZ')) sinh r dr + 6 /er>M eeTa’r’ sinh r dr

= o(arme) a3,

]
where C' = 27(a — 1)2%7 L. For the last equality we set M = e (3) , o =
2(§ — &) —2a—1 and p1 = min (MO/Q, (2 — a)). Then indeed

M2ae_2(g)6 = e_(z_a)<%)ﬁ = O(e_“l‘sﬁ) and 02M M0 = O(e_‘”éﬁ).
Hence,

(B.16) x*(90, gn) = O((S*Qae_”l(%)ﬁ).

. _ (é)ﬁ 1 .
Letting e #'\2) = n~", or equivalently

wl=

(B.17) 5 = 2ul_%<logn> ,
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we conclude that the right-hand side of (B.16) is of order o(n~!), i.e. (B.6)
is proven.
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