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Abstract. In this paper, the inversion of a linear operator is tackled by a procedure called
iterative shrinkage. Iterative shrinkage is a procedure that minimizes a functional balancing
quadratic discrepancy terms with [, regularization terms. In this work, we propose to replace
the classical quadratic discrepancy terms with adaptive ones. These adaptive terms rely on
adapted projections on a suitable basis. Two versions of these adaptive terms are proposed (one
with a straightforward use of the projections and the other with relaxed projections) together
with iterative algorithms minimizing the obtained functional. We prove the convergence and
stability of corresponding algorithms. Moreover we prove that for a straightforward use of these
adaptive projections, although the process is consistent, valuable information may be lost, which
is not the case with the “relaxed” projections. We illustrate both algorithms on multispectral
astronomical data.

1. Introduction

In this paper, we consider the general inverse problem of finding an object f from its (possibly
noisy) observation g. We assume that the observation process can be modeled by a known
bounded linear operator T'. Hence one can model the observation g as g = T'(f) +n where n is a
noise term. Even knowing 7', this problem is ill-posed and therefore needs to be “regularized”.
The compromise that is sought is to have an estimate f of f that both

(i) fits the data: T(f) ~ g
(ii) has “desirable” properties (for example, sharpness if f is a picture).

The regularization of inverse problems may be tackled with different models (stochastic or
not) on the data f or noise n and different criteria of optimality to define what the “best” guess
is. In this work we focus on functional analysis techniques to solve this problem. The optimality
of the guess is defined by a cost functional J which measures both the fitness to the data and
the properties of f itself. The estimate f we seek is a minimizer of this cost functional J, which
is typically the sum of

(i) a discrepancy term that measures the fitness to the data: Jyise(T(f), 9)
(ii) a regularization term that measures the “desirable” properties of f: Jy.cq(f),

with a regularization parameter v to balance the two terms. We have then:

J(f) = Jaise(T(f), 9) + ¥ reg(f) (1)



T : H* — H° is a bounded linear operator between two Hilbert spaces. Classically, H’ = H°
and is an L? space and the discrepancy term is simply the quadratic norm of the residual

Jaise(T(f),9) = |Tf — 970

The regularization term may include a priori knowledge on the properties that are desirable on
f. This formulation with cost functional is specially practical when the properties on f are well
modeled by its belonging to a particular functional space, since then one can simply choose Jy¢4
as the norm in this space. For images for example, the norm in the space of bounded variation
functions has been successfully used ([1]....). In this work, we use weighted [,-norms on a basis
of H' as the regularization term. The regularization terms we consider have then the following
form:

Jreg(F) = Y wil (£ 00 P S, (2)
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where

o p={p)}recais a basis of H'.
e pis an exponent, 1 <p < 2.
o w={w, },\epare strictly positive weights.

This allows to cover a wide variety of norm and consequently properties for f. For example,
choosing p = 2 and ¢= {pr}rcras the Fourier basis gives a simple quadratic norm with
constraints on the power spectrum of f. When p = 1, the norm promotes sparsity in the
basis chosen. We will give concrete examples of the regularization norm we choose for a
particular application. Many other regularization term may be proposed, but here we focus
on the discrepancy term.

The discrepancy term has been less closely studied in the literature and most methods rely on
the classical quadratic term described earlier. However, it is clear that some a priori knowledge
on the observation could also be useful to regularize the inversion. For example, often methods
are known that alleviate the noise in the observation, thus emphasizing more important features
in the observation. The classical quadratic discrepancy term does not allow to focus on these
features.

This paper presents two ways to modify the classical quadratic discrepancy term in order
to incorporate this idea of important feature in the observation. The key is to use adaptive
projection operators to modify the discrepancy term. The original idea is from J.-L. Starck
and co-authors. In [2], they present an iterative algorithm that focuses on important features
in blurred astrophysical images by introducing projections on the “multiresolution support”.
These are projections on a subspace defined by the wavelet transform of the observations. They
are adaptive and allow to consider only important features of the data and discard the noise in
the case of deconvolution of astrophysical data presented in [2]. Following this idea, we propose
the use of general projections to define adaptive discrepancy measures. The idea is that the
image space of the projection defines important features in the observation - these should be
well predicted by the estimate of f - while the kernel of the projection defines information that
is less important or even not relevant (for example noise in the observation). Let us denote by
M, a projection operator that depends on g, we consider in this paper the discrepancy terms of
the form:

2
Jiise(T(£),9) = [Mg(Tf = 9)|[30- (3)
The cost functional we study therefore reads:

T(F) = IMy(TF = 9)[[300 + VU Wy = Mg (Tf = 9300 +7 D wrl (frio0) (4)
AEA



Minimizing functionals with classical or adaptive discrepancy terms and [P regularization
terms (Eq.(4) without or with M) is obtained via "iterative shrinkage algorithms”. These
algorithms have received a lot attention in the last few year. Founding papers derive such
algorithms in different framework (e.g. Bayesian in [3] or functional in [4]). Many aspects
were and are still studied, in particular, different regularization terms (e.g. [5]), the extension
to nonlinear problems [6], the separation of different constituents of the data in layers [7],
the application to multidimensional data [8; 9], as well as the convergence speed [10; 11]. To
the best of our knowledge, there is however no work on generalizing the discrepancy term
and the consequences on the convergence and stability of the corresponding modified shrinkage
algorithms, which is the main topic of this paper.

Using the mathematical framework introduced in [4], we study the behavior of the iterative
algorithm minimizing functionals obtained with adaptive discrepancy terms such as those in
Eq.(4). We prove the strong convergence and stability of the proposed iterative algorithms
minimizing such functionals. We also show that the straight projections may lead to undesired
effects (some useful information being erased by the projections). Therefore, we define “relaxed”
projections operators which will not suffer this drawback while retaining the possibly of
adaptation to important feature in the observation.

After the introduction, the paper is organized as follows. Section 2 reviews the principals
results in [4], which present a complete study of the convergence, stability and convergence rate
of iterative algorithms to minimize the functional of Eq. (4) when M = Id (i.e without adaptive
discrepancy term). In section 3, we present a first version of functional with discrepancy term.
These consist in straight adaptive projections. We prove the convergence and stability of the
obtained iterative algorithm and exhibit the drawbacks of having plain projection. Section 4
gives the relaxed version of the discrepancy term, together with its analysis. We briefly explain
in section 5 the extension of this framework to inverse problem with multiple observation and/or
objects. This extension is used in section 7, which is devoted to an application in astronomy.

2. Iterative shrinkage algorithm of [4]:

In this section, we summarize the findings in [4], where an iterative shrinkage algorithm was
proposed to minimize Eq.(5) without adaptive discrepancy term, i.e the functional:

TywnlF) = ITF = gl + Yoy = ITF = gll0 + 7D wrl (Fr02) 17 (5)
AEA

Here, the set ¢={@)}reais a fixed basis of H°.

The main results in [4] are the proofs of convergence, stability and convergence rate of the
proposed algorithm. We will build on the first two results to analyze our functionals with
adaptive discrepancy terms and therefore remind the results in this section.

2.1. Iterative algorithm
The authors of [4] propose the following iterative algorithm to obtain a minimizer of Eq.(5):

Algorithm 2.1
{ f° arbitrary
f*o =S (M T g = TfY), n>1

At each iteration, one computes the Landweber iterate f*~! 4+ T*(g — T'f" ') and modifies it
with the S,w  function. The S, , treats independently each coefficient of the argument h on

the basis ¢o={vx}rea:
Swp(h) = Z Swyp(Pa)ex (6)
A



with the functions Sy, , from R to itself are given by

~1
Sw.p(T) = (:L‘ + % sign(x) |a:\p*1) , for 1 <p <2 (7)

where (.)7! denotes the inverse so that Yz, Sy p,(z + % sign(z) [z[P~!) = z.
In particular:

r—w/2 if =z > w/2

ep=1 Sui(z)=¢ 0 if |z] < w/2  (soft-thresholding operator).
r4+w/2 if x < —w/2
x

e p=2 Syo(z)= T

2.2. Convergence and stability

The two following theorems summarize the findings presented in [4]. The first theorem states
that iterative algorithm 2.1 converges strongly in the norm associated in the Hilbert space H*
for any initial guess f°.

Theorem 2.2 (Convergence) Let T be a bounded linear operator from H' to HC, with
IT| < 1. Take p € [1,2], and let Sw; be the shrinkage operator defined by Eq.(6), where
the sequence w ={wy}aea s such that there exists a constant ¢ > 0 such that VA € A 1wy > c.
Then the sequence of iterates

P =Sywp (T g T ), n=12,...,

with O arbitrarily chosen in H!, converges strongly to a minimizer of the functional Jywp-
If the minimizer f* of Jyw,p s unique, (which is guaranteed e.g. by p > 1 or ker(T') = {0}),
then every sequence of iterates f™ converges strongly to f*, regardless of the choice of f°.

The second theorem is concerned with the stability of the method. It gives sufficient
conditions to ensure that the estimate recovered from a perturbed observation, g = T fo + e, will
approximate the object fy as the amplitude of the perturbation |e|+. goes to 0.

Theorem 2.3 (Stability) Assume that T is a bounded operator from H' to H® with |T| < 1,
that v > 0, 1 < p < 2 and that the entries in the sequence w = {wy}xep are bounded below by
c>0.

Assume that either p > 1 or ker(T) = {0}. For any g € H® and any v > 0, define f3 , ., to
be the minimizer of J w p with observation g. If v = ~(€) satisfies

62

lgr(l} v(e) =0  and lgr(l) ) =0, (8)

then we have, for any f, € H?,

lim sup £ o fTHHi o o
e—0 ”g_TfoH’HOSE ’Y(e),w,p7g o

where f3 is the unique element of minimum Il - llw,p—norm in the set Sy, = {f;Tf =T/f}.

Let us now make a two remarks concerning theses results.



Remark 1: Note that when T is invertible, Sy, is reduced to {f,} and therefore f; = f,. This
means that Algorithm 2.1 provides a stable inversion of the set of invertible operators: one is
ensured that when the observation becomes ideal, so will be the estimation.

Remark 2: The proposed iterative algorithm converges strongly to a minimizer of the functional
Jy w,p- Such a minimizer is an estimate of the object f that compromises between generating
an observation close to the data g in a quadratic sense (|Tf — g||3,) and having the smallest
I Jwpnorm.

By using different bases, exponents p or weights w, one can construct a || - |Jw,pnorm such
that it will preserve or enhance desirable properties of f. For example, for wy = p = 1, the
regularizing term is nothing more than the sum of absolute value of the coefficients on the
basis = {par}aea. This is frequently used to promote the sparsity of the decomposition of
the estimate on the basis = {p)}rea, corresponding to the a priori knowledge that plausible
estimates are compactly represented in this basis (few coefficients of large amplitude allow for a
good description of the signal).

On the other hand, the quadratic discrepancy term (|| T'f —g||3,0) in Jy w p is fixed and can not
be adapted to the problem at hand. For example, it can not enhance more important features
that should be matched in the observations, while discarding less important ones. In the rest of
this paper, we will present adaptive discrepancy terms that aim at fixing this point.

3. Adaptive discrepancy terms via projections on the observations’ feature space
3.1. Founding idea: the multiresolution support

In [2], the authors are concerned with the deconvolution of an astrophysical image. The
observations of interest are blurred and noisy pictures of galaxies. For these, denoising by wavelet
hard-thresholding was already known to improve the quality of noisy observations. The wavelet
hard-thresholding procedure on g is the reconstruction from the wavelet transform of g where
all the coefficients smaller than a predefined threshold have been put to zero. Therefore, wavelet
hard-thresholding is nothing more than applying to g an adaptive projection: the projection
on the “multiresolution support” of g, i.e. on the subspace defined by the largest wavelet
coefficients of g (the name multiresolution support was defined in [2]). The fact that wavelet
thresholding improves the observation shows that the “multiresolution support” of g naturally
defines a subspace that describes the important features of g.

The authors of [2] proposed to use this multiresolution support not only to denoise g itself
but also in the context of deblurring by using it to evaluate how well an estimate f fits the data
g. They proposed an iterative algorithm very close to Algorithm 2.1, for p = w) = 1 except that
the residual (g — Tf"~!) is projected on the multiresolution support of g: (¢ —Tf" ') becomes
Mg(g —T 1) where M, is the projection on the multiresolution support of g.

We propose to use this idea to extend the class of functionals and algorithms studied in [4]
and study the mathematical properties of the resulting algorithms. Indeed, the idea in [2] is in
essence to focus on the important features of the observation g knowing that it is not an perfect
observation. If the ideal observation is known to be sparse in some basis (e.g. astronomical data
have a sparse wavelet representation) then one can exploit this sparsity to focus on relevant pieces
of information in the observation g by projecting on the subspace defined by large coefficients.
This leads us to using adaptive projections in the discrepancy term of the functionals.

3.2. Iterative algorithm with adaptive projection

We first define the notion of adaptive projection: an adaptive projection defined by the data g
is the orthogonal projection on a subspace defined by the fact that the coefficients of g on an
orthonormal basis are greater than predefined thresholds. Mathematically:



Definition 3.1 Given an orthonormal basis {fx}aeaof H®, an element g in H® and a sequence
of non-negative thresholds T= {T\}xca, the adaptive projection My ; is the map from H° into
itself defined by:

VheMH®, Mg-(h)= > hab

A st |ga|>7a
(where, as usual, hy denotes the scalar product (h,[3))
We propose the following algorithm:
Algorithm 3.2

{ f° arbitrary
= Sywp(f"H + T Mg (g = Tf")), n=1

Note that if T' is a convolution, {5\ }xecais a wavelet basis, p = 1 and YA € A, wy = 1, this is
equivalent to what was proposed in [2]. From what we saw before, we can infer that Algorithm
3.2 should converge to a minimizer of

s wpir (F) = (Mg (TF = 9) |20 + VIFIE (10)

which is a functional with an adaptive discrepancy term.
Before we go on proving the convergence and stability of Algorithm 3.2, we first gain insight
on it by looking at the particular case when 7' is a diagonal operator on the basis {5} ea-

3.8. Diagonal case: a mixture of hard- and soft-thresholding

Let us assume that 7" is diagonal:

T(h) = tahafh

AEA
where the t) are scalars.
2
J'y,w,p,T(f) = HMg,T(Tf - g)H’HD + 7”‘me,P (11)
= Y @fF =P+ D wl AP
A s.t. \gﬂ>7’k AEA
= > (\tAfA—9A|2+’YwA|fA|p) +v > wlAP
A s.t. \gk\>7’k A s.t. ‘gA‘STA
= Y B =/l +run/BIAP) + 3 (Inl+rwlhl) + Y yualfp
A s.t. A s.t. A s.t.
lga[>Tx lga|>7A lgal<Ta
& t\#0 & t,=0

The equations for each f) are now decoupled so that the minimizer f* of J, . p - is defined by:

{ I3 = Suwa2 p(9a/ta) if [ga] > 7n and tx #0 (12)

f;:O if‘g)\‘ST)\ or t)\:()

Introducing the hard-thresholding operator with threshold 7:

_Jox if|x>T
Hy(z) = { 0 otherwise, (13)



and rewriting the preceding equation, the minimizer f* of J, w - for T' diagonal is defined by:

I3 = Sy p(Hry 3 (90)) i tx #0 (14)

f ; =0 if t A= 0.
Note that without the adaptive projection (minimizing J, w , via Algorithm 2.1), the solution
is the same without hard-thresholding: the minimizer f* of J,  , for T' diagonal is defined by:

X = Sy p(92)

LA "
Thus we obtain the previous shrinkage operator S, /2 p
operator H, . We call the result an “adaptive thresholding operator”. The hard-thresholding
operation is known to be a way to enhance the solution after application of the pseudo inverse.
On the other hand the shrinkage operator S, /2.p regularizes the same solution with respect
to a smoothness defined by the || - |wp norm. We find here that the introduction of the
discrepancy term with adaptive projections is simply an intermediate solution between both
of these regularizations.

When p = 1 and ¢ty = 1, we obtain a compromise between hard and soft-thresholding if
Ta > ~ywy. To illustrate this, we graph in Fig.1 the hard-thresholding function with threshold
7 (left), the soft-thresholding function with threshold ~ (right) and the function obtained in
Eq.(14) (middle) in the case 7 > 7 (here w = 1).

composed with a hard-thresholding

/j
T ¢ T T
™y ™y ™y
o [ s mmm s o o
“T+y —“T+y —T+y
=T -1 =T
,»/
/l s
-T -yoVY T -T -YyoVY T -T -=yoVY T

Figure 1. Left: hard-thresholding operator H,; middle: adaptive thresholding operator; right:
soft-thresholding operator S, ;.

3.4. A convergent iterative algorithm

The strong convergence of Algorithm 3.2 to a minimizer of Eq.(10) is guaranteed by Theorem
2.2. Provided that the operator T', the exponent p and the sequence w= {w) }epverify the
conditions in Theorem 2.2), one can apply this theorem to ¢’ = My, g and 77 = M, ;T to
get the solution (this works because M, ; is a self-adjoint projection, so that 7" verifies the
conditions as soon as T' does).

3.5. Stability is an issue

3.5.1. Examples

The study on diagonal operators suggests that introducing adaptive projections gives flexibility
by defining a new shrinkage operator. In this section, we see that this flexibility comes to a
price: the resulting algorithm is stable in the sense of Theorem 2.3, however the limit obtained



has undesired properties. There is stability in the sense that if the parameters (7, w,..) are
chosen properly as the noise level decreases - i.e. when the observation g gets closer to the true
observation T'f, - then the solutions converge to a well-defined limit. However this limit is not
necessarily f,, even if T is invertible.

In a nutshell, what happens is that stability requires that the thresholds 7= {T)} ca are
large enough compared to ||g — Tf,||. This implies that the subspace defined by the indexes A
such that {Tf,}» = 0 will necessarily be in the kernel of the adaptive projections M, - as soon
as g is close enough to Tf,. Therefore the information in this subspace will lost. The result is
then that as the observation becomes ideal (i.e. close to Tf,) the solution of Algorithm 3.2 will
approach the element of minimal || - [y ,—norm in the set Moy f, of elements of H’ that have the
same image under 7" as f, except maybe on the coordinates A such that (Tf,), = 0.

Let us define formally My, :

Definition 3.3 (Mr5,) Given two Hilbert spaces H' and H°, an operator T : H' — H°, an
orthonormal basis {Br}reaof H® and an element f, of H'. The set My, is the subset of
elements of H' that verify:

f € Mayg, = My, o(Tf) =Tfy <= [{Tfohx #0 = {Tf} = {Tf,}x

It is clear that even if the operator we seek to invert is one-to-one, for a given object f,, the
set M7 ¢, need not be reduced to {f,} itself:

Example 1 If T is the identity, fi = (1,0) € R?, then Miay, = {(1,2), = € R} on the
canonical basis.

In this case the minimizer of any || - ||lw norm in the set Myq 7, is fi itself, whatever the choices
of the parameters p and w = {wj}en,... are. Algorithm 3.2 will therefore provide the desired
result: if g is arbitrarily close to T'f; = fi then the minimizer of J, w ,, - for suitable parameters
v and 7={7)}eais arbitrarily close to fi.

However, this is not the case in the following example, where T is also an invertible operator
in R%:

Example 2 Consider T : R? — R2, the bounded and linear operator defined by:

T(ﬁ) — %(%ﬁtﬁ) and fa:<z>f0rsomea7é0'

e T has a bounded inverse: T~ : ( h ) — % ( hth > and |||Tm:%<1.

f2 fi—=2f
3a
o Th= (&) and Mg = (7 (Th = (@A) = U7 - 200+ fo = 3a),
3a
The element in M. s, with minimal I1 norm is: f;r = (2) , and not f, itself. Thus the

minimizers of Eq.(10) (for p = 1) do not converge to f, as the observations converge to T f,.
In other words, information on the second coordinate in image plane has been lost that prevents
the algorithm to invert T even with arbitrary accurate data.



3.5.2. Stability theorem
We now state the stability theorem for Algorithm 3.2. It turns out that Algorithm 3.2 is
regularizing for elements f in a particular set: R wps which is defined by:

Definition 3.4 (H"T7W7p) Given a Hilbert space H, HiT7w7p is the subset of elements of H' that

verify: f, is in 'Hﬁ;p wp if and only if the set My s, = {f : Mry, oTf = Tf,} has a unique element
of minimum ||.||w p-norm.

When p > 1, then HiT’w,p = H, regardless of T. This is not true if p = 1, even if ker T = {0}.
Algorithm 3.2 is regularizing for elements f in H% > and the minimizer obtained in the limit
| Tfo — gllre goes to zero is exactly the minimizer of the ||.|w p-norm in the set My ¢, . This is

the object of the following theorem:

Theorem 3.5 Assume that T is a bounded operator from H' to H° with |T|| < 1, that v > 0,
p € [1,2] and that the entries in the sequence w ={wy}ren are bounded below uniformly by a
strictly positive number c.

For any g € H° and any v > 0 and any non-negative sequence T7={Tx}ren, define I woprig
to be a minimizer of J wp(f) with observation g. If v = y(e) and T = 7(€) satisfy:

- €
(i) l% v()=0 and 11_1% ) =0
(ii) VA € A, ll_r)r(l) ™Z(€)=0 and F06>0, st: [e<I=VAEA, T\(e) >€]

then we have, for any f, € HiT,w,p-'

lim sup [ , —fT||H1- o
=0 |l Tholpose Y OWPTEig o

where f1 is the unique element of minimum I lwp—norm in the set My s, .

We will prove this stability theorem in a similar manner as Theorem 2.3 is proved in [4].

The proof proceeds as follows: first we prove that the norms || f;(e) Wi (€); gHw,p are uniformly

bounded. Secondly, we prove that when f, is in H"T7W7p, any sequence { f;(en)w’pﬁ(eﬂ); gn}”
converges weakly to f; when €, converges to 0. (Here g, is any element in H® verifying
llgn — Tfollne < €,). Finally we prove strong convergence of the { S ey wpr(en): gn }n which
proves Theorem 3.5.

The main addition of the proof given here (case with adaptive projection in the discrepancy
term) compared to one provided in [4] (case with classical quadratic discrepancy term) is the
analysis of the behavior of the adaptive projection operators Mg » when ||g — Tf,|| — 0. More
exactly, we prove in Lemmas 3.6 and 3.7 that condition ii) in Theorem 3.5 is needed to obtain
the weak convergence of the adaptive projection operators M, - when ||g — Tf,|| — 0 in section
3.5.3. Using this weak convergence allows to adapt the proof of Theorem 2.3 provided in [4], to
give the full proof of Theorem 3.5 in 3.5.4.

3.5.8. Weak convergence of the projection operators

To prove Theorem 3.5, we first examine the behavior of the projections M) () as € goes
to zero in the next two lemmas. The first lemma (Lemma 3.6) gives necessary and sufficient
conditions on the sequence 7= {7)}ea to that these projections converge in a weak sense as €
goes to zero. We will be interested in the case where the weak limit operator is My, o. The
second lemma (Lemma 3.7) refines these conditions, so that in addition, the sequence M ()
converges strongly to Mry, o on the set: T'(Mr g,).



Lemma 3.6 For f € H', let {g(e, f)}e=0 be an arbitrary family of elements in H° that satisfy
llg(e, f) = Tf||no <€, Ve>0.

(i) Vh € H°, Mgy p),r(e)h converges weakly as € goes to 0 if and only if YA : 3 6())
such that either (a) or (b) holds, with

(CL) Ve € (0?5(>‘)); Hg(e, f)])\‘ > Tx,
(b) Ve € (0?5(>‘)); Hg(@ f)])\‘ < 7.
(i) My(e p)r(c) converges weakly, independently of the choice of f and of the family g(e, f), as
e goes to 0 if and only if VY : both (a) and (b) hold, with
(a) 3 5(N\) such that Ve € (0,5(N)), 7a(e) >e€
(b) liH(l] Tx(e) =0
In that case, the weak-limit operator is necessarily Mryq.
(iii) When conditions ii.(a) and ii.(b) above hold:

if h(€) converges weakly to h, then Mg(e,f),f(e)h(e) converges weakly to Mgy h as € goes to 0.

Proof of Lemma 3.6 Let us examine the behavior of M s () coordinate by coordinate.
Since [Mg(gf)ﬂ.(e)h])\ equals either hy or 0, depending on whether or not Hg((—:, f)]ﬂ > T)(€), it

follows that M. 1) () (h) will converge weakly as € goes to 0 if and only if for all coordinates
A, one of the following holds:

Either there exists some 6(A) > 0 such that Hg(e,f)]ﬂ > T)(€) for € < 0(A). In this case,
[Mg(e,f)n'(e)h])\ = h) for e < 5()\)

Or there exists some d(A) > 0 such that Hg(e,f)b\‘ < 7a(e) for € < §(N). In this case,
[Mg(e,f),f(e)h])\ =0 for e < 5()\)

This proves the first assertion.

Let us now consider how uniform this behavior is in the choice of the family g(e, f). Since
Hg(e,f) - Tf])\‘ < |\lg(e, f) = Tf||#e < €, the set of values that can be assumed by |g(e, f)a] is
exactly [ Tf — e, Tf + 6] (take g = Tf + 7B\, 1 € [—¢,€] to reach all the values in this set).
Therefore, for a fixed f, the weak convergence of the operators M r) r(c), regardless of which
sequence g(e, f) is chosen, is equivalent to putting constraints on the sequence {7(€),}rca that
depend of the coordinates (7). These constraints depends on whether (Tf)y # 0 or (Tf)x = 0:

o If Tfy # 0 then {|g(e, /)al} = [ |Tfal — & |Tfx| + € ]. Therefore, one needs either:
[e < 6(\) = 7a(e) > |Tfa| + €] or [e < 6(N) = 7a(e) < |Tfx| — €¢]. In the first case,
B will always be in the kernel of Mgy s) r() once € < §(A). In the second case 3y will
always in the range of My f) () once € < 0(A).

o If Tfy = 0 then {|g(¢, f)al} = [0,€¢]. Therefore one needs [e < §(A) = Ta(€) > €]. In this
case, By will always be in the kernel of M r) -(¢) once € < 6(A).

Note that we do not know beforehand the value of Tf. To be useful, we must derive requirements
on the parameters 7)(¢) that do not depend on f. The minimum requirements on 7(€) ensuring
the operators M r) r() converge weakly as € goes to 0 are:

o VA, limeog7r(e) = 0: this ensures that if Tf\ # 0, we will have 7\(e) < |Tf\| — € for
sufficiently small e.

e VA, 35(A\) such that € < §(\) = 7a(€) < e: this ensures that if Tfy = 0, we will have
Ta(€) < |Tfx| + € = € for sufficiently small e.

If these conditions are satisfied, the My ) () converge weakly as € goes to 0 and one can
determine the weak limit:



o for A\ s.t. T)fy # 0: lim._o7x(€) = 0 hence there exists d(A, f) such that e < (A, f) implies
mA(€) < |TfA| — €. Tt follows that: |g(e, f)a] > 7a(€) so that My 5y (Br) = By for any
gle, f) and any € < (A, f)

o for A st. Tfy = 0: ¢ < §(\) implies 7r(e) > e. It follows that if € < J(A), then
lg(e, f)x| > 7a(e) so that My £).7(e)(Br) = 0 for any g(e, f) and any € < §()) .

This proves that the weak limit of Mg(e, £),7(e) for any fixed f is M7y and finishes the proof of
the second part of Lemma 3.6.
Finally, assuming h(e) converges weakly to h, we have VA:

‘ g(ef),r(e) h(e) = Mryoh ] ‘ (16)
= | [My(e prio(he) = ) + (Myge gy o) — Migo)h ], (17)
- ‘ gle,f),7(e) h(e) — ‘ + ‘ (e.f) () — Mrroh ] ‘ (18)

The second term vanishes as € goes to 0 because M. r) 7(c) converges weakly to Mgy o when the
conditions 2.(a) and 2.(b) hold. Moreover, we have seen in the proof of the second part of the
lemma that for any A:

e cither there exists a d()\) such that My f) ) (Br) = 0 for any € < §(A) . In that case,
([M(,f) Ho(hle) = h) ] (:o for € < 3(\).

e or there exists a (5( ) such that M, (Gf ) (Br) = By for any € < §(A) . In that case,
“M (e.f)m(e) ‘ = ‘ ‘, for € < 6(\); and the weak convergence of h(e)
to h allows to conclude that ‘ [Mg(e,f),r(e)(h(ﬁ) —h) ])\‘ — 0

This proves that M r) -(c)h(€) converges weakly to Mryoh and finishes the proof of Lemma
3.6. ]

We shall now see how to ensure strong convergence of the My 1) r(¢)(h) when h is in Mr ;.

Lemma 3.7 If there exists a value of 0 independent of \ such that Ve < § and Y\, 7)(€) > e,
then the two following properties hold:

(i) For any choice of f and of the family g(e, f):

Ve <8, Mye. (o) = MrpoMy(e f).r(0) = Myepyr@Mrro = Y (.50 B

A st Tf)\;ﬁo
and |gx|>Tx

i) In particular, for any choice of f € H: and of the family g(e, f), (i-e. whenever My
i) In particul hoi Hiy .y and of the famil h Mo s
has a unique minimizer f1 of the ||.|lwp-norm):

v€<(5 M(gf ),7(€) (Tf ) (7f ,7(€) (Tf)

Proof of Lemma 3.7: The first part of Lemma 3.7 results from properties of orthogonal
projections. If P, and P, are two orthogonal projections, then:

PP = PP
keI'(Pg) C ker(Pl) & PP,=Dh.



Hence, we already proved Mg(e,f),T(e) MTf,O = MTf,O Mg(e,f),f(e) and

My pyr@Mr1,0 = My(e ) r(e) & [(TF)r = 0= [g(e ), < Tale)] -

When f and e are fixed, the right hand side holds for any g(e, f) if and only if [(T fla=0=
e < 7x(e)] which proves the first part of Lemma 3.7.

For f in HiT,w,pv fT is well defined and verifies MTf,OTfT = Tf. Applying My r(c)) to this
equality and using the previous result finishes the proof of Lemma 3.7. ]

3.5.4. Proof of Theorem 8.5

With the help of these two lemma, we can now proceed to the
Proof of Theorem 3.5: Let us consider f, in H"T7W7p, i.e. f, verifies that M7 ; has a unique
minimizer || |lw —norm. We note this minimizer f5. We fix the following sequences: {€,}, such
that e — 0, {gn}n such that Vn, [lgn — Tfollpe < en, and {7} = {y(en) b and {r}, <

{7(€n)}n that verify conditions i) to ii) in Theorem 3.5. For every n, we choose a minimizer

def . def
2= B wopimus g Of the functional Jo(f) = Ty wipirs g0 (f) = [ Mgy (TF = 90) 30 + 70 L f v p-

We want to prove that for any such choice of the €, gn, 7n, 7» and f;, the sequence f)
converges strongly in H' to fJ, where fl is the unique minimizer of the Il llw p-norm in the set

Mg, = {f « (Tf)x = (Tfo)x, YA st (Tfo)x # 0}. We will also note M, </

= MgnyTn’
a) The sequences {||f;|lwp}n and {||fr|3:}n are uniformly bounded:
By definition of J,, Vn:

Il < 5ndulf)

so that [ f7[1%, < %Jn(f;r) since f; minimizes J,,.
But:
Tn(f3) = IMu(TFE = ga)llage + vl £
< ||]Mn(Tf;L - Tfo)”%—lo + (| My (Tfo — gn)”%[" + %H\fﬂ”@v,p
< Mo (TFS = Tfo) 3o + 1Ml N(Tfo — gn) 30 + vl £
< M (TFE = T e + e+ vl £ 15

where we used || M,||> <1 and ||Tf, — gu|| < €, in the last equation. Hence

IMo(TS = Tfo) e, €
vn, Il , < — O,Y - +7—”+|||f§\H€v,p- (19)

n n

Since condition ii) of Theorem 3.5 is satisfied, we can use Lemma 3.7.(2). It follows that if n
2

is large enough, Man; = M, Tf,. Moreover, fy—" — 0 by condition i) of Theorem 3.5. This
n n—0o0

proves that {||f|lw,p}n is uniformly bounded.

1
Since w is bounded below by ¢ > 0 and p < 2, the ||.||;i-norm is bounded above by ¢ 7 ||.||w p:

RS

A= (AP < (21AP) < (3 IAP) 7 = 7wy (20)

AEA



so that:

— _1 2
I£17: = DALY LAPIALP ™ <Y AP I fllwe) " (21)
AEA AEA AEA
_1 2 _2
115 < 2008l P I llwe) " =c 2l f e, (22)

Hence, the sequence {f;} is also uniformly bounded in H'.

b) The sequence {f}, converges weakly to f;r
Since it is uniformly bounded in H?, the sequence {fr}n has at least one Weakly convergent

subsequence {f}}1. Let us denote its weak limit f We shall now prove that f fo

Since f; is a minimizer of Jj obtained through the iterative algorithm, 3.2, it verifies the
fixed point equation: f} = Sy wp (fi +T*Mypgr — T*M,Tf};). We note hy, = f,: + T* Mgy —
T*MT f}, so that f} =S, w p(hi). By definition of the weak limit, it follows that:

R = Jim S ()

= lim [(hg)x] + lim [S,ka/\ ((hg)x) — (hg)al but lim y,wy =0
_ k—o00 k—o0 k—oo
So, VA, f = kh_)rgo[(hk)A] since YV, Sy(x) 7
= lim [(ff +T"Mygy — T*MiT f{),]
= fat lm [(T"Mggr — T*MiT f;)A] since (fi)x —— fi
k—o0 k—oo

As a result: V), klim (T Mygy, — T*MT frr)x] = 0.
—00

But since ||gx — Tfollne < €k, then [|[T*Mi(gr — Tfo)lli < |T*||Mkllex < €x. This proves
that for all A:
lim [(T*MyTf, = T* M T f)\] = 0. (23)
— 00

Moreover, from Lemma 3.6.(2), we know that { My (Tf,)}r converges weakly to Mry, o(Tfo) =
Tf,. Together with the continuity of T, this leads to:

T*MTf kL> T*T¥,. (24)
—00

On the other hand, f; converges weakly to ]? Using the continuity of T, we get T)f} % T f
— 00
From Lemma 3.6.(3), this also implies {M,Tf}} % Mrys,0Tf. and it follows from the
—00

continuity of T that: _

T* My Tf; % T*Mry, oTf . (25)
—00
Plugging this last result in Eq. (24), we obtain the equality:

T* My, oIf = T*TF, (26)

Since My, o(Tf,) = Tf,, the previous equality reduces to: T*MTfO,OT(f— fo) = 0. Taking
the scalar product with f — f,, we obtain:

(f = fo, T*Mry,oT(f — fo)) =0 N N
& (Mry, 0T (f — fo), Mry,oT(f — fo)) =0
& || My, oT(f = fo)l}0 =0
< Mry,oT(f = fo) =0
& My, oTf =Tf,



We used for the first equality that M7y, o = M;fo,o = M%fo,o- This proves that fbelongs to the
set Mr ¢, .
Let us now prove that || fllw, < || f llw,p- Because of the weak convergence of the f} to f,

for all A, the non-negative sequence {w,|f},|}n converges to w AlfA]. One can then use Fatou’s
lemma to obtain:

171 » = ; Tim {wn|f73 b < lim ;{wmfmn = lim [If71%,,

But we proved earlier that limsup, || /% < || £ % p- Therefore, we get:
IF 1 < Jim [0, < D3I (27)

By definition, fJ is the unique minimizer of the Il.lw,p-norm in My, , so this implies that
f=1

Hence f; is the only possible accumulation point of the sequence f;;. Since we proved that the
sequence { fx}, is uniformly bounded in the ||.||;yi-norm and that it has a unique accumulation
point: f;r , this allows us to conclude that f;; converges weakly to fOT.

c) The sequence {f}, converges strongly to f; :

Replacing f by its value f§ in (27), we get: | £ p < limp oo 112515 < /3% » which proves
that the sequence {||f*[|%.p}n converges to || £ % p- We shall see now that the two results we
obtained so far:

== (28)
Ifilwe —— Ifdllws - (29)

imply the strong convergence of the sequence {f;}, to f;r . (This argument closely follows [4].)
Let us prove that {|| /|| }n converges to ||f1[l:. We have:

152020 = 1A | = | SO 052 = P [0 1Al = 10 | (30)
A A

2 2
Writing 22 = (2P)» and using the derivability of z — z», one can bound the last term:

2 = 1P < 2 max{(5) S (5P T [l - 1P| 60
< 2 max{Ifn 2L 1 - 170 | (32)
< 2 max{|fL PP Y [ walfialr =l s | (33)

We saw in Eq. (42) that for any f € H* and \, € A |fy,| < C%H‘fmwm. Plugging this into Eq.
(33) and summing over \, we get:

_2 _ _
123 = 313 | <277 max{lF03 2 A2 D | walfialP = walffa | (39)
AEA



Since {| £y} converges to |15, for n large enough, max{| f2I%2, I £I52} is bounded

2— . _2 2
by 2 /3155 Defining gey 7, = 477 | S35, we get:

1312 = 1SS < Gemso Trea | walfial? = wal P
< et S (Wl il + wal s = 20 min{If, 1 507)  (35)
< Gento (10 + 1F80Bp = 2 25 wamin{| 5,1, 1£,137)

We already know that [|fX|%.» — I£I% », we shall see now that the same holds for
the last term in the previous inequality. Let us define the sequence {u,)}, for each A by
upy = wymin{|f},], | f3|}P. The weak convergence of the f* to fJ implies that for each A,
Uny ——— w)\\f;r)\|p. Moreover, for all n, 0 < uy,) < w,\\f;r)\\p and ), wA\foT)\|p = H\fiﬂ\%p < 00
so that by the dominated convergence theorem, nh_}rgo YoaUny = Do nh—>Holo un - Replacing the uy,

and their limits by their value, we obtain:

. . * -I- _ —'—
Tim S wyming 1, Y = 10,
A

Hence:

(H\fﬁ I+ 1SS0 — 2D wamin{| £y, [£351}7 )m 1780 + S0 — 20 £31 = O
A

so that by taking the limit as n goes to oo in Eq.(35), we can conclude that
13l — 13l

Using the identity || £ — fdllni = 1 £2 2 + |1 fd 2 — 2(f%, f1), this last result combined with
the weak convergence of the f) to f;r proves that the sequence {f}, converges strongly in H*
to fd. "

Note that we only assumed f, is in H"T7W7p to obtain stability. It could very well be that
the functional J,,, w p7,:.¢, has several minimizers, in that case, depending on the choice of the
starting element for the iterative algorithm 3.2, the element f;; might have different values. As a
result, the sequence {f},, is not fixed by the parameters €,, v,, 7, and g,. However no matter

which of these sequences {f,:}, we consider, it will converge strongly to f;.

4. Adaptive discrepancy terms via “relaxed” projections

In the previous section, we showed that introducing adaptive projections in the discrepancy term
allows to take into account features that are more important in the data but results in a loss of
information that may be harmful to the estimation of the object sought. The reason is that the
projections used cancel some information. To fix this instability problem still keeping the spirit
of the previous method, one can imagine to only dampen the non-feature space defined by the
adaptive projections instead of canceling it. As we see in the next section, the resulting “relaxed
projections” still emphasize the same features but without losing any information; therefore the
stability as defined in Theorem 2.3 is restored.



4.1. Relazed Adaptive Projections

The “relaxed projection” Mg -, with dampening parameter p and corresponding to the
orthogonal adaptive projection Mg - is

Mg rp = Mg+ +p(Id - Mg,T) (36)

or more formally:

Definition 4.1 Given an orthonormal basis if H°, B={06x}xen, an element g in H®, a sequence
of non-negative thresholds T={T)\}xen and a scalar p > 0, Mg 1, is the map from H° into itself
defined by:

Vhe M, Mgrulh)= D hbitn Y hb

A st |gal>Ta A st [gal<7a

This operator is introduced in the discrepancy term so that we now seek to minimize the
functional

T () = [Mgra(TF = )20 + VI e (37)

via the following iterative algorithm:

Algorithm 4.2

{ f° arbitrary
fn = S'yw,p (fn_l +71* Mg,T,MZ(g - Tfn_l))y n>1

Note that in this case, one needs to square the relaxed projection operator in the iterative
algorithm. This is because unlike Mg -, Mg ;,, is not a self-adjoint projection. This equation
can be easily checked by replacing T' by Mg ;, T and g by M, -, g in the original functional
J wp of Eq.(4) and in Algorithm 2.1. In practice, we use the fact that Mg,mf = M, ; ,2; so the
operator is still easy to compute.

The previous change of variable used in Theorem 2.2 also proves the strong convergence
of Algorithm 4.2 to a minimizer of Eq.(37) (under the same conditions as in Theorem 2.2).

4.2. Stability is recovered

The introduction of the dampening factor ensures that all the information in the data will be
taken into account and we recover the stability in the usual sense: if the data become ideal
(9 — Tf,) and the parameters v, 7= {7)}rca and p are chosen accordingly, then the solution
converges to f, when f, is the unique antecedent of Tf,.

4.2.1. Stability theorem
The conditions on the parameters to obtain stability in this case are given in the following
theorem:

Theorem 4.3 Assume that T is a bounded operator from H' to H® with ||T|| < 1 and that the
entries in the sequence w ={wy}xen are bounded below uniformly by a strictly positive number
c.

For any g € H° and any v > 0, 0 < p < 1 and non-negative sequence 7= {T\}rca, define

Fwprpsg to be a minimizer of Jy wpru(f) with observation g. If v = ~(e), 7 = 7(e) and
= p(e) satisfy:
2
0l _ I _
(i) lim v(€)=0 and lim ) 0



(ii) VA € A, lin’(l) ™a(e) =0 and VA€ A, F306(N\) >0, st [e<dA) = Ta(e) >€]
(iii) liH(l] p(€) = pro, with 0 < po <1

then for any f, such that there is a unique minimizer of the || ||w.p—norm in the set St s, = {f :

Tf =Tfo}:

lim sup Hf* f HHZ :0
=0 | lg—Tholpo<e VO PTEp(ig = Jo ,

where f§ is the unique element of minimum || llw.p—norm in the set St s, .

The proof of this theorem is very similar to the proof of Theorem 3.5. The weak convergence of
the adaptive operators is ensured by conditions ii) and iii) of Theorem 4.3 and the corresponding
lemma is Lemma 4.4. This lemma, similarly to Lemmas 3.6 and 3.7, examines the convergence
of the operators Mg -, are is proved in section 4.2.2. Section 3.5.4 is then devoted to the proof
of Theorem 4.3.

4.2.2. Weak convergence of the projection operators

Lemma 4.4 Suppose that 7 = 7(€) and p = u(e) verify conditions ii) and iii) of Theorem 4.3.
Then the two following properties hold:

(i) For any h in H°, M? (e ) () pule )h converges weakly to MQTf,o,uo h as € goes to 0.

(i) If h(e) converges weakly to h as € goes to 0, then M( ) H(e)h( €) converges weakly to
M%‘f,o,uo h as € goes to 0.

Proof of Lemma 4.4: In the proof of Lemma 3.6, we have seen that under conditions imposed
on 7(e€) (condition ii) of Theorem 4.3), the following happens:

o for A s.t. Tfy # 0: lime_o7x(€) = 0 hence there exists §(A, f) such that e < §(\, f) implies
Ta(€) < |Tfr| — €. It follows that: |g(e, f)a| > Ta(e).
o for A st. Tfy = 0: e < §(\) implies 7y(e) > e. It follows that if € < J(A), then
lg(e, F)rl > 7a(e).
So that in the first case: M?2 e )r()a(e) (ﬂ,\) B for any g(e, f) and any € < 6(], f); and in the
second case: M2 S ) (5>\) ( )28y for any g(e, f) and any € < §()). Since pu(e) converges
to some p, by assumptlon (condition iii) of Theorem 4.3), it follows that M? s

converges to MTf 0., 88 (e) goes to 0. This proves the first part of Lemma 4.4.
To prove the second part of Lemma 4.4, we use again the splitting trick we used in 3.6.(3):

‘ 9(6 i u(e)h(ﬁ) n M2Tf,0,uo h ])\‘ (38)

= ‘ atep)r@ute)(1E) = h) + (Mg p) () () = My o0 ])\‘ (39)

( s(e.r@unto (€)= ‘ + ( Mg f)r@mte) ~ Miro,u,)h ]A‘ (40)

And the same argument as we used in Lemma 3.6.(3) allows to conclude. ]

Note that we did not need 0 < p, < 1 to prove this lemma.



4.2.8. Proof of Theorem 4.3

Now that the weak convergence of MgQ(e’ P
Theorem 4.3.

This proof is very similar to the proof of Theorem 3.5. For the sake of completeness, we give
the full details of the first two parts of the proof, indicating by
> <
when the argument differs from before. Once we prove that f; is the unique accumulation point
of the sequence {f*}, (weak convergence of the sequence), the proof the strong convergence is
strictly identical and we do not repeat it.

e is established, we proceed to the proof of

Proof of Theorem 4.3: Let us consider f, in H’, that verifies that Sr,5, has a unique

minimizer || ||wpnorm. We note this minimizer f3. We fix the following sequences: {en}n
d
such that ¢, — 0, {gn}n such that Vn, ||gn — Tfollne < €n, and {yn}n e {7(en) }n,
n—oo
{tn}n = {p(en)}n and {m}n =l {7(€n)}n that verify conditions i) to iii) in Theorem
4.3 For every n, we choose a minimizer f} =l 2w pimons g OF the functional Jy(f) =l

J’anvaanlefn§gn(f) = H MgnyTnyldfn (Tf - gn)”f%_[o + Tn |||f|||€V7P We want to prove tha‘t fOI' any SUCh
choice of the €5, gn, Yn, tn, Tn and f), the sequence f; converges strongly in H* to f;r . We will

de
also note M, 2 My, 70 sptm -

a) The sequences {||f;|lwp}tn and {||fr||3:}n are uniformly bounded:
By definition of J,, Vn:

I, < 55dn(f)

so that [ f7[15%, < ,Y%Jn(f;r) since f minimizes J,.
» But:
Ta(fD) = IMa(TF = ga)l3e + mll 1
= IMa(Tfo = gn)ll3e + Wl f3W,,  sivee TfS = TF,
< Ml A(To = 90) e + vl FE1
< max{l, |Mn|2}‘631 + 7n“‘f;r|”€v,p since [|Tfo — gnll < €
Hence 9
€
v, I1f7l%,, < max{l, |un\2}-7—” + 1 f2I - (41)
n

Since fy—% — 0 and p, — p, € (0,1], this proves that {|| fr|lw.p}n is uniformly bounded. <
n—oo

n n—oo

Moreover, w is bounded below by ¢ > 0 and p < 2, so the ||.||yi-norm is bounded above by
¢ s 1 1 o
1A= (AP < (AP < Q0 2AP)? =7 I fllwa (42)
AEA
so that:

1£13 = Y IAR< S LIAPIART <3 AP I flws) (43)

A€A A€A AEA

_1 92— _2
1£117, ol P W llwp] ™" = ¢ P Uf I (44)

IN



Hence, the sequence {f*} is also uniformly bounded in H'.

b) The sequence {f}}, converges weakly to f;r :
Since it is uniformly bounded in H?, the sequence {fr}n has at least one Weakly convergent

subsequence {f}}1. Let us denote its weak limit f We shall now prove that f fo

Since f; is a minimizer of .J obtained through the iterative Algorithm 4.2, it verifies the
fixed point equation: f} = Sywp (ff + T*MZge — T*MZTf}). We note hy, = f,; + T*MZgr —
T*MZTf}, so that f; = Sy,wp(hy). By definition of the weak limit, it follows that:

YA, fr = Jim S5, (7))
= khm [(Rr)a] + Hm Sy, ((r)) = (R)al but lim ywy =0
So, VA, fn = klggo[(hkh] since Vx, Sy(x) 5
= lim [(fy + T Mgy = T*MET [})))]
= N+ klggo [(T*MEgr — T*MPT f¥)5] since (f;)a = I

As a result: VA, klim [(T*MZgr — T*MPT f)\] = 0.

—00
» Since ||gr — Tfo| < €k, then |T*M?(gr — Tfo)||ne < [|T*]||| Mg ||*er, < max{1, |ug|}?.€x. Since
ux converges to i, € (0,1], and € to 0, this proves that for all A:

lim [(T*MZTf, — T*MZTf%)\] = 0. (45)

k—o00

From Lemma 4.4.(1), the sequence {M?(Tf,)}, converges weakly to MTf o (Lfo) =Tfo. <
Together with the continuity of T, this leads to:

T*M{T fi —"— T"Tf,. (46)

On the other hand, f; converges weakly to ]? Using the continuity of T, we get Tf} % T f
— 00
» Lemma 4.4.(2) allows then to conclude that MZTf} % M%fo oo If <
—00 sy yHo

and it follows from the continuity of T* that:

Ty. (47)

2 w 2
1—1*]\4']€ Tf]: E) T*MTme,Mo

Plugging this last result in Eq. (46), we obtain the equality:

T* M3y, 0., Tf = T*TF, (48)
Note that Mry, 0., is a self adjoint and that M. Tf 0,10 (Lfo) = My, 0,,(Tfo) = Tfo. Therefore

the previous equality reduces to: T*M%fo 0.0 T( f fo) = 0. Taking the scalar product with f fos
we obtain:

> <f - f07 T*M%fo’o Lo (f - fo)> =0 & <MTfo,0,uoT(j — fo)’ MTfo,O,,uoT(f o f0)> -0
& || My, 0,T(f = fo)llFe =0
At MTIO,O,MOT(f - fo) =0
& T(f—fo) =0 since Mry, o, is invertible.
~ Tf: Tfo



This proves that ]? belongs to the set St y, . <
Let us now prove that || f|lwp < || f d llw,p- Because of the weak convergence of the f to f, for all

A, the non-negative sequence {wy|fy,|}n converges to wy|f]. One can then use Fatou’s lemma
to obtain:

17y = 3 Jim (w3l < Ji ;{wm}n = lm /31,

» But we proved earlier that | f%|% W < max{1, |,un|} il £ % p- Therefore, since the

limy, 00 ttn, = o € (0, 1] and lim,,—, ff—z =0, we get:

IV p < Jim S0 < D3I (49)

<
By definition, f] is the unique minimizer of the Il lw p-norm in St ., so this implies that f = 1.

The conclusion of this paragraph is that f; is the only possible accumulation point of the
sequence f;r. Since we proved that the sequence { f;}, is uniformly bounded in the ||.||3yi-norm

and that it has a unique accumulation point: f; , this allows us to conclude that f} converges
weakly to f; .

c) The sequence {f}, converges strongly to f; :
[This is identical to the proof given for Theorem 3.5] ]

It is clear that in practice, by choosing p small, the properties of g enhanced by both
Algorithm 3.2 and 4.2 are similar. The second algorithm is however more stable as it is
guaranteed to make a correct guess when the data is sufficiently close to the image of an object
f, when f is the only antecedent of its own image by T

5. Extension to inverse problem with several objects and observations

We now consider the more general problem where we seek M objects or components f1,.., far
from L observations g¢i,...,g9r,. In the case of the estimation of astrophysical maps from
multifrequency observations, each object f; is the map of an astrophysical phenomena (ex:
the map of galaxy clusters) and each g; is an observation of the sky at wavelength v;.

We make the following assumptions:

e Each object belongs to a Hilbert space Hi,: Vm = 1..M, f,, € H.,.

e Each observation belongs to a Hilbert space H}: VI =1..L, g € H.

e We know the linear bounded operators 71}, ; : HE — HY?

such that the model for the observations is linear with additive noise:

Vi=1.L, go=Y Tmifm+mn (50)

m=1

where n; are noise terms.

To estimate the objects fi, .., fasr from g1, ..., g1, we will now minimize functionals composed of
a sum of discrepancy terms (one per observation) and regularization terms (one per component)
such as:

TUr foreo s far) = ZleMm ZTmlfm ol +vamfmmxm, (51)



where the 7, and p; are strictly positive scalars and the “norms” |.|x,, are || - |lwp—norm as

before:
I£lx, =D wil (£, %) [P (52)
AeEA

where for all m, @™ ={@ '} ep is a basis of Hl,, w}* > 0 and 1 < p,, <2 and for all [, My, is
an adaptive such as the ones we have seen in section 3 and 4.

For example, the Cosmic Microwave Background signal, which is the relic radiation of our
Universe, is well modeled by a Gaussian process with known spectral power P. The Gaussianity
leads to a quadratic measure, while the power spectrum can be enforced in Fourier space.
Therefore, an adapted || - [|w—norm is Y, P(k)~!| (f,exp(—2mjk)) |*. As for galaxy clusters,
these being rare, small and intense objects, the wavelet transform of such a map is sparse (only

a few coefficients of large amplitude). Therefore, an adapted term is the [; norm of its wavelet
coefficients: Zj’k | (fsin) |-

We mention here without giving the proofs that such cost functionals (with or without
adaptive discrepancy terms) can be minimized by iterative algorithms similar to Algorithm
2.1, 3.2 and 4.2. To do so, one works on the vectorized operator T' = {7}, ;}m,1, observation
G =(g1,92,---,9.)", and object F = (f1, fa,..., far)!: such that the goal is to minimize:

J(F) = |Ma(TF = G)|2,, +~IF] ; (53)

where the norm in Hilbert space H? is the weighted Euclidean norm: HG H?{o = Zlel leGlHio
1
. . M M
and [|F| is the mixed norm [[F|| = 320y Ymll fmllx = 2 Z—1 Ym 2oxen wX' (f5 €% [P

It is true that the weighted norm induced on H° makes it a standard Hilbert space, hence
the discrepancy terms do match the ones seen before perfectly. But the regularization terms do
not match: we get in Eq.(4) a simple weighted [, sum (with a single exponent p), which is not
true here for M > 1.

However, the minimization of Eq.(53) can be done by slightly modifying the iterative
algorithm that we use for Eq.(4): it suffices to change the shrinkage operators Sy, ;, so that they
take into account the different weighted [, norms for each of the coordinates of F'. Moreover,
the proofs of convergence and stability carry to this more complicated case (see [8] for details).
We use these extended iterative algorithms and functionals in section 7.

6. Extension to complex coefficients and redundant transforms

The algorithms and theorems presented so far apply only to the case where the regularization
systems ™= {¢" )} ea are orthonormal bases of H; and the scalar products (., p}") are real.
It will be useful in our application to use redundant and/or complex families instead. To do
that, one needs to make two changes, as was pointed out in [4].

Firstly, the definition of the operators Sy , has to be extended to complex numbers. This is
done by applying Sy, only to the modulus of a complex number, keeping the phase fixed:

Swp(r-e?) = Swp(r).e?, r € R, 6 €0,2n]. (54)

Secondly, if the family = {@x}rea is redundant, the set of sequences of scalar products of
elements of Hi:

C={{(f;ex)bren, f €Hi},

is a strict subset of the set of square summable sequences I2(R) ( or [?(C)). As a result,

f =3 Spunp({a+Tg—Ta) 1 ) ¢x (55)
A



does not imply that:
A, (5030 = Syunp( {a+T"(9=Ta) 1) (56)

In the derivation of algorithms 2.1, 3.2 and 4.2, we used the fact that Eq. (55) and Eq. (56)
are equivalent when o= {@)}rea is an orthonormal basis. When o= {p)}rca is redundant,
this problem is rectified by projecting the sequence of coefficients obtained at each step of the
iteration algorithm onto the set of scalar products C:

f" = PeSywp (fnil +T1"(g9 — Tfnil)) ;o n=1 (57)

where P is the projection onto the set C.

7. Application
7.1. Multispectral Data

In this section we apply the algorithms described previously to the problem of reconstructing
maps of astrophysical phenomena from multispectral observations. We consider simulated
multispectral observations of the Cosmic Microwave Background (CMB) radiation with the
observation conditions relative to the Atacama Cosmology Telescope (ACT). In this case, we
observe the same portion of sky at different wavelengths v;. The observations are blurred
mixtures of the physical phenomena we seek fi,..,fys that can be modeled by:

M
Vi=1.L, g(v)=g =0bx* Z At frm + - (58)

m=1

The blurring b; changes with the wavelength 1; and is Gaussian. The mixture coefficients a,,
are called frequency dependencies and give the contribution of phenomena m to observation
[. The noise terms n; have a known variance o; that also depend on the wavelength v;. Note
that here, the operator T,,; from Eq.(50) is a mixture followed by a convolution Ty, ;(-) =
by * Zf\n/lzl am,1(-)m- For ACT, the observation wavelength are low: v =145, 217 or 265GHz.
(Details about the noise and blur level can be found in [8] , p.88.)

Here, we seek to reconstruct two components:

e the CMB (= f1): this is an electromagnetic radiation that fills the whole of the Universe
(see Figure 2, left panel). Its existence and properties are considered one of the major
confirmations of the Big Bang theory.

e the galaxy clusters, noted SZ (= f2): the clusters can be seen through their Sunyaev-
Zeldovich effect (SZ effect in short) which is due to high energy electrons in the galaxy
clusters that interact with Cosmic Microwave Background photons.

In fact, we focus on the detection and estimation of the galaxy clusters in observations such as
can be done with ACT.

A complete model of the observations would have to include other astrophysical phenomena
such as infrared point sources or our Galaxy dust. We will not consider them here, since their
contribution at low wavelengths, such as the ones considered here, are negligible.

Figure 2 illustrates the simulated data we use. The two left panels show the astrophysical
map we seek to reconstruct from the observations shown on the two right panels. (The units of
the maps is the micro-Kelvin).
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Figure 2. Multispectral data (units:ukK); left to right: CMB map, galaxy clusters map,
observation at 145GHz, observation at 217GHz

7.2. General parameters of the functional algorithms

In this multispectral case, the reconstruction methods proposed are extended as we have seen
in section 5. The functionals we seek to minimize now contain one regularization term for each
component and one regularization term per observation (see Eq.(51)).

As can be seen from the observations, the contribution of the galaxy clusters (SZ) is negligible
compared to this of the CMB. We rely on the fact that these maps have very different spatial
properties to disentangle them. These properties are reflected by the regularization terms.
The CMB component is regularized by a weighted lo-norm in Fourier space, the weights being
proportional to its spectral power. The SZ component is regularized by an [;-norm on its
wavelets coefficients. The wavelet transform used for regularization is the dual tree complex
wavelet transform [12; 13].

We compare the results obtained with the classical discrepancy terms (Eq.(51) with Vi:
My, = Id, i.e Eq.(4) extended) to these obtained with various adaptive projections, relaxed
(Eq.(37) extended) and not (Eq.(10) extended). In any case, the adaptive/relaxed projection is
done on an orthonormal wavelet transform (Symmlet, 2 vanishing moments) and the threshold
parameter 7 are set to the noise standard deviation.

The general balancing parameters p; are set to 1. The =, are learned from a database of

simulations.
Remark. The wavelet transform used for the regularization term of the SZ component is not a
basis but a redundant system: the dual tree complex wavelet transform. The redundancy is 4:1
and the frame is tight (energy is conserved between original and transformed space). The choice
of a redundant transform was made to remedy the lack of translation and rotation invariance of
critically sample wavelet basis. Indeed, shrinkage on a complex dual tree transform yields much
less artifacts since coefficients vary smoothly due to their complex envelope where standard
wavelet coefficients oscillate much more.

7.8. Reconstruction of CMB and galaxy clusters maps from multispectral observations

The simultaneous Reconstruction of both the CMB and galaxy cluster maps from the
multispectral observations as seen in subsection 7.1 has been performed with the different
iterative algorithms proposed in section 2, 3 and 4. All parameters were described in 7.1 except



for the relaxed projection dampening parameter p (see Eq.(36)) which is fixed here to yu = 0.1
when using Algorithm 4.2.
Fig. 3 displays the results obtained for

e the initial algorithm (Algo. 2.1) with classical lo discrepancy terms. The results are labeled
M# — 177 .

e the relaxed projection algorithm (Algo. 4.2) with stable adaptive discrepancy terms. The
results are labeled “p = 0.17.

The observed maps and the CMB and galaxy clusters maps that we seek to recover are in shown
on the left panels of Fig. 2. The reconstructed CMB maps are in the two left panels of Fig. 3.
The reconstructed galaxy maps are in the two right panels of Fig. 3.

CMB - p=1 CMB - p=0.1 SZ - p=1 SZ - p=0.1

0

-200 0 200 -200 0 200 0 200

Figure 3. Reconstructed maps; without projections: first and third images (u = 1); with
adaptive projections: second and fourth images (u = 0.1); far/middle left: CMB; far/middle
right: galaxy clusters

The following analysis is illustrated by the results shown in 3 but is valid in a more general
study with 24 similar simulations.

7.3.1. Analysis of CMB reconstruction All the reconstructed CMB maps are accurate to the
microKelvin precision. The Root Mean Square Error of the different reconstructions to the
original (true) CMB map is not affected by the introduction of the adaptive discrepancy term.

The precision obtained for this component is highly satisfactory and allows to proceed to
further treatment for astrophysical purposes.

7.8.2. Analysis of the galaxy clusters reconstruction All the reconstructed galaxy cluster maps
have a low accuracy (worst case 100 microKelvin). The Root Mean Square Error of the different
reconstructions to the original (true) clusters map is not affected by the introduction of the
adaptive discrepancy term. Hence as far as global measures are concerned, all the presented
algorithms perform in the same manner for galaxy clusters. These poor results are expected by
the fact that the contribution of the galaxy clusters to the observation is well below the CMB
contribution and the noise level.

However, as explained in [8], global measures are not satisfactory to evaluate the quality of
a reconstructed cluster map. Indeed, the goal is to locate the presence of clusters and quantify



some of their statistical characteristics like size, intensity or age... Detailed study of the reliability
of these quantities has be done for Algorithm 2.1 [8] and show that it actually gives good results
in this prospective. Here, we do not reproduce the all study for Algorithm 3.2 and 4.2 but simply
compare them to Algorithm 2.1.

As can be inferred from Fig. 3, the results are very similar. The introduction of adaptive
discrepancy terms yield a slight improvement in the estimation of the central intensity of a
cluster (see the three clusters in the upper part of the circle in Fig. 3). This improvement is not
statistically significant however it illustrates how adaptive discrepancy terms provide a novel
way of tuning the algorithm to the data.

8. Conclusion

In this paper, we attacked the problem of inverting a known bounded linear operator by
minimizing a cost functional balancing discrepancy term with a regularization term. The
regularizing term is a weighted [/, norm in a basis chosen to fit desirable properties of the object
sought. Such cost functional with classical quadratic discrepancy terms, along with iterative
algorithm that lead to a minimizer, have been thoroughly investigated both from a theoretical
and practical point-of-view in the literature. Our contribution in this paper, is to extend such
method by modifying the discrepancy term to make it adaptive. Following the seminal idea in
[2], we propose two modifications on the discrepancy term using adaptive projections or a relaxed
version of these projections that focus on the important features of the observed data. Using
the mathematical framework in [4], we prove that the corresponding functionals and iterative
algorithms are strongly convergent and stable. We also show that using projection directly may
lead to the loss of information in the data, and subsequently unexpected and undesired shape
of the solution in the asymptotic case of perfect observations. The functionals using adaptive
term with relaxed projections instead are shown not to suffer this drawback.

We have extended the functionals and algorithms to the case where several objects are sought
from several observations, making sure that the obtained functional take in account the fact that
different objects have different properties. The resulting algorithms (with classical discrepancy
term, with projections or with relaxed projections) have been successfully applied to the problem
of reconstructing maps of physical phenomena from multifrequency observations of the Cosmic
Microwave Background in astronomy. These methods allow to reconstruct maps of the Cosmic
Microwave Background and of the galaxy’ clusters with enough precision to reliably detect
clusters from them. The difference between the algorithms is not significant however small
visual differences in the results are in agreement with the differences in the discrepancy terms
used.
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