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1 Introduction
1.1 Non-Smooth Optimization

In this paper, we consider a structured optimization problem where the objective func-
tion is the sum of two proper convex and lower semi-continuous (Isc) functions on an
Euclidean space. An efficient and provably convergent method to solve this optimiza-
tion problem is the Douglas—Rachford (DR) splitting algorithm. DR was originally
proposed in [1] to solve a system of linear equations arising from the discretization
of a partial differential equation. The extension of this method suitable to solve opti-
mization and feasibility problems is due to [2].

Global sublinear convergence rate estimates of DR and the alternating direction
method of multipliers (ADMM) iterations have been recently established in the liter-
ature, see e.g. [3,4] and the references therein. Such rate becomes linear under further
assumptions, typically smoothness and strong convexity, see e.g. [5,6] and references
therein. However, it has been observed that DR method admits local linear conver-
gence in various situations where strong convexity is absent, and the studying of this
behaviour of DR or ADMM has received increasing attentions in recent years, see the
detailed discussion in Section 1.2.

Unfortunately, most of the existing work either focuses on some special cases
where a specific structure of the problem at hand can be exploited, or imposes cer-
tain regularity conditions which are barely verified in practical situations. Therefore,
it is important to present a unified analysis framework, and possibly with stronger
claims. This is one of the main motivations of this work. More precisely, our main
contributions are the following.

Globally convergent non-stationary DR

In this paper, we consider a non-stationary version of DR. By casting the non-stationarity
as an additional error, in Section 4 we establish a global convergence result for the non-
stationary DR iteration (6). This exploits our previous result on the convergence of the
general inexact and non-stationary Krasnosel’skii-Mann iteration introduced in [3].

Finite time activity identification

Assuming, that both functions in the objective are partly smooth at a global minimizer
relative to smooth submanifolds (see Definition 5.1), we show in Section 5.1 that under
anon-degeneracy condition, the non-stationary DR sequences respectively identify in
finite time these submanifolds. In plain words, this means that after a finite number of
iterations, these sequences enter these submanifolds and never leave them.

Local linear convergence

Exploiting the finite identification property, we then show that the non-stationary DR
iterates converge locally linearly in Section 6. We characterize the convergence rate
precisely based on the properties of the identified partial smoothness submanifolds.
Moreover, when the involved functions are locally polyhedral around a global mini-
mizer and the DR scheme is run with constant parameters, we show that the optimal
convergence rate is given in terms of the cosine of the Friedrichs angle between the
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tangent spaces of the two submanifolds. We also generalize these claims to the mini-
mization of the sum of more than two functions.

Finite convergence

Building upon our local convergence analysis, we also characterize situations where
finite convergence occurs in Section 7. More precisely, when the stationary and unre-
laxed DR scheme is used and the involved functions are locally polyhedral nearby a
global minimizer, and if either of the two functions is differentiable at that minimizer,
we obtain finite convergence.

We also touch one some practical acceleration schemes, since once the active sub-
manifolds are identified, the globally convex but non-smooth problem becomes locally
C2-smooth, though possibly non-convex. As a consequence, it opens the door to high-
order optimization methods, such as Newton-like or nonlinear conjugate gradient.

ADMM

Consider the same optimization problem where, now, one of the functions is the com-
position of a proper Isc and convex function with an injective operator. It was shown
by Gabay [7] (see also [8]), that ADMM amounts to applying DR to the Fenchel-
Rockafellar dual problem. Therefore, we can deliver the same local convergence anal-
ysis by considering the partial smoothness submanifolds of the Legendre-Fenchel con-
jugates of the functions in the primal problem, and that the class of partly smooth
functions is closed under pre-composition by a surjective linear operator [9, Theorem
4.2]. Therefore, to avoid unnecessary repetitions, we only focus in detail on the primal
DR splitting method (6).

1.2 Relation to Prior Work

There are problem instances in the literature where the (stationary) DR and ADMM
algorithms are proved to converge linearly either globally or locally. For instance, in
[2, Proposition 4], it is assumed that the “internal” function is strongly convex with a
Lipschitz continuous gradient. This local linear convergence result is further investi-
gated in [4,6] under smoothness and strong convexity assumptions. The special case
of Basis Pursuit (BP), i.e. one-norm minimization with an affine constraint, is consid-
ered in [10] and an eventual local linear convergence is shown in the absence of strong
convexity. In [11], the author analyses the local convergence behaviour of ADMM for
quadratic or linear programs, and shows local linear convergence if the optimal solu-
tion is unique and strict complementarity holds. For the case of two subspaces (though
in general real Hilbert space), linear convergence of DR with the optimal rate being
the cosine of the Friedrichs angle between the subspaces is proved in [12]. It turns out
that [10, 11, 12] are special cases of our framework, and our results generalize theirs to
a larger class of problems. The proposed work is also a more general extension of our
previous results in [13] which tackled only the case of locally polyhedral functions.
For the non-convex case, [14] considers DR for a feasibility problem of a sphere
intersecting a line or more generally a proper affine subset. Such feasibility problems
with an affine subspace and a super-regular set (in the sense of [15]) with strongly
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regular intersection is considered in [16], and is generalized later to two regular sets
with linearly regular intersection [17], see also [18] for an even more general setting.

Our finite convergence result complements and extends that of [19] who estab-
lished finite convergence of (unrelaxed stationary) DR in the presence of Slater’s con-
dition, for solving convex feasibility problems where one set is an affine subspace and
the other is a polyhedron.

1.3 Paper Organization

The rest of the paper is organized as follows. Some preliminaries are collected in
Section 2. Section 3 states our main assumptions on problem () and introduces the
non-stationary DR algorithm. Its global convergence is established in Section 4. Sec-
tion 5 discusses the notion of partial smoothness and some essential properties. We
then turn to the main contributions of this paper, namely finite time activity identifica-
tion (Section 5.1), local linear convergence (Section 6) and finite termination (Section
7) of DR under partial smoothness. Section 8 extends the results to the sum of more
than two functions. In Section 9, we report various numerical experiments to support
our theoretical findings.

2 Preliminaries

Throughout the paper, N is the set of nonnegative integers, R™ is a n-dimensional real
Euclidean space equipped with scalar product (-, -) and norm | - |. Id denotes the
identity operator on R™. For a vector 2z € R™ and a subset of indices b C {1,...,n},
x is the restriction of z to the entries indexed in b. Define |||, := ( P ),
p € [1,400], as the £,,-norm in R™ with the usual adaptation for p = +o0. E}F denotes
the set of summable sequences in [0, +oo]. For a matrix M € R™*", we denote || M ||
its operator norm and p(M) its spectral radius.

I'h(R™) is the class of proper convex and Isc functions on R™. The subdifferential
of a function J € I'h(R™) is the set-valued operator,

OJ :R"=R", z— {geR": J(y) > J(z)+ (g, y — z),Vy € R"}.

prox. ; : R™ — R™ denotes the proximity operator of ~./, defined as,

. 1 2
prox. () := argmin, ey (z) + 2]z — |2 (1)
In the sequel, we also denote the reflected proximity operator of .J as
rprox., ; := 2prox. ; — Id.

prox., ; is also the resolvent of ¥9.J, i.e. prox. ; = (Id +~9.J) ",

For a nonempty and convex set C' C R, denote cone(C) its conical hull, aff(C)
its affine hull, and the subspace parallel to C' is par(C) = R(C' — C) , i.e. a translate
of aff (C) to the origin. P¢ is the orthogonal projection operator onto C' and N¢ ()

its normal cone at x.
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2.1 Operators and Matrices

Definition 2.1 (Monotone operator) A set-valued operator &7 : R” == R" is mono-
tone if, given any x, z € R", there holds

(x — 2z, u—v) >0, VY(z,u) € gph(«) and (z,v) € gph(),

where gph(#) := {(z,u) € R" x R" : u € &/(z)}. It is moreover maximal
monotone if its graph is not strictly contained in the graph of any other monotone
operators.

The best-known example of maximal monotone operator is the subdifferential
mapping of functions in Iy (R™).

Definition 2.2 ((Averaged) Non-expansive operator) An operator % : R — R"
is nonexpansive if

Vr,y € R", [|F(x) = F ()| < o -yl

For any « €]0, 1], % is called a-averaged if there exists a nonexpansive operator %
such that # = aZ + (1 — o)1d.

The class of a-averaged operators is closed under relaxation, convex combination
and composition [20,21]. In particular when o = % Z is called firmly nonexpan-
sive. Several properties of firmly nonexpansive operators are collected in the following
lemma.

Lemma 2.1 Let % : R™ — R"™. Then the following statements are equivalent:
(i) Z is firmly nonexpansive;
(ii) Id — . is firmly nonexpansive;
(iii) 2.# — 1d is nonexpansive;
(iv) Givenany X €]0,2], (1 — \)Id + \.Z is 4-averaged;
(v) Z is the resolvent of a maximal monotone operator A : R™ = R™.

Proof (1)< (ii)<(iii) follow from [20, Proposition4.2, Corollary 4.29], (i)<(iv) is
[20, Corollary 4.29], and (i)<>(v) is [20, Corollary 23.8]. O

Recall the fixed-point operator .7, from (5).
Lemma 2.2 %, of (5) is firmly nonexpansive.

Proof The reflected resolvents rprox,, ; and rprox, . are nonexpansive [20, Coroll-
ary 23.10(ii)], and so is their composition. The claim follows from Lemma 2.1(i)<>(ii).
O

Definition 2.3 (Convergent matrices) A matrix M € R"*" is convergent to some
MP>R™ ™ if its power M* is convergent to M > € R"*", j.e. if, and only if

lim |M* — M| = 0.
k—o0
The following identity is known as the spectral radius formula

p(M) = lim | |M*|"*, 2
k—+o00
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2.2 Angles between Subspaces

In this part we introduce the principal angles and the Friedrichs angle between two
subspaces T3 and T5. Without loss of generality, let p := dim(77) and g := dim(73)
suchthat 1 <p <qg<n-—1.

Definition 2.4 (Principal angles) The principal angles 6, € [0,5]. k = 1,...,p
between subspaces T and 75 are defined by, with ug = vg := 0 and

cos(O) := (uk, vg) = max(u, v) s.t. v € Ty,v € Ty, ||lul| = 1, |jv|| = 1,
(u, w;) = (v, v;) =0,i=0,--- , k—1.

The principal angles 6, are unique with 0 < 6y <80y <--- < g, <7/2.

Definition 2.5 (Friedrichs angle) The Friedrichs angle 6 €]0, 7] between 7 and
T2 is

cos (0p(T1,T»)) == max(u, v) st. u€ Ty N (1 NTe)", ul =1,
veTyn(TyNTy)t, Jv]| = 1.

The following lemma shows the relation between the Friedrichs and principal an-
gles whose proof can be found in [22, Proposition 3.3].

Lemma 2.3 We have 0 (T1,T2) = 0411 > 0 where d := dim(T} N T3).

Remark 2.1 One approach to obtain the principal angles is through the singular value
decomposition (SVD). For instance, let X € R™"*P and Y € R"™*4? form orthonormal
bases for the subspaces 77 and T respectively. Let U X V7T be the SVD of the matrix
XTY € RP*4, then cos(fy) = o, k = 1,2,...,p and o}, corresponds to the k’th
largest singular value in .

3 Assumptions and Algorithm

We consider the structured optimization problem

;rel]iRI}z G(x)+ J(x)], (P)

where

(A1) G,J € IH(R™), the class of proper convex and Isc functions on R™;

(A.2) ri(dom(G)) Nri(dom(J)) # 0, where ri(C) is the relative interior of the
nonempty convex set C, and dom(+) denotes the domain of the correspond-
ing function;

(A.3) Argmin(G + J) # 0, i.e. the set of minimizers is nonempty.
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We also assume that these two functions are simple, meaning that their corresponding
proximity operators prox., ; and prox,q, y €]0, +ool, are easy to compute, either
exactly or up to a very good approximation. Problem (7) covers a large number of
problems in areas such as statistical machine learning, inverse problems, signal and
image processing to name a few (see Section 9).

In its exact relaxed form [8,23,24], the iteration of DR reads

Vg1 = ProxX, ¢ (2zk — 2),
ze+r1 = (1 — Ag)zr + Me(2k + Vkr1 — xp), 3

LTe4+1 = prOX'yJ(Zk-‘rl)a

where v €]0, +-00[, A\x €]0, 2] is the relaxation parameter. The DR scheme (3) can be
cast as a fixed-point iteration with respect to {2 } ken, i.e.

Zht1 = Fyan (Z), €]

where the fixed-point operator

For = (1= VAP, and F, = PGP T )

Under assumptions (A.1)-(A.3), and if ), -y Ax(2 — Ax) = +o00, it is known that 2y,
converges to some fixed point z* € Fix(.%,) # (), and that the shadow point z;, and vy,
both converge to z* := prox, ;(2*) € Argmin(G + J); see e.g. [20, Corollary 27.7].

In this paper, we consider a non-stationary version of (3), which is described below
in Algorithm 1.

Algorithm 1: Non-stationary Douglas—Rachford splitting

Initial: £ = 0, zp € R", 29 = prox, ;(20);
repeat
Let v E]O, —|—OO[, Ak E]O, 2[2
Vg1 = prox,YkG(sz — 2k),
Zhp1 = (1= ) zr + A (2 + vpg1 — 21), (6)

Tpp1 = Prox,, . ;(2k+1),

k=k+1;

until convergence;

Remark 3.1

(i) By definition, the DR method is not symmetric with respect to the order of the
functions J and G, see [25] for a systematic study of the two possible versions
in the exact, stationary and unrelaxed case. Nevertheless, all of our statements
throughout hold true, with minor adaptations, when the order of J and G is
reversed in (6). Note also that the standard DR only accounts for the sum of two
functions. Extension to more than two functions is straightforward through a
product space trick, see Section 8 for details.
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(ii) This paper consists of two main parts, the first one dealing with global conver-
gence guarantees of (6) (Section 4), and a second one on its the local conver-
gence properties when the involved functions are also partly smooth (Section
6). It is for the sake of the latter that we mainly focus on the finite dimensional
setting R™. It is worth pointing out, however, that the global convergence result
(Theorem 4.1) also holds for real Hilbert space case where weak convergence
can be obtained.

(iii) For global convergence, one can also consider an inexact version of (6) by in-
corporating additive errors in the computation of x; and vg, though we do not
elaborate more on this for the sake of local convergence analysis.

4 Global Convergence

Recall the operators defined in (5). The nonstationay DR iteration (6) can also be
written

241 = Fopon (26) = Ty a (28) + (Fone — Fyng) (28)- (7)

In plain words, the non-stationary iteration (6) is a perturbed version of the stationary
one (3).

Theorem 4.1 (Global convergence) Consider the non-stationary DR iteration (6).
Suppose that the following conditions are fulfilled

(H.1) Assumptions (A.1)-(A.3) hold;

(H.2) A\ €[0,2] suchthat )7, . A\e(2 — Ag) = 4005

(H.3) (vx,7) €0, +0o[? such that {\i|vi — v|}ren € £
Then the sequence {zy}ren converges to a fixed point z* € Fix(.F,) with
r* = prox, ;(2*) € Argmin(G + J). Moreover, the shadow sequence {xy}ren
and {vg }ken both converge to x* if yi, is convergent.

See Appendix A for the proof.

Remark 4.1
(i) The conclusions of Theorem 4.1 remain true if x; and vy are computed inex-
actly with additive errors €1 ;, and €5 x, provided that {\g|je1 x|} ken € éi and
{Arlleakll ren € .
(i) The summability assumption (H.3) is weaker than imposing it without Ag. In-
deed, following the discussion in [26, Remark 5.7], take ¢ €]0, 1], and let

M = 1—y/1—1/kand |y, — | = LFv1=1/k Vqu_l/k then it can be verified

that [y, — | € £, Ay — | = k%q €l and Ny (2 — N\p) = % ¢ L.

(iii) The assumptions made on the sequence {7 }ren imply that v, — ~ (see
Lemma A.1). If infey Ax > 0, we have {|vx —7|}ren € 47, entailing v, — 7,
and thus the convergence assumption on 7y, is superfluous.
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5 Partial Smoothness

The concept of partial smoothness was formalized in [9]. This notion, as well as that
of identifiable surfaces [27], captures the essential features of the geometry of non-
smoothness which are along the so-called active/identifiable submanifold. For con-
vex functions, a closely related idea is developed in [28]. Loosely speaking, a partly
smooth function behaves smoothly as we move along the identifiable submanifold,
and sharply if we move transversal to the manifold. In fact, the behaviour of the func-
tion and of its minimizers depend essentially on its restriction to this manifold, hence
offering a powerful framework for algorithmic and sensitivity analysis theory.

Let M be a C2-smooth embedded submanifold of R” around a point z. To lighten
the notations, henceforth we shall state C'?>-manifold instead of C'?-smooth embedded
submanifold of R™. The natural embedding of a submanifold M into R™ permits to
define a Riemannian structure on M, and we simply say M is a Riemannian manifold.
T (x) denotes the tangent space to M at any point near « in M. More material on
manifolds is given in Section C.

We are now in position to formally define the class of partly smooth functions in
IH(R™).

Definition 5.1 (Partly smooth function) Let /' € [H)(R"), and z € R™ such that

OF(x) # 0. F is then said to be partly smooth at x relative to a set M containing z if

(i) Smoothness: M is a C%-manifold around z, F restricted to M is C? around
xZ;5

(ii) Sharpness: The tangent space Ta¢ () coincides with T, = par(9F (z))

(iii) Continuity: The set-valued mapping OF' is continuous at x relative to M.

The class of partly smooth functions at x relative to M is denoted as PSF, (M).

l.
b

In fact, local polyhedrality also implies that the subdifferential is locally constant
around x along = + T},. Capitalizing on the results of [9], it can be shown that under
mild transversality assumptions, the set of partly smooth functions is closed under
addition and pre-composition by a linear operator. Moreover, absolutely permutation-
invariant convex and partly smooth functions of the singular values of a real matrix,
i.e. spectral functions, are convex and partly smooth spectral functions of the matrix
[29]. Some examples of partly smooth functions will be discussed in Section 9.

The next lemma gives expressions of the Riemannian gradient and Hessian (see
Section C for definitions) of a partly smooth function.

Lemma 5.1 If F' € PSF, (M), then for any ' € M near x
VmF(a') = Pr,, (OF (2')).
In turn, for all h € T,
V3, F(z')h = Pr ,V2F(z')h + 2, (h, Pr., VE(")),
where F s any smooth extension (representative) of F on M, and
W, () : Ty x T+ — T, is the Weingarten map of M at x.
Proof See [30, Fact 3.3]. O
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5.1 Finite Activity Identification

With the above global convergence result at hand, we are now ready to state the finite
time activity identification property of the non-stationary DR method.

Let z* € Fix(#, ) and 2* = prox, ;(2*) € Argmin(G + J), then at conver-
gence of the DR iteration (6), we have the following inclusion holds,

x* — 2" € vOG(x*) and z* — x* € yOJ (x*).
Our identification result is built upon this inclusion.

Theorem 5.1 (Finite activity identification) For the DR iteration (6), suppose that
(H.1)-(H.3) hold and ~yy, is convergent, entailing that (zi,x,vE) — (2%, z*,x%),
where z* € Fix(%, ») and x* € Argmin(G + J). Assume that infcr v, > v > 0.
If G € PSF,. (MS.) and J € PSF,- (M), and the non-degeneracy condition

a* — 2% € yri(0G(a*)) and z* — x* € yri(0J(z")) (ND)

holds. Then
(i) There 3K € N large enough such that for all k > K, (v, x1,) € ME x M.

(ii) Moreover,

(@) M. =a*+ T, thenvk > K, T} =T;..

(b) If MG, = 2% + TG, then Wk > K, TG = TG

(¢) If J is locally polyhedral around x*, then xy, € M. = x* + T and
T = TJ., Vk > K. Moreover, Vs, J(ak) = Vo, J(z*), and
Vi/l]* J(xk) =0.

(d) If G is locally polyhedral around x*, then v, € MS. = x* + TS and
TS = TE, Vk > K. Moreover, V 6 G(vr) = V e G(x*), and

v?\/lc* G(’Uk) =0.
See Appendix B for the proof.

Remark 5.1

(i) The theorem remains true if the condition on -, is replaced with v, > v > 0
and A\ > A > 0, (use (H.3) in the proof). B

(ii) A nondegeneracy condition of the form v € ri(G(x)) is a geometric general-
ization of strict complementarity slackness in nonlinear programming. One can
easily verify that both conditions coincide when G = 1o, where
C = {z: F(z) < 0}, with F : R® — RP, and each component F; is
differentiable and convex. Building on the arguments of [31], it is almost a nec-
essary condition for the finite identification of M. Relaxing it in general is a
challenging problem.

(iii) In general, we have no identification guarantees for x; and vy, if the proximity
operators are computed with errors, even if the latter are summable, in which
case one can still prove global convergence (see Remark 4.1). The deep reason
behind this is that in the exact case, under condition (ND), the proximal map-
ping of a partly smooth function and that of its restriction to the corresponding
active manifold locally agree nearby x*. This property can be easily violated if
approximate proximal mappings are involved.
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(iv) When the minimizer is unique, using the fixed-point set characterization of DR,
see e.g. [24, Lemma 2.6], it can be shown that condition (ND) is also equivalent
to z* € ri(Fix(%#,)).

A bound on the finite identification iteration
In Theorem 5.1, we only mention the existence of K, and have not provided an es-
timate of the number of iterations beyond which finite identification occurs. In fact,
there is a situation where the answer is trivial, i.e. J (resp. G) is the indicator function
of a subspace. However, answering such a question in general remains challenging. In
the following, we shall give a bound in some important cases.

We start with the following general statement and then show that it holds true
typically for indicators of polyhedral sets. Denote 7, := A\g(2 — Ag).

Proposition 5.1 For the DR iteration (6), suppose that (H.1)-(H.3) hold and ~y;, > 0
is convergent, entailing that z;, — z* € Fix(.%, ) and (vg, x) — («*,z*), where
x* € Argmin(G + J). Assume that G € PSF,«(MS.) and J € PSF .« (ML), and
the non-degeneracy condition (ND) holds. Suppose moreover that inf ey 7, > 7 > 0,
and the iterates are such that 0J(xy) C rbd(dJ(z*)) whenever z, ¢ M. and
OG(vg) C rbd(0G(x*)) whenever vy, ¢ MS.. Then, M:.. and ME. will be identi-
fied for some k obeying

20 — 21> + O(Zpen Ak =)
> €
k2 ~?7dist(0,rbd(8J (z*) + 8G(z*)))? ' ®)

See Appendix B for the proof.
Observe that the assumption on 7, automatically implies (H.2). As one intuitively
expects, this lower-bound increases as (ND) becomes more demanding.

Example 5.1 (Indicators of polyhedral sets) We will discuss the case of J, and the
same reasoning applies to G. Consider J as the indicator function of a polyhedral set
C7,ie.

J(z) =10s(z), where C’/={zeR": (¢, z)<d]/,i=1,....,m}.

Define I; := {i : (¢;, ) = d;} the active set at . The normal cone to C” at
x € C7 is polyhedral and given by [32, Theorem 6.46]

9J(x) = N () = cone((c] )ie12)).

It is immediate then to show that .J is partly smooth at x € C” relative to the affine
subspace M = x + T/, where, T;) = span((c;);ers)". Let F;/ be the face of C/
containing x. From [33, Theorem 18.8], one can deduce that

Fl=Minc’. )

We then have
MM < Fl.cF/! (10)
= N () is a face of (other than) N (™) (11)

[34, Proposition 3.4]

0J(x) C rbd(dJ(z*)). (12)

[33, Corollary 18.1.3]
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Suppose that M. has not been identified yet. Therefore, since
rg = Pes(2k) = Prs \ 7o, (21), and thanks to (10), this is equivalent to
zp z*

either FJ. C f;’k or f:;]k NFL =0.

It then follows from (11) and Proposition 5.1 that the number of iterations where
FlL.CF Jk_ and F& C }"g cannot exceed the bound in (8), and thus identification

will happen indeed for some large enough % obeying (8).

6 Local Linear Convergence

Building upon the identification results from the previous section, we now turn to
the local behaviour of the DR iteration (6) under partial smoothness. The key feature
is that, once the active manifolds are identified, the DR iteration locally linearizes
(possibly up to first-order). It is then sufficient to control the spectral properties of the
matrix appearing in the linearized iteration to exhibit the local linear convergence rate.

6.1 Locally Linearized Iteration

Let 2* € Fix(#, ) and 2* = prox. ;(z*) € Argmin(G + J). Define the following
two functions

G(z) =G (z) — (x, 2* = 2*), J(z) :=~J(x) — (x, 2* — 2*). (13)
We start with the following key lemma.

Lemma 6.1 Suppose that G € PSF - (MS.) and J € PSF - (MZ.). Define the two
matrices

Hg :=Ppq Vi G(a*)Prg and Hy :=Pps V73, J(@")Pry, . (14)

Hg and Hy are symmetric positive semi-definite under either of the following cases:
(i) (ND) holds.
(i) ME. and M. are affine subspaces.

In turn, the matrices

Wz = (d+ Hg)™' and W5 = (Id+ H5)™", (15)
are both firmly non-expansive.

Proof Here we prove the case for .J since the same arguments apply to G just as well.
Claims (i) and (ii) follow from [30, Lemma 4.3] since J € PSF,« (/\/li*) Conse-
quently, W5 is symmetric positive definite with eigenvalues in |0, 1]. Thus by virtue
of [20, Corollary 4.3(ii)], it is firmly non-expansive. O
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Now define Mz := Ppe WgPre and M3 := Pps W5Ppo , and the matrices

1 1

My == (1= M)Id+AM, X €]0,2].

(16)

We have the following locally linearized version of (6).

Proposition 6.1 (Locally linearized DR iteration) For the DR iteration (6), suppose
that (H.1)-(H.3) hold and ~y;, > 0 is convergent, entailing that z;, — 2* € Fix(%, )
and vy, x;, — x* € Argmin(G + J). Assume also that G € PSF,.(ME.) and
J € PSF, (./\/lg* ), and the non-degeneracy condition (ND) holds. Assume also that
Ak — A €]0,2[. Then M is firmly non-expansive and M) is %-averaged. Moreover,
for all k large enough, we have

21 — 25 = My(2x — 2°) + i + b, (17

where | Yi|| = o]z —2*||) and ¢, = O(Ak| vk —|)- ¥ and ¢y, vanish when G and J
are locally polyhedral around x* and (~yi, A) are chosen constant in 0, +00[x]0, 2|.

See Appendix C for the proof.

Remark 6.1 If ¢, = o(||zx — 2*||), then the rest in (17) is oz — 2*). However, this
is of little practical interest as z* is unknown.

Next we derive a characterization of the spectral properties of M), which in turn,
will allow to study the linear convergence rates of its powers M /’\“ to the limit M *°.
Recall the notion of convergent matrices from Definition 2.3. To lighten the notation,
we will set S, := (T;..)* and SC. = (TS)L.

Lemma 6.2 Suppose that A €)0, 2], then,
(i) M,y is convergent with

M = Pyer(M(1d— M) +(1d— M) M)
and we have
Vk € N, MY — M> = (My — M*>)* and p(My — M*>) < 1.
In particular, if

T..nTE = {0}, span(Id—M7)NSS. = {0} and span(Id—Mz)NTS = {0},

then M> = 0.
(ii) Given any p €]p(My — M), 1], there is K large enough such that for all
k> K,

1M} — M| = O(p").
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(iii) If, moreover, G and J are locally polyhedral around x*, then M) is normal (i.e.
MTIMy\ = MyMT) and converges linearly to P s areyess, nse,) with the
optimal rate T o

V(L= X2 £ A@ — N)cos? (05 (T, TS)) < 1.

In particular, if T, N TS = S, N SS = {0}, then M) converges linearly to

T* T T* T

0 with the optimal rate

V=02 4 02— N cos? (1T, TS)) < 1.
See Appendix C for the proof.

Combining Proposition 6.1 and Lemma 6.2, we have the following equivalent char-
acterization of the locally linearized iteration.

Corollary 6.1 For the linearized iteration in Proposition 6.1, the following holds.
(1) (17) is equivalent to

(Id — MOO)(Z/C+1 — Z*) = (M)\ — MOO)(Id — MOO)(Zk - Z*) + (Id — Moo)wk + ¢k

(18)

(ii) If G and J are locally polyhedral around x* and (i, \) are constant in
10, +00[x]0, 2], then

Zit1 — 25 = (M) — M) (21, — 2%). (19)

The direction = is easy, the converse needs more arguments. See Appendix C for
the proof.

6.2 Local Linear Convergence

We are now in position to present the local linear convergence of the DR iteration (6).

Theorem 6.1 (Local linear convergence of DR) For the DR iteration (0), suppose
that Proposition 6.1 holds. Recall M*° from Lemma 6.2. The following holds:
(i) Given any p €|p(My — M), 1|, there exists K € N large enough such that
forall k > K, if \e|yi — v| = O(nF) for 0 < n < p, then

I(1d — M) (21, — 2*)]| = O(p*~F).

(ii) If G and J are locally polyhedral around x* and (v, ) = (v, A), where
(v, A) €]0, +00[x]0, 2|, then there exists K € N large enough such that for all
k> K,

2 = 2| < p* Kz — 27| (20)

where the convergence rate p = \/(1 = A2+ A2 = \)cos? (0p (T, TS)),

in [0, 1], is optimal.
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See Appendix C for the proof.

Remark 6.2

(i) If M>° = 0in (i) or in the situation of (ii), we also have local linear convergence
of x;, and vg, to x* by non-expansiveness of the proximity operator.

(i) The condition on ¢y, in Theorem 6.1(i) amounts to saying that 4 should con-
verge fast enough to . Otherwise, the local convergence rate could be dom-
inated by that of ¢. In particular, if ¢;, converges sub-linearly to 0, then the
local convergence rate will eventually become sublinear. See Figure 5 in the
numerical experiments section.

(iii) For Theorem 6.1(ii), it can be observed that the best rate is obtained for A = 1.
This has been also pointed out in [ 10] for basis pursuit. This assertion is however
only valid for the local convergence behaviour and does not mean in general that
the DR will be globally faster for Ay, = 1.

(iv) Observe also that the local linear convergence rate does not depend on v when
both G and .J are locally polyhedral around =*. This means that the choice of 4
only affects the number of iterations needed for finite identification. For general
partly smooth functions, v influences both the identification time and the local
linear convergence rate, since M) depends on it through the matrices W and
W5 (v weights the Riemannian Hessians of G and J; see (13)-(15).

7 Finite Convergence

We are now ready to characterize situations where finite convergence of DR occurs.

Theorem 7.1 Assume that the unrelaxed stationary DR iteration is used (i.e.,
Yk = v €]0, +ooland A\, = 1), such that (zy, x, vi) — (25, 2%, x*), where G and J
are locally polyhedral nearby x*. Suppose that either J or G is locally C? at x*. Then
the DR sequences {zy, xy, Uk } ken converge in finitely many steps to (z*, z*, x*).

Proof We will prove the statement when J is locally C? at z*, and the same rea-
soning holds if the assumption is on G. Local C?-smoothness of .J at x* entails that
J(x*) = {V.J(xz*)} and J is partly smooth at * relative to M. = R"™. Moreover,
the non-degeneracy condition (ND) is in force. It then follows from Proposition 6.1
and Lemma 6.2(i) that there exists K € N large enough such that

Vk > K, zk+1—z*=PT§(zk—z*):>VkZK+1, 2y — 2" € TS

x*
whence we conclude that
Vk>K+1, zp=z2py1=-=2%
(]

DR is known (see, e.g., [8, Theorem 6]) to be a special case of the exact proxi-
mal point algorithm (PPA) with constant step-size v, = 1. This suggests that many
results related to PPA can be carried over to DR. For instance, finite convergence of
PPA has been studied in [35,36] under different conditions. However, [8, Theorem 9]



16 Jingwei Liang et al.

gave a negative result that suggests that these previous conditions sufficient for finite
termination of PPA can be difficult or impossible to carry over to DR even for the
polyhedral case. The authors in [19] considered the unrelaxed and stationary DR for
solving the convex feasibility problem

Find a point in C; N Cy,

where C and C5 are nonempty closed convex sets in R™, C1NCy # @, C1 is an affine
subspace and (Y is a polyhedron. They established finite convergence under Slater’s
condition

Cl n int(Cg) 75 @

They also provided examples where this condition holds where the conditions of [35,
36] for finite convergence do not apply.

Specializing our result to G = ¢, and J = v, then under Slater’s condition, if
x* € C7 Nint(Cy), we have G is partly smooth at any « € C; relative to C; with
TS = par(Cy) (i.e. a translate of C; to the origin), and 8.J(z*) = N¢,(2*) = {0},
and we recover the result of [19]. In fact, [19, Theorem 3.7] shows that the cluster
point z* is always an interior point regardless of the starting point of DR. The careful
reader may have noticed that in the current setting, thanks to Example 5.1, the estimate
in (5.1) gives a bound on the finite convergence iteration.

8 More than Two Functions

We now want to tackle the problem of solving

min . J;(2), (Pin)

zER™

where
Ad) J; € [H(R"),Vi=1,---,m;
(A2) y<;cp, ri(dom( ;) # 0
(A3) Argmin(} " J;) # 0.
In fact, problem (P,,,) can be equivalently reformulated as (P) in a product space,
see e.g. [37,38]. Let H = R™ x - - - x R™ endowed with the scalar inner-product and

™ times
norm

m m 2
Ve, y € H, (ac,y) = 21121(551" yi>7 ”:L'” = Zilexz‘H .

Let S = {x = (%;); € H: @ = -+ = xp,} and its orthogonal comple-
ment St = {z = (z;); € H : Y./~ x; = 0}. Define the canonical isometry
C:R" =8,z (z,--,2), wehave Ps(z) = C(L Y7, z).

Problem (7,,,) is now equivalent to

;réiqr_lt J(z) + G(z), where J(z) =Y . J;(z;) and G(z) = 1s(z), (P)

which has the same structure on H as () on R™.
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Obviously, J is separable and therefore,

prox, ;(x) = (prox, ;. (i),
Let x* = C(z*). Clearly, G is polyhedral, hence partly smooth relative to S with

— &. Suppose that .J; € PSF,.(M:1) for each i. Denote T, = X ,T/i and
X (T~ Similarly to (14), define

m* -
SJ

x* =

Hy :=Pps V?J(2*)Pps and Wy := (Id + Hyz) ™'

where ( ) =Y, Ji(x;) — (@, z* — x*), J; is the smooth representation of

J; on Mx*, and Id is the identity operatror on H. Since G is polyhedral, we have
W = Id. Now we can provide the product space form of (16), which reads

M =1d + 2Pc Pps WyPrs — Prc — Pps WiPry,
= lld + Py (2Pgy, WyPps, —1d) — 1(2PT;* W5Prs, —1d) (1)
= %Id+ (2Ppg — 1d)(2P7s, WPy — Id),
and M := (1 — A\)Id + AM. Owing to Lemma 6.2, we have
M = Pyep P (Id=Poy WyPry )+(1d=Pyg )Prs WPy ):

and when all J;’s are locally polyhedral nearby x*, M °° specializes to

M™ =P ns)e(s7,n5L)

Corollary 8.1 Suppose that (A’.1)-(A’.3) and (H.2)-(H.3) holds. Consider the se-
quence {zy, T, Vi }ren provided by the non-stationary DR method (6) applied to
solve ('P). Then,
(i) (2, @K, vi) converges to (z*,x*, x*), where * = C(x*) and =* is a global
minimizer of (P,,).
(ii) Assume, moreover, that vy, > v > 0 and vy, — v, J; € PSF .« (/\/li*) and

2 €@t i ( X iaJi(:c*)) nst. (ND)

Then,
(a) forall k large enough, x;, € X i/\/lgi
(b) in addition, if A\, — X €]0,2], then given any p €]p(My — M), 1],
there exists K € N large enough such that for all k > K, if
e Ve — 7| = O(nF) where 0 < n < p, then

[(Id — M>®)(z, — 2*)|| = O(p" ).
In particular, if all J;’s are locally polyhedral around z* and

(Vs Ak) = (7, A) €]0, +00[x]0, 2], then zy, (resp. T == = > @y i)
converges locally linearly to z* (resp. x*) at the optimal rate

p= /(1= N2+ A2~ A)cos?(0p(T.,, S)) € [0,1].
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Proof
(i) Apply Theorem4.1 to (P).

(ii)  (a) By the separability rule, we have J € PSF 4« ( X Z/\/li ), see [9, Propo-
sition 4.5]. We have also dG(z*) = Ns(x*) = S*. Then (ND) is sim-
ply a specialization of condition (ND) to problem (7). The claim then
follows from Theorem 5.1.

(b) This is a direct consequence of Theorem 6.1. For the local linear conver-
gence of xj, to x* in the last part, observe that

2 2 2
e — a* |7 = 115 20 e — o oy @il < 2L ek — |
2
= 2isy Iprox,  (z1,:) — prox, ;. (7))

2
i ki — 217 = 5l — 2],

IN

We also have the following corollary of Theorem 7.1.

Corollary 8.2 Assume that the unrelaxed stationary DR iteration is used (i.e.,
Yk = v €]0,+00[ and N\, = 1), such that (z,x,v;) — (2%, C(x*), C(z*)),
where, Vi, J; is locally polyhedral nearby x* and is differentiable at x*. Then the se-
quences {zi, Tiy, Vi, = > vy Thithen converge in finitely many steps to
(z%,C(z*),C(z*), z*).

9 Numerical Experiments
9.1 Examples of Tested Partly Smooth Functions

Table | provides some examples of partly smooth functions that we will use through-
out this section in our numerical experiments. These functions are widely used in
the literature to regularize a variety of problems in signal/image processing, machine
learning and statistics, see e.g. [39] and references therein for details. The corre-
sponding Riemannian gradients can also be found in [39]. Since the /1, /-, and the
(anisotropic) total variation semi-norm are polyhedral, their Riemannian Hessian van-
ishes. The Riemannian Hessians for the 1 » nand the nuclear norm are also provided
in [39].

Affinely-constrained minimization
Let us first consider the affine-constrained minimization problem

min J(x) subjectto Lx = Lz, (22)
reR"
where L : R — R™ is a linear operator, z,, € R” is known and J € IH(R").
Problem (22) is of importance in various areas to find regularized solutions to linear
equations (one can think for instance of the active area of compressed sensing, matrix
completion, and so on). By identifying G with the indicator function of the affine
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Table1 Examples of partly smooth functions. Dpyr stands for the finite differences operator.

Function Expression Partial smooth manifold
£1-norm llly = 200 |l M=T,={zeR": I.C I},
I, = {z L x F 0}
{1 2-norm N M=T,={zeR": I, C I},
I ={i: ap, #0}
{oo-norm max;—1,...,n || M=T, = {z ER™: zp, € R,sign(z;z)},

Iy = {i: || =|lz] o }

TV semi-norm | @]y = [Dorrzl; | M=Te ={z €R": Ip .. C Ipypats
Ippipe = {i: (Dpra): #0}

Nuclear norm [z, =>7_10() | M= {z € R*X%"2 : rank(z) = rank(z) = r},
o (z) singular values of

constraint C' := {:17 € R": Lxg, = Lx} = Zop + ker(L), it is immediate to see
that GG is indeed polyhedral and partly smooth at any « € C relative to C.

We here solve (22) with .J being the /1, £, ¢1 2 and nuclear norms. For all these
cases, the proximity operator of J can be computed very easily. In all these experi-
ments, L is drawn randomly from the standard Gaussian ensemble, i.e. compressed
sensing/matrix completion scenario, with the following settings:

{1-norm (m,n) = (48,128), x.y, is sparse with 8 nonzero entries;
{1 2-norm (m,n) = (48,128), z,p has 3 nonzero blocks of size 4;
{o-norm (m,n) = (123,128), z,p has 10 saturating components;

Nuclear norm  (m,n) = (500, 1024), 2,1, € R32*32 and rank(z,p,) = 4.

For each setting, the number of measurements is sufficiently large so that one can
prove that the minimizer ¥* is unique, and in particular that ker(L) N T;.. = {0}
(with high probability); see e.g. [40]. We also checked that ker(L)* N S7. = {0},
which is equivalent to the uniqueness of the fixed point and also implies that M *° = 0
(see Lemma 6.2(i)). Thus (ND) is fulfilled, and Theorem 6.1 applies. DR is run in its
stationary version (i.e. constanty = 1/2).

Figure 1 displays the profile of ||z — 2*|| as a function of &, and the starting point
of the dashed line is the iteration number at which the active partial smoothness man-
ifold of .J is identified (recall that M$. = C which is trivially identified from the first
iteration). One can easily see that for the ¢; and /., norms, the observed linear con-
vergence coincides with the optimal rate predicted by Theorem 6.1(ii). For the case of
£, 2-norm and nuclear norm, though not optimal, our estimates are very tight.

Noise removal

In the following two examples, we suppose that we observe y = zo, + €, where
Zob 1S a piecewise-constant vector, and ¢ is an unknown noise supposed to be either
uniform or sparse. The goal is to recover x,p, from y using the prior information on
Zob (i.e. piecewise-smooth) and e (uniform or sparse). To achieve this goal, a popular
and natural approach in the signal processing literature is to solve

min [z py  subjectto [ly — x|, <, (23)

where p = 400 for uniform noise, and p = 1 for sparse noise, and 7 > 0 is a pa-
rameter to be set by the user to adapt to the noise level. Identifying J = | - ||, and
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(a) £1-norm (b) £oo-norm (c) £1,2-norm (d) Nuclear norm

Fig.1 Observed (solid) and predicted (dashed) convergence profiles of DR (3) in terms of ||z, — z*| with
i = 1/2. (a) £1-norm. (b) £oo-norm. (c) ¢1,2-norm. (d) Nuclear norm. The starting point of the dashed
line is the iteration at which the active manifold of J is identified.

Practical observation Praciical observation
— — Theoretical estimation — — Theoretical estimation

1% 0
S0 1000 100 200 zs0 a0 s 10 15 )
k

(a) Uniform noise removal (b) Sparse noise removal

Fig.2 Observed (solid) and predicted (dashed) convergence profiles of DR (3) in terms of ||z, — 2*| with
vk = 1/2. (a) Uniform noise removal by solving (23) with p = +o0, (¢) Sparse noise removal by solving
(23) with p = 1. The starting point of the dashed line is the iteration at which the manifolds M ;’* and
ME, are identified.

*

G = Uy—-|, <> ONE recognises that for p € {1,+oc0}, J and G are indeed polyhe-
dral and their proximity operators are simple to compute. For both examples, we set
n = 128 and x,}, is such that Dpipaxon has 8 nonzero entries. For p = 400, € is
generated uniformly in [—1, 1], and for p = 1 ¢ is sparse with 16 nonzero entries. DR
is run in its stationary version. The corresponding local convergence profiles are de-
picted in Figure 2(a)-(b). Condition (ND) is checked posterior, and it is satisfied for the
considered examples. Owing to polyhedrality, our rate predictions are again optimal.

9.2 Finite Convergence

We now numerically illustrate the finite convergence of DR. For the remainder of
this subsection, we set n = 2, and solve (P) with G = || - ||, and J = 1¢, C =
{z € R? : |z — (3/4 3/4)"||; < 1/2}. The set of minimizers is the segment
[(1/4 3/4)T,(3/4 1/4)T], and G is differentiable at any minimizer with gradient
(1 1)”. The set of fixed points is thus [(1/4 3/4)T,(3/4 1/4)"] — ~. Figure 3(a)
shows the trajectory of the sequence {zj}ren and the shadow sequence {z }ren
which both converge finitely as predicted by Theorem 7.1 (DR is used with v = 0.25).

For each starting point zg € [—10, 10]2, we run the DR algorithm until 23,1 = 2
(up to machine precision), with v = 0.25 and v = 5. Figure 3(b)-(c) show the number
of iterations to finite convergence, where v = 0.25 for (b) and v = 5 for (c). This
confirms that DR indeed converges in finitely many iterations regardless of the starting
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A&

(@) (b) v = 0.25 ©~7=5

Fig.3 (a) Trajectories of {2y }xen and {zk }ren. The red segment is the set of minimizers and the blue
one is the set of fixed points. (b)-(c) Number of iterations needed for the finite convergence of zj to z*.
DR is run with v = 0.25 for (b) and v = 5 for (c).

(a) £1-norm (b) €1,2-norm (c) Nuclear norm

Fig.4 Number of iterations (K) needed for identification and local linear convergence rate (p) as a function
of v when solving problem (22) with different functions J in Table 1. (a) £1-norm. (b) £1 2-norm. (c)
Nuclear norm.

point and choice of ~y, though more iterations are needed for higher +y in this example
(see next subsection for further discussion on the choice of ).

9.3 Choice of ~

Impact of v on identification
We now turn to the impact of the choice of v in the DR algorithm. We consider (22)
with J being the ¢;, the /; 5 and nuclear norms.

The results are shown in Figure4, where K denotes the number of iterations
needed to identify M. and p denotes the local linear convergence rate. We sum-
marize our observations as follows:

e For all examples, the choice of ~y affects the iteration K at which activity iden-
tification occurs. Indeed, K typically decreases monotonically and then either
stabilizes or slightly increases. This is in agreement with the bound in (8);

e When J is the ¢;, which is polyhedral, the local linear convergence rate is in-
sensitive to 7y as anticipated by Theorem 6.1(ii). For the other two norms, the
local rate depends on « (see Theorem 6.1(i)), and this rate can be optimized for
the parameter 7;

e In general, there is no correspondence between the optimal choice of  for iden-
tification and the one for local convergence rate.
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100 20 300 00 100 20 200 00 ¢ 100 20 200 200

(a) £1-norm (b) €1,2-norm (c) Nuclear norm
Fig.5 Comparison between stationary (“S-DR”) and non-stationary DR (“NS-DR X”, X stands for Case
X) when solving (22) with different functions J in Table 1. (a) £1-norm. (b) £1,2-norm. (c) Nuclear norm.

Table 2 Number of iterations K needed for the identification of M i* for each tested case. “NS-DR X”
stands for the non-stationary DR with choice of v;, as in Case X.

S-DR | NS-DR1 | NS-DR2 | NS-DR3 | NS-DR4 | NS-DR 5
£1-norm 62 46 59 244 56 109
{1 2-norm 47 42 43 227 41 79
Nuclear norm 109 103 108 72 107 94

Stationary vs non-stationary DR

We now investigate numerically the convergence behaviour of the non-stationary ver-
sion of DR and compate it to the stationary one. We fix \;, = 1, i.e. the iteration is un-
relaxed. The stationary DR algorithm is run with some v > 0. For the non-stationary
one, four choices of v are considered:

Casel:v, =~v+ k%’ Case2:v, =+ k%’ Case3: 7y, =~ + 0.95%,
Cased:y, =~ + 0.5, Case5:y, =~ + e /8,

Obviously, we have {|yx — ¥|}ken € Ei for all the four cases. Problem (22) is con-
sidered again with J the /1, the /; > and the nuclear norms. The comparison results
are displayed in Figure 5. Table 2 shows the number of iteration K needed for the
identification of M. .

For the stationary iteration, the local convergence rate of the 3 examples are,

¢1-norm: p = 0.9129, /; o-norm: p = 0.9324, Nuclear norm: p = 0.8869.

We can make the following observations from the comparison:

o The local convergence behvaiour of the non-stationary iteration is no better than
the stationary one (same local convergence rate) which is in agreement with our
analysis;

e Asargued in Remark 6.2(ii), the convergence rate is eventually controlled by the
error |y — 7|, except for “Case 4 & 5, since 0.5 and the exponential function
decay faster than the local linear rate of the stationary version (i.e. |vx — 7| =
ofllz — 2*));

e The non-stationary DR seems to generally lead to faster identification. Though
this is not a systematic behaviour as observed for instance for “Case 3 & 57,
where slower identification is obtained for the ¢; and the ¢; 2 norms.

Overall, “Case 5 shows the best performance, which implies that in practice, at least
for the presented examples, a good strategy is use bigger values of 7, at beginning for
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a faster identification, and locally converges to the limit value quickly in order to have
faster local performance.

10 Conclusions

In this paper, we investigated local convergence properties of DR and ADMM when
the involved functions (or their conjugates) are convex and partly smooth. In partic-
ular, we showed that these schemes identify the active manifolds in finite time and
then converge locally linearly at a rate that we characterized precisely. Under poly-
hedrality of both functions, we also characterize situations where finite convergence
occurs. Future work includes several extensions of this work. At first, finite identifica-
tion and finite convergence under milder assumptions than those required here would
be important. Another important extension would be to tackle the non-convex setting.

Appendices

Appendix A
We start with the following lemma which is needed in the proof of Theorem4.1.
Lemma A.1 Suppose that conditions (H.2) and (H.3) hold, and that yy, is convergent. Then

lim v, = .

k—+o0o

Proof Since 7y, is convergent, it has a unique cluster point, say limy_, { o v% = 7'. It is then sufficient
to show that 4/ = ~. Suppose that 4" # ~. Fix some € €]0, |y’ — 7|[. Thus, there exist an index K > 0
such that for all k > K,

e =~ < e/2.
Therefore
v = > =l =l =] > e/2
It then follows that
Ae(2 = Agp)e < 2xpe < AXg|ve — 7l

Denote T := supyy Ak (2 — Ag) which is obviously positive and bounded since Ay, € [0, 2]. Summing
both sides for k > K we get

€ Dhen M2 = M) = KT <& 35055 M2 = M) <4 Xpen Mk =1,
which, in view of (H.3), implies
ke (2= M) < e kle — vl + K7) < +oo,
leading to a contradiction with (H.2). O

Proof (Theorem4.1) To prove our claim, we only need to check the conditions listed in [3, Theorem 4].
(i) As (A.3) assumes the set of minimizers of (P) is nonempty, so is the set Fix(.% ), since the former
is nothing but prox,, ; (Fix(F)) [20, Proposition 25.1(ii)].
(ii) Since .F, is firmly nonexpansive by Lemma?2.2, .7, , is %“—averaged nonexpansive, hence
nonexpansive, owing to Lemma 2.1(iv).
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(iii) Let p € [0, +o00[ and z € R™ such that | z|| < p, Then we have

TProx., Orprox., j I'ProX,. c Orprox.
(T — Fy)(z) = —— G T () TPIOGIPIONST ()

rproxkaorproxﬂ{kJ rproxwkcorproxw‘,
( . (2) - ; (2)

I'Prox., ¢ Orprox IProx. G Orprox. j
( 'sz ~J (2) — Tk a Y (Z))

IProX., GOTrpProxX. j ITProX., G OTProX. j
k Tk Tk 2
( ; (2) - ; (2)

— (proxvc orprox, ;(z) — prox,, ¢ o rproxWJ(z)) .
Thus, by virtue of Lemma 2.1(iii), we have
1(F = F) ()
< lprox,, 5(2) — prox, ; (2)[| + [[prox,, ¢ (rprox, ;(2)) — prox, g (rprox, ;(2))|-
Let’s bound the first term. From the resolvent equation [41], and Lemma 2.1(i)(ii)(v), we have

Ipros,, s (2) — prox, ()] = prox,, ; () — prox,, s (%2 + (1 - 2)prox, (=) |

(1d — prox, ) < P 4 Jprox, O))).
Y

(24)

Iw—vu

IN

With similar arguments, we also obtain

[prox., g (rprox, ;(2)) — prox, g (rprox, ; (2))| < @ (p+ Iprox, G (0) [ + 2[lprox, ; (0))])-

25)
Combining (24) and (25) leads to
[P = F)E < = 2 1 fprox, 6O + 3lprox,, @), 26
whence we get
1P = Fra) @O = Ml (F = 2] < ML= 20+ fprox, (0]

+3|lprox., s (0)I1)-
Therefore, from (H.3), we deduce that

{Hshlg I(Fyen, — Fryone) (@) een € €
z||<p

In other words, the non-stationary iteration (7) is a perturbed version of the stationary one (4) with an
error term which is summable thanks to (H.3). The claim on the convergence of z* follows by applying
[24, Corollary 5.2]. Moreover, z* := prox%](z*) is a solution of (P). In turn, using nonexpansiveness of
Prox,, s and (24), we have

el
e — 2| < |z — 2% + f(llf\l + [prox, ; (0)]),

and thus the right hand side goes to zero as £ — +oco as we are in finite dimension and since v, — =y
owing to Lemma A.1. This entails that the shadow sequence {x, } ke also converges to x*. With similar
arguments, we can also show that {vg } e converges to * (using for instance (25) and nonexpansiveness
of prox,, o). O
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Appendix B

Proof (Theorem 5.1) By Theorem 4.1, all the sequences generated by (6) converge, i.e.
zp = 2% € Fix(Fy 2), @k, vk, — x* = prox, ;(z*) € Argmin(G + J).

The nondegeneracy condition (ND) is equivalent to
* _ ok * ok
% € 1i(8G(z*)) and % € ri(8J(z%)). @7

(i) The update of x4 1 and v 1 in iteration (6) is equivalent to the monotone inclusions

2k = 2 T VktL ¢ 9G(yyy) and 2Tk € 91 (ay).
Tk Tk

It then follows that

*

* * * — —
dist(Z 555,06 (u41)) < | T2 - BT S et

Y Yk
e —(Er —2%) | x* — 2% 2% — 2k — Vpg
- ” YVk + Yk Yk ”
k — 1
< %nad = prox, )l + e~ #1) 2w =)
+ (Vg1 — )|
— 1
< B8 =21t o+ proe, 5 00) + 2 (o — 2] + 20— 2*]

+ ”Uk+1 - x*H)v

and the right hand side converges to 0 in view of Theorem 4.1 and Lemma A.1. Similarly, we have

* * * * * * * *
dist 2T ,8]([ < 12— _ Rk T Tk — (’Ykify)(z 733) Z -
(F= 00(@) <155 e B I
_ Pk~ Tk
el
— 1
< D=2+ pro, (00) + 2 (i = 271 + o = 2*1) =

By assumption, G, J € Ip(R™), hence are subdifferentially continuous at every point in their re-
spective domains [32, Example 13.30], and in particular at z*. It then follows that G(vg) — G(z*)
and J(x) — J(z*). Altogether, this shows that the conditions of [42, Theorem 5.3] are fulfilled
for G and J, and the finite identification claim follows.

(ii) (a) In this case, Mi* is an affine subspace, i.e. Mi* =x*+ TZJ*. Since J is partly smooth at
x* relative to Mi* , the sharpness property holds at all nearby points in M i* [9, Proposi-
tion 2.10]. Thus for k large enough, i.e. x, sufficiently close to z* on Mi* , we have indeed
Ter, (ML) =T/, = Tgc]k as claimed.

(b) Similar to (ii)(a).

(c) Itis immediate to verify that a locally polyhedral function around z* is indeed partly smooth
relative to the affine subspace z* + TIJ* , and thus, the first claim follows from (ii)(a). For the
rest, it is sufficient to observe that by polyhedrality, for any z € M i* near z*,
0J(xz) = 0J(x*). Therefore, combining local normal sharpness [9, Proposition2.10] and
Lemma 5.1 yields the second conclusion.

(d) Similar to (ii)(c). O

Proof (Proposition 5.1) From (7), we have

Zp1 = Ty, (2) + ek
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where {|ex|}ren = {OAklve — V) }ren € EL (see the proof of Theorem4.1). Since ., is firmly
non-expansive by Lemma?2.2, .7, 3, is %“—averaged non-expansive owing to Lemma 2.1(iv). Thus argu-
ing as in the proof of [24, Theorem 3.1], we have

2 ; ; 2
lzk = 217 < 1Py a0, (2R—1) = Fy 0, G + Clleg—all

2= A
NPy (1) = Fon, ()P — =2

2
5oy 17k = zke-1l” + Cler -l

< ze—1 — 2*)° = me—1llve — zx—1]* + Cllex—1ll,

where C < 400 by boundedness of z, and ep. Let gx = (2p—1 — Tgp—1)/Yk—1 and
hi = (2ek—1 — 2k—1 — Vi) /YK —1- By definition, we have (g, hi) € 0J(zr—1) X OG(vy). Suppose
that neither Mg* nor ./Vlg* have been identified at iteration k. Thatis z_1 ¢ M g «and vy ¢ Mf*, and

by assumption, g € rbd(8J(z*)) and hr € rbd(dG(xz*)), which implies that
gk + hi, = (vk — xi—1)/vk—1 € rbd(8J(z*)) + rbd(OG(z*)). Thus, the above inequality becomes

|z — z*H2 < |lzk—1 — z*H2 — ’Y}%ilTk_ldiSt (0, rbd(0J (z*)) + rbd(BG(;B*)))2 + Cllex—1]
< lzkor — 251 = 72y 1 dist (0, 1bd (8 (&) + 8G(2¥)))? + Clles—1|
< |20 — 2*|* — kv rdist (0, tbd (8 J (z*) + 8G(:v*)))2 + O ken ke — 1),

and dist (0, rbd(8J (z*) + 8G(2*))) > 0 owing to condition (ND). Taking k as the largest integer such
that the bound in the right hand is positive, we deduce that the number of iterations where both M g*
and Mg’; have not been identified yet does not exceed the claimed bound (8). Thus finite identification
necessarily occurs at some k larger than this bound. ]

Appendix C
Riemannian Geometry

Let M be a C'2-smooth embedded submanifold of R™ around a point . With some abuse of terminology,
we shall state C'2-manifold instead of C'2-smooth embedded submanifold of R™. The natural embedding
of a submanifold M into R™ permits to define a Riemannian structure and to introduce geodesics on M,
and we simply say M is a Riemannian manifold. We denote respectively T (z) and N4 () the tangent
and normal space of M at point near x in M.

Exponential map

Geodesics generalize the concept of straight lines in R™, preserving the zero acceleration characteristic,
to manifolds. Roughly speaking, a geodesic is locally the shortest path between two points on M. We
denote by g(¢; x, h) the value at t € R of the geodesic starting at g(0; z, h) = x € M with velocity
g(t;z, h) = %(t;x, h) = h € Ta(z) (which is uniquely defined). For every h € Tpq(z), there
exists an interval I around O and a unique geodesic g(t;z, h) : I — M such that g(0; 2, h) = x and
g(0; z, h) = h. The mapping

Exp, : Tm(z) = M, h— Exp,(h) = g(1;z, h),

is called Exponential map. Given x, x’ € M, the direction h € Trq(x) we are interested in is such that
Exp,(h) = 2" = g(1;2, h).

FParallel translation

Given two points z,z’ € M, let Taq(z), Taq(z”) be their corresponding tangent spaces. Define 7 :
Tam(z) = Ta(x') the parallel translation along the unique geodesic joining z to x’, which is isomor-
phism and isometry w.r.t. the Riemannian metric.
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Riemannian gradient and Hessian
For a vector v € N4 (z), the Weingarten map of M at x is the operator Wy (-, v) : Ty (z) = Tam(z)
defined by W (-,v) = —P7, (;)dV[h], where V' is any local extension of v to a normal vector field
on M. The definition is independent of the choice of the extension V', and 20 (-, v) is a symmetric linear
operator which is closely tied to the second fundamental form of M, see [43, Proposition I1.2.1].

Let G be a real-valued function which is C? along the M around x. The covariant gradient of G at
z' € M is the vector Vo G(z') € Taq(z") defined by

(VmG(z'), h) = %G(PM(I’ Fth))|,_o Yh € Tha(a'),

}t=07

where P o is the projection operator onto M. The covariant Hessian of G at =’ is the symmetric linear
mapping V4, G(x') from T (z') to itself which is defined as

2
(V2,G()h, h) = %G(PM(QH +th))|,_gs ¥h € Tha(a). 28)

This definition agrees with the usual definition using geodesics or connections [44]. Now assume that M is
a Riemannian embedded submanifold of R™, and that a function G has a C2-smooth restriction on M. This
can be characterized by the existence of a C2-smooth extension (representative) of G, i.e. a C2-smooth
function G on R™ such that G agrees with G on M. Thus, the Riemannian gradient V o(G(z') is also
given by

VMmG(E') = PTM(ZI)VG(QC'), (29)
and Vh € Tp ('), the Riemannian Hessian reads

VG (@) =Pry (o d(ViG) (@) [h] = Pry, (o d (@’ = Pry (o) VG [h]

)~ ~ (30)
= PTM (z/)v G(x/)h + 20,/ (h, PNM (I/)VG(I,)),

where the last equality comes from [45, Theorem 1]. When M is an affine or linear subspace of R, then ob-
viously M = =z + Tam(z), and Wyr (h,Par,, (m/)Vé(x’)) = 0, hence (30) reduces to
ViG(') =P, (z/)Vzé(:ﬂ’)PTM (a7~ See [46,43] for more materials on differential and Rieman-
nian manifolds.

We have the following proposition characterising the parallel translation and the Riemannian Hessian
of two close points in M.

Lemma C.1 Let z, ' be two close points in M, denote Taq(x), Taq(x') be the tangent spaces of M
at z,x’ respectively, and T : Tap(x') — Ta(x) be the parallel translation along the unique geodesic
Jjoining from x to ', then for the parallel translation we have, given any bounded vector v € R™

(TP (a") = PTas(@)v = o(v)- 31

The Riemannian Taylor expansion of J € C?(M) at x for ' reads,
TVMI (@) = V(@) + Vi T (@)Pry (o) (@ — ) + o(z’ — ). (32)
Proof See [30, LemmaB.1 and B.2]. O

Proof (Proposition 6.1) Since W, W5 are both firmly non-expansive by Lemma 6.1, it follows from [20,
Example 4.7] that Mg and M7 are firmly non-expansive. As a result, M is firmly non-expansive [20,
Proposition 4.21(i)-(ii)], and equivalently that My is %—averaged by Lemma 2.1(i)&(iv).

Under the assumptions of Theorem 5.1, there exists K € N large enough such that for all
k> K, (z,vi) € Mi* X Mgi. Denote Ti]k and Ti’* be the tangent spaces corresponding to x;, and
T* € Mi* , and similarly TgC and Tf* the tangent spaces corresponding to vy, and * € Mf*. Denote
7',;7 : T;fk — Tg‘cﬁ (resp. TE : Tvci — Tg) the parallel translation along the unique geodesic on M i*
(resp. Mf*)joining Tk to z* (resp. vy, to x*).

From (6), for x;,, we have

{ zy = prox,, j(zx), { 2k — zx € £ 0J (2),
—

x* = prox, ;(2%), ¥ —x* € 4y0J(z*).
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Projecting on the corresponding tangent spaces, using Lemma 5.1, and applying the parallel translation
operator 7',;7 leads to

'Yk‘rigvMi* J(zg) = T’;]PTSEJ,C (2 — k) = PT:;]* (21 — xg) + (T’;IPT;E]k - PT;’* ) (zk — k),
'YVM;{* J(z*) = PT,;]* (z* — ™).
‘We then obtain
'YkTI‘c]vMi,( J(@k) =V g, J(@7) = 'YTI;]vMi* I (@) =7V pqa, J(@)
+ (v — ’Y)T/;]VMi* J ()
=Pr ((z — 2%) = (zg — 2))

@

—|— (T];]PTJ — PTJ )(Zk — Tk — Z* + I*) (33)
T z*

Term 1

+ (TkJPTka - PT;* )(zF —a*).

Term 2

For (v — )7V mI, (@), since the Riemannian gradient V , , g J (2 ) is single-valued and bounded

on bounded sets, we have
(v = 'Y)TIEIVM;{* (@)l = Ok — D). (34)
Combining (24) and (31), we have for Term 1
(T;;]PT,gk =Py )z —ak — 2" +a7) = oz — 27) + ol — 7). 35)
As far as Term 2 is concerned, with (13), (24) and the Riemannian Taylor expansion (32), we have
'kaJVM;* J(zp) — 'YVM;* J(z*) — (T);]PT:;:]IC - PTT{* )(z* —z*)
=7 (’YVM;(* J(zg) — PTaE'k (z* —a*")) — ('yVMi* J(x*) — PT;Q (z* —z*))

z _ : 36)
=TV s, T (@k) = Vg J(@*) =Py V3 J(@)Pry (o5 = 2%) + o(wk — 2%)

=Pry Vi J@)Pry (zx —2*) + o(zk — 2*) + o7k — ).

Therefore, inserting (34), (35) and (36) into (33), we obtain

Hy(x) — %) = PT;]* (2 — 2%) — PT;;* (x — @) + oz — ) + Ok — 7])
= (4 HpPry, (ox = a™) =Py, (o =2 + olai =2 + Ol =D
= Py, (@x —@*) = WyPpy (2 = 2*) + olz = 2*) + Ok — )
= Py, (ok = 2%) = Py, WPy (51 = 2) + oz — 2°) + Oy = )
= zg —a* = M5 (2 — 2%) + o(z — 2*) + Ol — ), a7

where we used the fact that zj, — z* = Prp.g_ (g, — *) 4+ o(z, — x*) [47, Lemma 5.1].

Similarly for vy 1, we have

{ Vk41 = Prox,, q(2zr — 2x), { 2zp — 2k — Vg1 € YO (Vp41),

x* = prox,g(2z* — %), 2z* — 2* —z* € v0J(z*).
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Upon projecting onto the corresponding tangent spaces and applying the parallel translation 7',? " 1. We get
VkaGHVMg* G(vkt1) = T;?HPTUC;;H (2@ — 21 — Vr41)
= PT,fi 2z — 2 — VEy1) + (T,?JAPT&JA - PTE* )(ka — 2k — Vk41)s
'yVMf* G(z*) = PTwG* (2z* — 2" —z*).

Substracting both equations, we obtain
’YTIcG+1VMg* G(vy1) — ’YVMS* G(z*) = 'YTIQG+1VM5* G(vgy1) — ’YVM;?* G(z)

+ (vk — ’Y)Tl?-o-lvj\/(g* G(vgy1)

= PTﬂ ((2zg — 2k — vpg1) — (28" — 2% — 2¥))

G * *
T P —P xr —z
+ (i TG | TIG*)( )

Term 4

+ (T,CG+1PT&+1 — PTJC‘;;)((2:EI€ — 2 — Vpy1) — (22 — 2 —2¥)).

Term 3
(38)
As for (34), we have
Ik = D71V g, Gors)l = O = 1). 39)
With similar arguments to those used for Term 1, we have Term 3 = o(zx, — z*) 4 o(|yx — |). Moreover,
similarly to (36), we have for Term 4,

’YTE+1VMG* G(vg41) — ’YVMG* G(z*) - (TE+1PT7JC;“+1 - PTG* )(5'3* —z")
= x 2 P 40)
= PTS* vi,lf* G(z*)PTzG* (Uk+1 - 17*) +o(zr — m*) + O("Yk - '7|)

Then for (38) we have,
Hg(vgpg1 —a*) = ZPTIG* (zp — ™) — PTIG* (21, — 2%) — PTIG* (V41 — %)

+o(zk = 2") + O(lve — D)
= (Id+ H@)PTG* (vk+1 — z*) = 2PTG* () — ™) — PTCi (2 — 2%)

+o(zk = 2%) + O(lve =)

= Prg (vh41 — x*) = 2MgM5(z, — 2*) — Mg (21, — 2%)
Fo(zk —2%) + Ol =)
= Vg1 — &F = 2Mg M5 (2 — 2%) — Mg (21 — 2%)
+o(zk —2") + O(lvk — ), (C3)

where v 41 — % = Pre (V41 — %) + o(vg41 — «*) is applied again [47, Lemma 5.1].
Summing up (37) an(zi*(41), we get
(#r + o1 — ) — (2" + 2" —2%) = (2 — 2%) + (Vg1 —27) — (wp — )
= (Id+2MgM5 — Mg — M73)(z — 2*)
+ oz — 2) + O(lvk — )
= M(z, — 2*) + o(zk — 2%) + Olve — )
Hence for the relaxed DR iteration, we have
Zup1 — 25 = (1= ) (2 — 2°) + A (2 + Vg1 — ) — (2% + 2% — 2¥))
= (1= Ap)(zk — 2%) + MM (21, — 2%) + o(zk — 2%) + dx
= Mx(zk — 2*) = (A = A)(Id = M) (2, — 2%) + o(zk — 2*) + ¢%
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Since Id — M is also (firmly) non-expansive (Lemma 2.1(ii)) and A\, — X €]0, 2[, we thus get

[Ar = A)(Ud = M) (2 = 29)[ _

“

i D= Al = M)z — =)
k—o0 lz — 2*|

lim
k—o00 |zr — =

< tim ae=n| =0,
k—o0
which means that
Zpy1 — 25 = My (2p — 2%) + i + br,
and the claimed result is obtained. O

Proof (Lemma6.2)
A

(i) Since M is firmly non-expansive and M), is 5 -averaged by Proposition 6.1, we deduce from [20,

Proposition 5.15] that M and M are convergent, and their limitis M{° = Ppiy(ar,) = Prixu) =
M®° [22, Corollary 2.7(ii)]. Moreover, M% — M = (M, — M>®)*, Vk € N, and p(My —
M) < 1by [22, Theorem 2.12]. It is also immediate to see that
Fix(M) = ker(Mé(Id — M3)+ (Id - M@)Mj).
Observe that
span(M5) C T, and span(Mg) C TS,
ker(Id — Mg) C TS and ker(Mg) = SS,
span((Id — Mg)M5) C span(Id — M) and span(Mg(Id — M5)) C TS,
where we used the fact that W@ and Wj are positive definite. Therefore, M f\’o = 0, if and only if,
Fix(M) = {0}, and for this to hold true, it is sufficient that
span(M5) Nker(Id — Mg) C T, N TS = {0},
span(Id — M) Nker(Mg) = span(Id — M5) N SS = {0},
span((Id — Mg)M7) Nspan(Mg(Id — M3)) C span(ld — Mg) N TG = {0}.
(ii) The proof is classical using the spectral radius formula (2), see e.g. [22, Theorem 2.12(i)].
(iii) In this case, we have Wé =W5= Id. In turn, ME‘ = PTG* and Mj = PT]* , which yields
M =1d + QPTG* PTJ* — PTG* — PTJ* = PTG* PTJ* —+ PSG* PS]* s

which is normal, and so is M,. From [12, Proposition3.6(1)], we get that
Fix(M) = (T, N TS) @ (SZ. N SC.). Thus, combining normality, statement (i) and [22,
Theorem 2.16] we get that

MY — M| = | My — MK,

and || M — M®°| is the optimal convergence rate of M. Combining together [22, Proposition 3.3]
and arguments similar to those of the proof of [12, Theorem 3.10(ii)] (see also [22, Theorem 4.1(ii)]),
we get indeed that

1My — M| = /(1= 02 + A2~ A) cos? (05 (T4, TS)).
The special case is immediate. This concludes the proof. O

Proof (Corollary6.1)
(i) Let K € N sufficiently large such that the locally linearized iteration (17) holds. Then we have for
k> K

Zi1 — 25 = Mx(z1 — 2°) + ¥ + ¢ = My (M (zp—1 — 2*) + hp—1 + dr—1) + i + i

= MEP R (e — )+ 00 MY (95 + ).
42)
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Since z, — z* from Theorem 4.1 and M), is convergent to M °° by Lemma 6.2(i), taking the limit
as k — oo, we have for all finite p > K,

lim 3% METI (g + ¢5) = —M™(zp — ). @3)

k— o0
Using (43) in (42), we get
Zhir =20 = (My = M%) (zx = 27) +¢p + ¢ — lim Z;:kMifj(de + ¢5)
= (Mx = M™)(zi = 2%) + by + b — lim 35 M3 (45 + )

— M (Y + ¢1)
= (Mx — M*) (2, — 2%) + (Id = M) (3; + ¢;) + M (241 — 2).

It is also immediate to see from Lemma 6.2(i) that |[Id — M°°|| < 1 and
(My — M®)(Id — M>®) = My — M®°.

Rearranging the terms gives the claimed equivalence.
(ii) Under polyhedrality and constant parameters, we have from Proposition 6.1 that both ¢ and v,
vanish. In this case, (43) reads

2k — 2% € ker(M®°), vk > K,
and therefore (17) obviously becomes (19). O

Proof (Theorem6.1)
(i) Let K € N sufficiently large such that (18) holds. We then have from Corollary 6.1(i)

(Id — M®) (241 — 2*) = (My — M=K (1d — M%) (25 — 2¥)
+ 38 (My = MR =7 ((1d — M™)y; + ;).

Since p(My — M°) < 1 by Lemma 6.2(i), from the spectral radius formula, we know that for every
p €]p(My — M®°), 1], there is a constant C' such that

I(My — M=) | < Cp
for all integers j. We thus get
— k —j
I(1d = M) (241 = 2*)| < CP* Rz — 2%+ C X0 j 0 05
& .
+C Xk PN = M)

= O (ke = 21+ e 8)

(44)

+ O PPTINd — M)y,

By assumption, ¢; = C’n?, for some constant C’ > 0 and ) < p, and we have

_ ) _ . Cl K
P D % SCpRTE Y e (n/p) = pfﬂ < +o0.

X " . c’'nX .
Setting C' = C(|lzx — 2*| + pr ) < +o0, we obtain

o 7 _ k s 0o
[(Id = M) (241 — 25)| < C PP 4 O30 p7IN(1d = M)y

This, together with the fact that [|(Id — M°°)+; || = o(||(Id — M°)(z; — 2*)||) yields the claimed
result.
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(ii) From Corollary 6.1(ii), we have

Zp —2° = (My — M=K (0 2%,
Moreover, by virtue of Lemma 6.2(iii), M is normal and converges linearly to
M =P (1 76 e (s, nsS,)

at the optimal rate

p= My — M| = /(1= )2 + A2~ A cos? (65(T7.. TS)).
Combining all this then entails

loksr = 241 S N = MK (e — 2%) = |My — M E 2 — 2%

= K g — 2|

)

which concludes the proof. [}
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