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Abstract The proximal point algorithm (PPA) has been well studied in the literature. In
particular, its linear convergence rate has been studied by Rockafellar in 1976 under certain
condition. We consider a generalized PPA in the generic setting of finding a zero point of
a maximal monotone operator, and show that the condition proposed by Rockafellar can
also sufficiently ensure the linear convergence rate for this generalized PPA. Indeed we
show that these linear convergence rates are optimal. Both the exact and inexact versions
of this generalized PPA are discussed. The motivation of considering this generalized PPA
is that it includes as special cases the relaxed versions of some splitting methods that are
originated from PPA. Thus, linear convergence results of this generalized PPA can be used
to better understand the convergence of some widely used algorithms in the literature. We
focus on the particular convex minimization context and specify Rockafellar’s condition to
see how to ensure the linear convergence rate for some efficient numerical schemes, including
the classical augmented Lagrangian method proposed by Hensen and Powell in 1969 and
its relaxed version, the original alternating direction method of multipliers (ADMM) by
Glowinski and Marrocco in 1975 and its relaxed version (i.e., the generalized ADMM by
Eckstein and Bertsekas in 1992). Some refined conditions weaker than existing ones are
proposed in these particular contexts.
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1 Introduction

Let H be a real Hilbert space with inner product (-, -). A set-valued mapping T : H — 2
is said to be monotone if

(z—Z,w—w)>0, Vz, 7 €eH, weT(), weT&).

T is said to be maximal monotone if, in addition, its graph is not properly contained in
the graph of any other monotone operator. A fundamental problem is finding a zero point,
denoted by z*, of a maximal monotone set-valued mapping 7':

0ecT7(2). (1.1)

Throughout, the set of T’s zero point, denoted by zer (T), is assumed to be nonempty.

The proximal point algorithm (PPA), which traces back to [25,27], has been playing an
important role both theoretically and algorithmically for (1.1). Starting from an arbitrary
point z% in H, the PPA iteratively generates its sequence {z¥} by the scheme

0c o T + 41 — 2K, (1.2)

where {cy}, called proximal parameter, is a sequence of positive real numbers. Indeed, as
shown in [34], the convergence of PPA can be ensured when {c } is bounded away from zero.
Moreover, an inexact version of PPA was proposed in [34], allowing the subproblem (1.2)
to be solved approximately subject to some inexactness criteria. Conceptually, the inexact
version of PPA can be written as

0~ ¢ T (K1) + K1 — 2%, (1.3)
in which the accuracy should be judiciously chosen to guarantee its convergence. Let
Jor i= I+ 1) ! (1.4)

denote the resolvent operator of the maximal monotone set-valued mapping 7 for a positive
scalar ¢, (Note that J;, 7 is single-valued, see, e.g., [12]). Then, the exact and inexact versions
of the PPA can be written, respectively, as

= g (@) (1.5)
and
g, 1 (2. (1.6)

Technically, (1.6) includes (1.5) as the special case where the tolerance of accuracy is zero.
But we still discuss them individually because (1.5) is of particular interest and it may have
stronger convergence, because it requires estimating the resolvent operator accurately.
Research results on the convergence of PPA can be found in earlier literature. For example,
when T is specified as the sum of a single-valued, monotone and hemicontinuous mapping
and the normal cone to a bounded set, i.e., the problem (1.1) reduces to a variational inequality,
then some convergence of the exact version of PPA (1.2) with ¢ = ¢ in the weak topology was
investigated in [25,26]. In [34], the convergence of both the exact and inexact versions of PPA
was comprehensively studied; it is indeed the work [34] that popularized PPA in optimization
community. More specifically, under the condition that {c;} is bounded away from zero, the
convergence of (1.6) [thus also (1.5)] in the weak topology was proved when the accuracy for
“~” in (1.6) is specified into certain forms (see (A) and (B) of Section 1 in [34]). In fact, the
exact version (1.5) was shown to find a solution point of (1.1) after finitely many iterations in
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[34]. Note that the strong monotonicity of 7 is not required for the analysis in [34]. Moreover,
if the inverse of T (denoted by 7~ ) is Lipschitz continuous at 0 (see Definition 2.4 in Section
2 or Section 3 in [34]) and {ci} is bounded away from zero, it was proved in [34] that the
(1.6) [thus also (1.5)] with some relative error control in its accuracy is linearly convergent.
There are many other articles studying the PPA from various perspectives. For example, the
PPA application to nonconvex problems studied in [14], the PPA with variable metric in
[6], a unified convergence rate analysis for some PPA-based decomposition methods in [36],
accelerated PPA schemes with a worst-case O (1/k?) convergence rate proposed in [19], the
logarithmic quadratic proximal extension considered in [1,2], and some other proximal-type
algorithmsin [38]. We particularly refer to [18,28] for some insightful analysis on the iteration
complexity of PPA, which can be regarded as a measure of its worst-case convergence rate.
Algorithmically, the PPA is the basis of a large number of celebrated methods, e.g., the
projected gradient method [31], the extragradient method [22], the extended extragradient
and hyperplane schemes in [1], the forward-backward operator splitting method [24], and
the accelerated projected gradient method [29].

As studied in [8,12,15,17], the PPA schemes (1.5) and (1.6) can be generalized, respec-
tively, as

[Exact Version] : 571 =28 — (% — 7, 7 (")), (.7

and

[Inexact Version] : k- y(zk — JCkT(zk)). (1.8)
In (1.7) and (1.8), the proximal parameter sequence {cy} is also required to be bound away
from zero, i.e., cx > k > 0 for all k, and the relaxation factor y € (0, 2). The generalized
PPA schemes (1.7) and (1.8) usually can accelerate the original PPA schemes numerically,
see, e.g., [3,7,13] for some numerical verifications. Thus, from the PPA perspective itself, it
is interesting to consider its generalized versions. Another reason of considering the gener-
alized PPA schemes (1.7) and (1.8) is that the original PPA scheme (1.5) indeed is a unified
illustration of some different schemes for different models—it has been well studied that
some popular iterative schemes such as the Douglas—Rachford splitting method (DRSM) in
[11,24], the Peaceman—Rachford splitting method in [24,30] and the augmented Lagrangian
method (ALM) in [21,32] are all special cases of the PPA (1.5) with specific choices of T'.
Thus, generalizing the PPA scheme (1.5) (Resp., (1.6)) as (1.7) (Resp., (1.8)) represents a
unified consideration for accelerating a series of well known splitting algorithms, especially
in the convex optimization context. Let us just elaborate on the detail of the DRSM. Recall
that (see [12], also Section 8 for details) the DRSM is a special case of the PPA (1.5). In
[15], it was proved that the alternating direction method of multipliers (ADMM), which was
originally proposed in [16] and now finds many applications in a wide range of areas, is a
special case of the DRSM. Thus, the ADMM is also a special case of (1.5) and it can be
accelerated immediately by the scheme (1.7). This application inspired the so-called gener-
alized ADMM in [12], whose acceleration effectiveness was demonstrated recently in [13]
by some statistical learning applications.

Our main purpose is to extend the analysis in [34] to the generalized PPA schemes (1.7)
and (1.8), and establish their linear convergence rates under the same assumption as [34]: -1
is Lipschitz continuous at 0. We further show that these linear convergence rates are indeed
optimal. Because of the just-mentioned explanation, studying the linear convergence of the
generalized schemes (1.7) and (1.8) helps us better understand the convergence properties
of a number of specific splitting methods in the convex optimization context through a
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unified perspective. In [15], the linear convergence of the exact version (1.7) with ¢ = ¢
and y € (1,2) was discussed under the assumptions that T is both strongly monotone (see
Definition 2.3) and Lipschitz continuous. In [8], also under the assumption that 7 is strongly
monotone, the sublinear and linear convergence rates of the schemes (1.7) and (1.8) with
cx = c¢ was studied; and these results were especially specified for the DRSM and PRSM
scenarios. The results in [8] were then refined in [9] for the special DRSM and PRSM cases
of (1.2). Note that, as analyzed in [34], “the assumption of Lipschitz continuity of 7! at 0
turns out to be very natural in applications to convex programming”. Indeed, we will show
later that this assumption is weaker than those considered in [8,9,15] (see the example in
Sect. 2.2) and it suffices to ensure the linear convergence of the schemes (1.7) and (1.8) for
the case y € (0, 2). Thus, the distinction of this work from existing results in the literature is
that stronger convergence rates are established under weaker conditions for the generalized
PPA schemes (1.7) and (1.8). We will also consider several specific convex optimization
contexts of the abstract model (1.1) and investigate how this assumption can be specified in
these special contexts to ensure the linear convergence rates for some well-studied benchmark
algorithms in the literature.

The rest of this paper is organized as follows. In Sect. 2, some preliminaries useful for
further analysis are summarized. Then, we discuss the convergence and the linear convergence
rate of the exact version of the generalized PPA (1.7) in Sect. 3. In Sect. 4, the convergence
and linear convergence rate of its inexact version (1.8), in which the inexactness criterion is
also specified, is studied. Then, we revisit the assumption “7~! is Lipschitz continuous at
0” in Sect. 5 and show that it can be further relaxed. In Sect. 6, we discuss the possibility of
deriving the superlinear convergence for the schemes (1.7) and (1.8). In Sect. 7, we apply the
scheme (1.7) to a canonical convex minimization model with linear constraints and discuss
the linear convergence for the resulting generalized ALM scheme. In Sect. 8, we focus on
the analysis for the linear convergence of the ADMM and the generalized ADMM scheme,
both are special cases of the scheme (1.7). Finally, some conclusions are made in Sect. 9.

2 Preliminaries

In this section, we recall some definitions and known results for further discussions.

2.1 Some Definitions

We first recall some basic definitions to be used in our analysis.

Definition 2.1 Let 7 : H — 2 be set-valued and maximal monotone. Then, T is said to
be nonexpansive if |w' —w| < ||/ —z|, Vz,Z € H, w € T(z), w' € T(Z).

Definition 2.2 Let 7 : H — 2% be set-valued and maximal monotone. Then, 7 is said to be
firmly nonexpansive if |w' —w|? < (Z —z,w —w), Vz,zZ € H, w € T(2), w' € T(Z).

Definition 2.3 Let 7 : H — 2/ be set-valued and maximal monotone. Then, 7 is called
a-strongly monotone if (z —z/, w —w') > allz—2'|?, Vz,2 € H, w € T(z), w € T(Z)
fora > 0.

Definition 2.4 Let T be set-valued and be defined on H. Then, T! is called Lipschitz
continuous at 0 with modulus a > 0 if there is a unique solution z* to 0 € T(z2) (i.e.
T-1(0) = {z*}), and for some v > 0 we have ||z — z*|| < a||w| whenever z € T~!(w) and
lwl <.
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Definition 2.4 is quoted from [34]. Based on these definitions, we have some immediate
conclusions. For examples, if 7' is nonexpansive, then it is Lipschitz continuous. Moreover,
clearly, the problem (1.1) has a unique solution point when 7! is Lipschitz continuous at 0.

2.2 An Example
Consider the problem (1.1), where T : N2 — M2 is defined by
1
T(x1,x3) := —(x2, —x1) witha > 0. 2.1
a

Obviously, the operator 7" defined in (2.1) is maximal monotone and the solution point of
(1.1) with (2.1) is z* = (0, 0). Moreover, it holds

1T z1) = T @)l <allzi — 22ll, Yz1,22 € W2, 2.2)
and
(T(z1) = T(z2), 21 —22) =0, Vz1,22 € N2 (2.3)

Thus, 7~ is Lipschitz continuous at 0 with modulus @ > 0 while T is not strongly monotone.
This example indeed shows that the assumption “7 ! is Lipschitz continuity at 0” is weaker
than the strong monotonicity assumption on 7" as assumed in [8,9,15].

2.3 Some Known Results

Then, we summarize some known results that are relevant to our analysis. The following
lemma summarizes some well-known properties of a firmly nonexpansive operator. The
proof is straightforward and thus omitted, or see, e.g, [12].

Lemma 2.5 We have the following facts.

i) All firmly nonexpansive operators are nonexpansive.
ii) An operator T is firmly nonexpansive if and only if 2T — I is nonexpansive.
iii) An operator is firmly nonexpansive if and only if it is of the form %(C + 1), where C is
nonexpansive.
iv) An operator T is firmly nonexpansive if and only if I — T is firmly nonexpansive.

In the following lemma, we show some simple conclusions for the resolvent operator of
a maximal monotone operator.

Lemma 2.6 LetT : H — 2 be set-valued and maximal monotone; J.t be defined in (1.4),
and ¢ > 0 be a scalar. Then, we have

i) (Jor () = Jer (), (I = Jer)(2) — (I — Je1)(2)) = 0, Vz,7' € H.
i) llz = 2117 = er @) = Jer @OI? + 11T = Jer)(2) — (I = Jer) (@2, ¥z, 7' € H.

Proof Obviously, J.7 defined in (1.4) is nonexpansive, and it implies the first property
immediately. The second property is trivial because of Property (i). O

Last, let us recall the representation lemma, see, e.g., [12].

Lemma 2.7 (The representation lemma) Let ¢ > 0 and let T be monotone on H. Then every
element z of H can be written in at most one way as x +cy, where y € T (x). If T is maximal,
then every element z of H can be written in exactly one way as x + cy, where 'y € T (x).
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3 Convergence of the Exact Version (1.7)

In this section, we show that the generalized PPA (1.7) also converges linearly to a zero point
of T under the assumption “7~! is Lipschitz continuous at 0 with positive modulus”, the
same one as that in [34]. For a lighter notation in analysis, we use the notation 7k = Jckr(zk )
in the following analysis.

3.1 Global Convergence

First, we show the global convergence of (1.7). Note that we do not need the assumption “7 ~*
is Lipschitz continuous at 0 with positive modulus” for proving the global convergence. The
next theorem shows that the sequence (X} generalized by (1.7) with y € (0, 2) is strictly
contractive with respective to the solution set of (1.1), an important property ensuring its
global convergence.

Theorem 3.1 [12] (Strict contraction) Let {zF} be the sequence generated by the exact
version of the generalized PPA scheme (1.7) with y € (0, 2) and {cy} bounded away from 0;
let 7" be a solution point of (1.1). We have

2
14! =212 < 1 - —ye - | -2 G.1)
Based on Theorem 3.1, the convergence of (1.7) can be easily established.

Theorem 3.2 (Global convergence) Let {z¥} be the sequence generated by the exact version
of the generalized PPA scheme (1.7) with y € (0, 2) and {cy} bounded away from 0. Then it
converges in the weak topology to a solution point of (1.1).

Proof According to (3.1), the sequence {z*} is bounded, and it has at least one weak accu-
mulation point, say z*°. Let {zX/} be the subsequence converging in the weak topology to
z®. Recall the notation 7% = Jckr(zk) and the definition of J., 7 in (1.4). We thus have

c,;j‘ (K =Ky e T(EFM).
Then, using the monotonicity of T, for an integer k , it holds that
(z—25, w— c,jjl (25 —Zkiy) =0, forall z, w satisfying w € T(z). (3.2)

Again, it follows from (3.1) that lim ; _, oo iz —Z%i || = 0. Recall {c} is bounded away from
0. Then, taking j — oo in (3.2), we obtain

(z — 2z, w) > 0forall z, w satisfying w € T (2).

In view of the maximality of T, this inequality implies that z°° is a solution point of (1.1),
see, e.g. [34]. It is easy to see from Theorem 3.1 that the sequence {z¥} cannot have more than
one accumulation point. Thus, {zX} converges in the weak topology to z>° which a solution
point of (1.1). The proof is complete. O

Remark 1 1f the real Hilbert space H is finite dimension, the result in this theorem can be
improved to “strongly converge”.
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3.2 Linear Convergence

Now, under the assumption “7~! is Lipschitz continuous at 0 with positive modulus”, we
prove the linear convergence of (1.7). First, two lemmas are presented.

Lemma 3.3 Let T : H — 28 be maximal monotone and z* be a solution point of (1.1); let
cx > 0. If T~V is Lipschitz continuous at 0 with modulus a > 0, then there exists a positive

T such that
a
\ la? + Cl%

Proof Applying Property (ii) in Lemma 2.6 with 7 = z* and ¢ = ¢, we get
lz = 217 = 1or @) — 2 1P + 1 = Jor) @I (3:4)
Recall the definition of J;, 7 in (1.4). We have
(I = Jor)R) € T (g1 (2)).

Since T~ ! is Lipschitz continuous at 0 with modulus a > 0, it follows from Definition 2.4
that there exists a positive parameter 7 such that

1,7 (2) = 2*1l < allei ' (I = Je,r) (@) when [l (T = Jor) @) < T

Substituting this inequality into (3.4), we obtain (3.3). The proof is complete. O

oo (2) — 2|l < Iz — 2| when o 'z — Jor )l < T, Vze H. (3.3)

Remark 2 1If some stronger assumptions such as “T is %-strongly monotone” hold as some
existing work [8, 15], the assertion (3.3) can be easily improved as

et (2) — 2°Il < lz—2"I VzeH. (3.5)

a
a—+ cg
Under the weaker assumption “7~! is Lipschitz continuous at 0 with positive modulus”,
however, the assertion (3.3) is optimal in the sense that the coefficient in the right-hand side

cannot be smaller. To see this, let us consider the example (2.1) again in Sect. 2.2. It follows
from (2.3) that

(cx T (Je7 (@) — kT (Jeur @) s Jeer (2) — 2) = 0. (3.6)
Consequently, we have
Iz = 21 = Vo7 @) — 217 + llz = Jeoer DI + 2 (2 — Joy7(2), Joy7 () — 2¥)
= et @ — 25117 + ek T Ueer @I + 2 (e T (Jou7 2)) . Sy (2) — 2¥)
= Jeer @) = 251 + llex T Jeer @)1
+2{ek T Uo7 (@) — ek T Uo7 (@), Jour (2) — 2¥)

2
c
= (1 + ’;) ey () — 2*11%, (3.7)
a
in which the last inequality is because of the identity

2
lexT (Jour(2)) — kT (Jer (z9) 1> = 2—2||Jckr(z) — Jor @I?

and the assertion (3.6). Therefore, the inequality (3.3) is tight and this indeed implies that
the linear convergence rate to be established for (1.7) is optimal.
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Lemma 3.4 Let {zX} be the sequence generated by the exact version of the generalized PPA
scheme (1.7)with y € (0, 2), and 7* be a solution point of (1.1). If T~V is Lipschitz continuous
at 0 with modulus a > 0, and the proximal parameter sequence {cy} is bounded away from
zero (cx > k > 0 for any k), then there exists an integerlz such that

- a A
125 — 2| < ——IIz" — 2| Vk >k (3.8)
Ja2 +c;
Proof 1t follows from Lemma 3.3, also can be derived from Theorem 2 of [34]. O

Now, we prove the local linear convergence rate of (1.7) in the following theorem.

Theorem 3.5 If T~ is Lipschitz continuous at 0 with modulus a > 0 and the proximal
parameter {ci} is bounded away from zero (¢ > k > 0), then the sequence (X} generated
by the exact version of the generalized PPA scheme (1.7) with y € (0, 2) converges strongly
to 7*, the unique solution of (1.1). Moreover, there exists an index k such that

I — 24)1% < ollF = 2¥1%, Vk >k, (3.9)
with
2 C/%
=1 —min(y,2y — e (0, 1). 3.10
0 (v.2y y)a2+c]% 0, 1) (3.10)

That is, the sequence {zX} converges linearly to a solution point of (1.1).

Proof Simple algebra shows that
250 = %12 = (4 = )2 1IF = 1P + 212 = )12
2y (1 —y)E =% =2
=1 =2l =17 + @y — DI =211
+2y (1 — p)(FF =z, 2F =25, (3.11)

Obviously, the assertion (3.9)—(3.10) follows directly from Lemma 3.4 when y = 1. If
0 < y <1, then it follows from Lemma 3.4 that

k+1 2 k 2 ~k 2
2 =217 < A = Il = 2517 + v 125 = 2l

2
S L
a’ +c;

On the other hand, applying the property (ii) in Lemma 2.6 with z = z* and 7 = z*, we get

2% — 2*)1% > 125 — 2*11* + I1* = 2591~ (3.12)
We thus have
-z K= >0, (3.13)

Moreover, if 1 < y < 2, because of (3.11), (3.13) and Lemma 3.4, we have

2
C
I =P < (1= @v —vH 25 ) 1 =%
a2+ck
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To show (3.10), notice that y € (0, 2) and ¢x > « > 0 for any k. Thus, we have

2
c
0<1—min(y,2y—y2)SQizl—miH()/,z)/—Vz) k 5
a’ +c;
2
<1—min(y,2y —y?)—— < 1.
J a2 + k2

Therefore, the inequalities (3.9) and (3.10) imply the local linear convergence rate of the
sequence {z¥}. The proof is complete. O

Remark 3 For the problem (1.1) with T defined in (2.1), it follows from (3.11) and the
analysis in Remark 2 that
125 = 2112 = (1= 2k = 2P + @y — DI - )
2y (1 —p)(Eh — 2%, F =75
= (1= )2 = 2* 12 + @y — yHIEF = 2
- (1 @ -v)

2
Ck

k *12

=775, Yy e(0,2). 3.14
aerC]%)ll I y €(0,2). (3.14)
Recall (3.9) and (3.10), this means the bound derived in Theorem 3.5 is tight at least for
y € [1, 2). Hence, the linear convergence established in Theorem 3.5 is optimal for the PPA
scheme (1.7) with y € [1, 2).

Remark 4 For simplicity, we fix y € (0, 2) as a constant in our discussion. According to the
proof of Theorem 3.5, it is trivial to see that the the convergence result still holds when y is
permitted to vary iteratively and the sequence {yx} satisfies the condition >, yx(2 — yx) =
+00.

Remark 5 Similarly as Definition 2.4, if a sequence {zX} converges to z*, we can define “7 !
is Lipschitz continuous with modulus ¢ > 0 at the sequence {z*}” if there exists some 7 > 0
such that

I2* = 2*|l < al|lw*|| whenever z* € 77" (w*) and [w*| < =.

Then, it can be easily seen that the linear convergence of (5} generated by (1.7) can be
guaranteed under the less strengthen assumption “ 7 ! is Lipschitz continuous at the iterates
(¥} with positive modulus when & is sufficiently large”. Recall the fact z¥ € T—! (ck_l —
zKy) and z* € T~1(0). Then, this less strengthen assumption is equivalent to saying that there
exists an integer k such that

125 = 2*Il < alle; ' & — )| when k > £, (3.15)

where  is large enough such that [|c; ' (zF — 7%)|| < 7. Note that [|c; ' (zF — Z%)|| < 7 can be

ensured by the fact limg_ o [z — Z¥|| = 0 implied in (3.1) and that {c;} is bounded away
from 0. More discussion is referred to Sect. 5.

4 Convergence of the Inexact Version (1.8)

In this section, we specify the inexactness criterion for (1.8) and show its linear convergence
under the same assumption of “T~! is Lipschitz continuous at 0 with positive modulus”.
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This is a generalization of the inexact version (1.6) considered in [34]. More specifically, we
consider the scheme

K1 1 Nk ok
{z = —y)*+ K, @

|2 = Jer GO < sellh = 241,
where y € (0,2), cx > k > 0 for any k, and {d;} is a sequence of positive real numbers
satisfying ), & < +o0.

Note that in (4.1), we consider using relative errors to control the accuracy in (1.8); thus
it is different from the inexact version in [8] which uses absolute errors. We still use the
notation ¥ = J., 7(z*) in the upcoming analysis.

4.1 Global Convergence

Again, we first show the global convergence for the sequence {zX} generated by (4.1). Note
that we do not need the assumption “7 ~! is Lipschitz continuous at 0 with positive modulus”
for proving the global convergence. We first prove several lemmas for this purpose. Their
proofs are elementary; but we still include them for completeness.

Lemma 4.1 [41] Let {a}} be a positive sequence satisfying Y ey ok < +00. Then, we
have

o0
1_[(1 + o) < 4o00.
k=1

Proof Obviously, it holds that log(1 + x) < x when 0 < x < 1. Hence, we have

o0 o0
Zlog(l +a) < Zak < 400,

k=1 k=1

which implies the assertion immediately. O

Lemma 4.2 [41] Let {8} be a positive sequence satisfying Z,fil Sk < +ooandy > 0 be
a constant. Then, we have

[ee)

1—[1+)’8k < 400

iy L~ vk

Proof Since Z,‘fozl 8 < 400, we have § — 0 when k — oo. Thus, there exists an integer
k such that

1 R
1 —yd > 5 when k > k. 4.2)
Hence, we have
l"_°[ 1+ y8 _’i:[‘ 14 y8 1°_°[ 14 y&
i L—vee o l=vhe o 1—vé
k—1 0
1496
< J/k-21_[(1+y8k)<+oo.
1 —yd n
k=1 k=k
The proof is complete. O
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The proof of the following lemma can be found in, e.g., [39,40]; thus we omit it.
Lemma 4.3 Let {ar} and {by} be positive sequences; Z,fil by < +o0; and
ak+1 < ap + by, Vk. 4.3)
Then, the sequence {ay} is convergent.

Now we start to prove the global convergence of (4.1). The key is the sequence generated
by the inexact version (4.1) is asymptotically emerged with the sequence by the generalized
PPA (1.7). With this fact, the convergence of (4.1) can be established easily.

Theorem 4.4 Let {z¥} be the sequence generated by the inexact version of the generalized
PPA scheme (4.1). Then, we have

(1) The sequence {zX} is bounded.
(2) It holds that

lim ||F — 2% =o0. (4.4)
k—o0

Proof Recall we use 7k = Jor (zF) for easier notation. Let us use one more notation
= (1 — )+ 2
Indeed, 2¥*! denotes the iterate generated by the exact version (1.7) from the given z¥. Thus,
for an arbitrary solution point z* of (1.1), it follows from (3.1) that
124 —2* 12 < 1 = 2P =y @ =l = 2L 4.5)
Recall the definition of z¥t! in (4.1). We have
P =y -2, (4.6)

where Z¥ is also given in (4.1). Thus, for any solution point z* of (1.1), we have

< ol =+ -2

<yl = 2l + 125 =2+ 12 -2

<yl — 2+ 125 =2 D) + 12 = 27 4.7)
where the second inequality results from the inexact criterion in (4.1) and the last inequality
follows from (4.5). Without loss of generality, we assume that 1 — y&; > O for all k. Then,
we get

k
1+ 3k 1+ y3;
k+l _ vy « Z D 7PK kL ok L < 0_*.
llz zll_l_y(skllz 7 = _i|_|11_y5i||z ||

Using Lemma 4.2, the sequence {z*} is bounded. The first assertion is proved.
Now we prove the second assertion. Again, for an arbitrary solution point z* of (1.1),
since {z¥} is bounded and because of (4.5), there exists a positive scalar R such that

X —z*| < R, Vk 4.8)
and

12 — 2% < R, Vk. (4.9)
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We thus have
||Zk+1 . z*||2 _ ”2k+1 g (Zk+1 _ 2k+1)”2
L TP B L e R g
< 185N 22 2015 = R = R R — gk
< 12— 2P 2Ry Sl — )+ 28R —
< = 1P —y@ =l =P+ 4Ry + 4RP V7S, (4.10)

where the second inequality follows from (4.9) and (4.1); and the last inequality is because
of (4.5) and (4.8). Moreover, since y € (0, 2), we have

25— 2¥)1% < 1125 — 2¥I1* + 4Ry 8 + 4Ry 28,
and

D @Ry + 4R*y*8]) < +oo.
k

Now, using Lemma 4.3 with a; := ||z — z*||? and by, := 4R?y8; + 4R%*y?252, we obtain
lim |25 = ¥ =: A, 4.11)
k— 00

where A is a positive scalar. On the other hand, recall that {§;} is summable, so is {8,%}. We
thus have ), 8,% < 0. Then, it follows from (4.10) that

Y@= =2 < 1F = 21— 1T = 1P+ ARy S + 4R Y2SE, k.

Then, we have ), 125 —z%|1? < oo and thus limg_ o [|z% — Z¥|| = 0. The proof is complete.
O

Theorem 4.4 shows that the accuracy of iterates generated by the inexact version (4.1) is
iteratively increased, which essentially implies the convergence of the sequence of (4.1). We
provide the rigorous proof in the following theorem.

Theorem 4.5 (Global convergence) Let {z*) be the sequence generated by the inexact version
of the generalized PPA scheme (4.1). Then, it converges in the weak topology to a solution
point of (1.1).

Proof Since the sequence {z¥} is bounded, it has a weak accumulation point z°°. Let {ij}
be the subsequence converging in the weak topology to z°°. Note that

i '@ = Jor @) € TUer @).
Thus, using the monotonicity of 7', for any k, we have
(2 = Jor (@), w — 1 (@ = Jor () = 0, forall z, w satisfying w € T'(z).
Let k = k; in the above inequality, take j — oo, and combine it with (4.4). We thus have
(z — 2%, w) >0, forall z, w satisfying w € T (z).

which, together with the maximal monotonicity of 7', means that z* is a solution point of
(1.1).

Finally, using (4.11), we can prove by contradiction that the sequence {z¥} has only one
weak accumulation point (the proof is similar to that of Theorem 3 in [12]). Thus, the sequence
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{z¥} converges in the weak topology to z>° which is a solution point of (1.1). The proof is
complete. O

Remark 6 1If the real Hilbert space H is finite dimension, the result in this theorem can be

improved to “strongly converge”.

4.2 Linear Convergence

In this subsection, under the assumption “T~! is Lipschitz continuous at 0 with positive
modulus”, we prove the linear convergence for the sequence {z*} generated by (4.1). Recall
the notation z¥ = T (zk). The following lemma can be found in [34].

Lemma 4.6 [34] Let {z¥} be the sequence generated by the inexact version of the generalized
PPA scheme (4.1) with y € (0,2) and ) ; 8 < +oo. If T~V is Lipschitz continuous at 0
with modulus a > 0, then there exists an integer k| such that

a
,/a2+c,%

Proof From Theorem 4.4, we know that limg_,q ||z —Z¥|| = 0. Then, the conclusion follows
immediately from the proof of Lemma 3.4. O

12— 2¥| < 1% = 2l Vk > ki

The main result of this subsection is summarized in the following theorem. This result
reduces to Theorem 2 in [34] if y = 1.

Theorem 4.7 Assume T~ is Lipschitz continuous at 0 with modulus a > 0 and the proximal
parameter sequence {cy} is bounded away from zero (¢ > k > 0). Let (Z*} be the sequence
generated by the inexact version of the generalzzed PPA scheme (4.1). Then, the sequence
{2} converges strongly to the unique solution z*. Moreover, there exists an integer k such
that

12540 — 25| < Okl — 2*|| when k > k&,

where 7* is a solution point of (1.1) and

\/<1 —min(y, 2y = ?) 7o ) + v

1—ydk

0<6:= <1, when k > k.

That is, {zX} converges linearly to z*.

Proof Recall in Theorem 4.5, it is proved that the sequence {z¥} converges to a solution point
z* of (1.1). First, it is easy to see that there exists an integer k; such that

2
A . C
25— 2)* < (1 — min(y, 2y — Vz)azf&) I2F = 2*1% k >k (412)
k

In addition, it follows from (4.7) that

— 2"l < y&lz* — I+ 12T =2 + 12 = 2
< y&(IZF =221+ 125 =2

||Zk+1

2
C
+ (1—min(y,2)/—y 2ic2)”2k_z*”’ k > ki,
k
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where the last inequality follows from (4.12). Accordingly, we have

c

2
k
+c,% + J/(Sk

a2

\/1 —min(y, 2y — y?)

1 — ydk

I — 2 < K_ 2% whenk > kj.

llz

Note that 8 — 0 and ¢ > « > 0. Then, there exists an integer 12, without loss of generality,
assuming k > ki, such that

2
\/1 —min(y, 2y — y?) s + v A
Or = £ <1, when k > k.
1 — vy
Hence, {z¥} converges linearly to z*, a solution point of (1.1). The proof is complete. O

Remark 7 Again, the results in Theorem 4.7 still hold if y varies iteratively and the sequence
{yx} satisfies the condition ), yx(2 — yx) = +o0.

Remark 8 Similarly as Sect. 3.2, it can been seen from the proofs of Lemma 4.6 and Theorem
4.7 that the linear convergence of the sequence {z¥} generated by (4.1) can be guaranteed
under the less strengthen condition “ 7! is Lipschitz continuous at the iterates {Z¥} with
positive modulus when k is large enough”.

S Further Study on Assumption

Under the assumption “T~! is Lipschitz continuous at 0 with positive modulus”, we have
shown the linear convergence for both the exact version (1.7) and inexact version (4.1) of the
generalized PPA. Recall that the generalized PPA (1.7) include the PPA (1.5) as a special case
with y = 1 and our analysis extends the result in [34] for (1.5). In [8], the linear convergence
of the generalized PPA (1.7) with ¢, = ¢ has been studied under the assumption that 7 is
a-strongly monotone, which is stronger than “7 ! is Lipschitz continuous at 0 with positive
modulus”.

In the following, we show that although we restrict our analysis under the assumption
“T =1 is Lipschitz continuous at 0 with positive modulus”, theoretically this assumption can
be further relaxed in order to ensure the linear convergence of (1.7) and (4.1). Note that the
assertion in the following lemma does not depend on any specific iterative scheme.

Theorem 5.1 Let z* be a solution point of (1.1) and the sequence {cy} be both upper and
below bounded, i.e., 0 < k < ci < ¢ forallk. If T~ is Lipschitz continuous at 0 with positive
modulus a, then Jo, 7 defined in (1.4) is Lipschitz continuous at z* and supy{Ly} < 1, where
Ly is the Lipschitz constant of Jo, .

Proof 1t follows from Lemma 3.3 that there exists ¢ > 0 such that

a
2
Jar+c;
Recall that z* € T71(0), Jo,7(2) € T~ (¢; ' (z — Jou7(2)) and T~ is Lipschitz continuous
at 0. We thus have

17 (2) — 2%l < lz = 2*[l, when [l ' (z = Jor @) < 7. (5.1

o7 ) = 2*Il = 0, when |lc; ' (z = Jer ()] — 0.
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Since ¢ < ¢ for all k, we have %IIJ;T(z) —z < 4

< ;Wer (@ —zll — 0. From above

inequality, we see that ||z — z*|| — 0 when c]:l lz = Jeor ()|l = 0. Thus, J., 7 is Lipschitz

continuous at z* with the constant L := —< < 4 < 1 for any k, according to
/az+6,f Va?+i? y &
(5.1). The proof is complete. O

Theorem 5.2 Suppose the sequence {cy} is both upper and below bounded, that is, there
exists constants ¢ and k such that 0 < k < c¢x < ¢ for all k. Let {ZX} be the sequence
generated by the exact version of the generalized PPA (1.7) or the inexact version (4.1). If
Je, T is Lipschitz continuous at z* with the constant Ly, and Lg = supi{Ly} < 1, then

) T Vis Lipschitz continuous at all the iterates {(ZKY with positive modulus when k is
sufficiently large.
(2) {Z*} converges linearly to a solution point of (1.1).

k

Proof For a solution point of (1.1), z*, we have z* = J,, 7(z*). Recall the notation Z
Je,7(2%). Thus, it holds that

Il =20 = & = ) = Uar@) = Jur @)
= 12t = 2l = [ar @) = Jur @)
> (1 - Lo)llz* = z*|, (5.2)
which implies
oo —EP 2z =T = 12 = -2 (5.3)
Then, it follows from the above inequality and 0 < ¢ < ¢ that
2Lg — L?
sk w2 o Gk _ k2
1Z° =277 < (- Loy llz" = 2"l
ZLG“Lé 2|~k sk P
< 4 - . 54
= (0= Lg)? ”ck (@ -z )H >4

According to Theorems 3.1 and 4.4, for the sequence {z¥} generated by either the exact version
(1.7) or the inexact version (4.1), we have limy_, o ||z — 2¥|| = 0. Since ¢x > k > 0, there
exists an integer k such that

et @ = 29] = €712 = 241 < © when k > £,

where T > 0 is a given constant. Note the facts z¥ € 7! (ck_l(zk — 7Ky and z* € T~1(0).
Consequently, it follows from (5.4) that 7~! is Lipschitz continuous at all the iterates {z¥}

s\/2Lg—L%

with modulus a := ——— Io when £ is large enough.

Now, we prove (2). Indeed, as commented in Remarks 5 and 8, the linear convergence
of the schemes (1.7) and (4.1) can be ensured since 7! is Lipschitz continuous at all the
iterates {z¥} with positive modulus when « is sufficiently large and {cx} is below bounded.
Thus, the assertion (2) is proved. The proof is complete. O

So far, we have mentioned various conditions including strongly convexity in [8], the
assumption in [34] and the one in Theorems 5.1 and 5.2, to ensure the linear convergence of
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the schemes (1.7) and (4.1). In Fig. 1, we show their relationships for the special case where
¢r = c for all k, which is clearly an interesting choice for implementing the schemes (1.7)
and (4.1).

Finally, we indicate that the linear convergence results both in Theorems 3.5 and 4.7
still hold when the condition that 7~ is Lipschitz continuous at 0” is replaced with the
assumption “T" is metrically subregular at z* € T~'(0)” [23,37]. Let us take Lemma 3.3,
which is a key lemma in our analysis, as an example to illustrate how to extend our results
to the case with the relaxed assumption.

Lemma 5.3 Let T : H — 2% be maximal monotone and z* be a solution point of 0 € T (z);
let ¢ > 0. If T is metrically subregular at z* € T~'(0) with modulus a > 0, then there
exists a neighborhood U of 7* such that

dist(Jo,7(2), T71(0)) < — 4 dist(z, T~(0)) whenz e U. (5.5)
a’ + c,%

Proof Applying Property (ii) in Lemma 2.6 with 7 = z* (any z* € T~!(0)) and ¢ = ¢, we
get
lz = 2*I7 = 1Jer ) = 21 + 1 = Jo) @I (5.6)
We have
(I = Jr)(@) € T(Ugr (),
Hence,
Iz = Jor @I = cemin{liz]| | z € T (Je7(2))} = cxdist(0, T (Je, 7(2)))- (5.7)

Since T is metrically subregular at z* € 7~!(0) with modulus a > 0, it follows that there
exists a neighborhood U of z* such that

dist(Je,7(2), T (0))?
< et (2) = Pr-1g) (2)|> where Pr-1¢g)(-) represents the projection
(5.6)
< llz = Pro1y @I = llz = Jor @I

5.7

< dist(z, T71(0))% — 2dist(0, T (J, 7(2)))?

* 12 C% 12

<dist(z, T~ (0))" — —zdist(JckT(z), T7'(0)) whenz e U. (5.9)

a

The last inequality (*) is because of the metric subregularity of T at z* € T~!(0) and
Jeo7(2) € U whenever z € U. With rearrangements, the proof is complete. O

6 Discussion on the Superlinear Convergence

In [34], under the assumption that“ 7~! is Lipschitz continuous at 0 with positive modulus”,
it was shown that the special case of (4.1) with y = 1 is superlinearly convergent if the
proximal parameter ¢y — oo. See Theorem 2 in [34]. One may ask if we can extend the
same superlinear convergence result to (4.1) with a general y in (0, 2). In this section, we
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K c.T71 is e. Linear convergence of
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d. Jer is Lipschitz
continuous at z*
with Lipschitz
constant less than 1

Fig. 1 Relationships among different conditions for linear convergence of (1.7) and (4.1)

take a closer look at this issue and give a negative answer to this question. It is sufficient to
just analyze the exact version (1.7) to answer this question.
Recall (3.9) and (3.10). We have

2
. c
I = 2)? < (1 — min(y, 2y — y2)a2—|1i62) I — 2. ©6.1)
k

As mentioned, this inequality is tight when the maximal monotone operator 7 is defined as

2
(2.1). Note that min(y, 2y — yz) %k _ 5 1 when cx — oo and y = 1. Moreover, we have

a2+c,%
2
. 2 Ck
0 < min(y,2y —y“) <1and 0<72§1
a2+ck

when y € (0,2) and y # 1. Thus, if ¢y — o0, the coefficient in (6.1) goes to 0 only when
y = 1. This excludes the hope of establishing the superlinear convergence for the exact
version of the generalized PPA (1.7) with y # 1 even when ¢, — oo.

7 Application to ALM

Previously, we have discussed the linear convergence rates for the generalized PPA schemes
(1.7) and (1.8) in the generic setting of (1.1) where T is an abstract maximal operator. In this
and next sections, we specify our discussion to some special convex minimization models and
discuss the linear convergence rates for two important algorithms which can be obtained by
specifying the exact version of the generalized PPA scheme (1.7). For succinctness, discus-
sions for their inexact counterparts stemming from the inexact version (1.8) are omitted. We
refer to, e.g., [23], for some convergence rate analysis in terms of the iteration complexity for
several splitting algorithms. The analysis therein is based on the inexact Krasosel’skii-Mann
iteration from the nonexpansive operator perspective.

Let us first recall some known results and summarize them in the following two lemmas.
The proof of the first lemma can be found in [33], and the proof of the second is trivial.

Lemma 7.1 Let f : X" — R be closed, proper and convex. Then, we have

i) If fis py-strongly convex, then f* is differentiable and V f* is (1/u y)-Lipschitz con-
tinuous.
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iiy If f is differentiable and V f is L y-Lipschitz continuous, then f* is 1/L ¢-strongly
convex.

Lemma 7.2 Let f : " — N be closed, proper and strongly convex; let of be the subdif-
ferential of f. Then, of is strongly monotone.

7.1 Preliminaries of ALM

First, we consider a canonical convex minimization model with linear constraints:

min f(x)

s.t. Ax = b. 7.1)

where f : R" — (—o00, oo] is a closed and convex function, A € R™*" and b € R™.
For solving (7.1), a benchmark is the augmented Lagrangian method (ALM) originally
proposed in [21,32]. Its iterative scheme reads as

{x"“ = argminy { f(x) — (p*, Ax) + Jecll Ax — b}, 7.2

pk+1 — pk _ C]((Axk+1 _ b),

where pf is the Lagrange multiplier and c; > 0 is the penalty parameter of the linear
constraints. As analyzed in [34], the dual problem of (7.1) is

max {=f*(AT p) + (b, p)}, (7.3)

where “*” denotes the conjugate of a function, see [34]. Thus, solving (7.3) is equivalent to
0eSa(p):=A-af*-(ATp)—b, (7.4)

which is a specific application of the generic setting of (1.1) with 7 = S 4. In [35], it was
precisely analyzed that the ALM scheme (7.2) is an application of the PPA (1.2) to the dual
problem (7.4). Also in [34], it was mentioned that the mapping S 4(p) defined in (7.4) is
maximal monotone.

7.2 A Generalized ALM

Following the analysis in [34], it is easy to see that if we apply the generalized PPA scheme
(1.7) to (7.4), we can obtain a generalized ALM scheme as follows

{ A = argming (£ (x) — (p*, Ax) + jerl| Ax — b}, (7.5)

pk-H — pk _ ]/Ck(Axk+l —b),

which differs from the original ALM (7.2) in that there is a parameter y € (0, 2) for updating
the Lagrange multiplier p**!. The details are presented in the following theorem.

Theorem 7.3 The generalized ALM scheme (7.5) is an application of the exact version of
the generalized PPA (1.7) to (7.4).

Proof The proof can be referred to that of Lemma 8.1 with the special consideration of g = 0
and B = 0. Thus, we omit it. O
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7.3 Linear Convergence of ALM schemes

Below, we show some conditions that can sufficiently ensure that the mapping S;tl (Sa
defined in (7.4)) is Lipschitz continuous at O with positive modulus, and thus guarantee the
linear convergence rate of the generalized ALM (7.5) (also the original ALM (7.2) if taking
y = 1in (7.5)).

Theorem 7.4 Let S be defined in (7.4) and {p*} be the sequence generated by the gen-
eralized ALM scheme (71.5). For the model (7.1), if f is convex and twice continuously
differentiable at a neighborhood of x*, and the matrix A is full row rank. Then, we have

(I) The mapping S 4 is strongly monotone at a neighborhood of p* (p* is a zero point of
Sa(p) defined in (7.4)).

(2) The mapping S;ll exists and it is Lipschitz continuous at the origin with a positive
modulus.

(3) The sequence {p*} converges locally on a linear rate to a zero point of S_A.

Proof (1) Since f is twice continuously differentiable at a neighborhood of x*, V f is L -

Lipschitz continuous locally. It follows from Property (ii) of Lemma 7.1 that f™* is ﬁ -strongly

convex locally. Then, according to Lemma 7.2, we know that f* is Ll—f-strongly monotone

locally. For any p, p’ € N(p*,8) € R™; w € S4(p) and w' € S4(p'); there exist
uedf* - (ATp)andu’ € 3f* - (AT p’) such that w = Au—b and w’' = Au’—b. We thus
have

(w—w,p—p)=(Aw—-u),p—p)=w—u,AT(p—p))

1 1
L—HAT(p — I = —min(AA D) p =PI,
! Ly

v

in which Amin(AAT) is the minimal eigenvalue of AAT and it holds that Apin(AAT) > 0
because A is assumed to be full row rank. Note that the first inequality above is because of
the Lif—strong monotonicity of 3f* at the neighborhood N(AT p*, 8’) € R", Thus, it follows
from Definition 2.3 that the mapping S 4 is strongly monotone locally. For assertion (2), it is
an immediate conclusion based on Definitions 2.3 and 2.4. For assertion (3), it is a conclusion
of Theorem 3.5 with T = S 4. The proof is complete. O

Remark 9 Note that the full-row-rank assumption of the matrix A in Theorem 7.4 can be
replaced with other assumptions such as “the Hessian matrix V2 f (x*) is positive definite
in the null space of AT” ie., the strong second-order condition as analyzed in [35] and
many others, provided that more assumptions such as the strict complementary condition are
further assumed for the model (7.1) per se. This discussion is beyond the scope of this paper,
and we omit the analysis in details.

8 Application to ADMM

In this section, we consider another convex minimization model with a separable objective
function:

min, {f(x) + g(Mx)} 8.1

where f : R" — (—o0,00]and g : R™ — (—o00, oo] are closed and convex functions, and
the matrix M € R™*". Again, we only focus on the specification of the exact version of the
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generalized PPA (1.7) and discuss how to ensure its linear convergence rate for the particular
convex minimization context (8.1).

8.1 Preliminaries of ADMM

One particular case of (8.1) with a wide range of applications is where the functions f and g
have their own properties and it is necessary to treat them individually in algorithmic design.
For this purpose, we can reformulate (8.1) as

min f(x) + g(w)
s.t. Mx = w,

8.2)

where w € R™ is an auxiliary variable. For solving (8.2), a benchmark is the ADMM scheme
originally proposed in [16]. The ADMM scheme for (8.2) reads as

K1 = arg min, { £ (x) + (p*, Mx) + Ia|Mx — wk|2},
wht! = argminy, {g(w) — (p*, w) + %)»HMXH] —w|?}, (8.3)
karl — pk +)\.(M)Ck+l _ ,wk+l)7

=
|

where p* is the Lagrange multiplier and A > 0 is a penalty parameter of the linear constraints
in (8.2).

Next, we recall some results in [12,15] to demonstrate that the ADMM is indeed a special
case of the PPA (1.5). All the details can be found in [12]. First, the dual of (8.2) is

max —{f*(—=M " p) + g*(p)} (8.4)

pER™

where “f*” and “g*” denote the conjugate of the convex functions f and g, respectively.
Let

A:=93[f* (=M ")] and B := 9g*. (8.5)

As shown in [33], both A and B defined in (8.5) are maximal monotone. Then, (8.4) can be
written as

0 e A(p) + B(p). (8.6)

We use J; 4 and J, p to denote the resolvent operators of A and B, respectively. Moreover,
we denote

GiaB=haQRlhp—1)+U~-JiB) (8.7)
and
Span =G Wg—1 (8.8)

As shown in [12], Sy, 4,5 is maximal monotone when A and 3 are both maximal monotone.
Indeed, the definition of S, 4,5 can be expressed as

SroAaB={w+Arb,u —v)|(u,b) € B, (v,a) € A, v+ ra = u — Ab}, (8.9)

where A and B are defined in (8.5). Moreover, let p* be an solution point of (8.6) and z* a
solution point of

0 € 85,48, (8.10)
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and let the sequence {z*} be iteratively represented by
I = Ba(@hs — DEH) + U - 5p)Eh. (8.11)

Indeed, (8.11) is exactly the application of the Douglas—Rachford splitting method (DRSM)
in [11,24] to (8.6). According to [12], we know some conclusions such as: (1) If z* is a
solution point of (8.10), then we have p* := J,5(z*) is a solution point of (8.6); and (2)
If p* is a solution point of (8.6) and (x*, w*) is a solution point of (8.2), then we have
x* € 3f* - (=M " p*) and w* € 9g*(p*).

Applying the scheme (1.7) with T = Sj, 4,5, we obtain the exact version of the generalized
PPA scheme

=k (R — U5, (@) with y € (0,2). (8.12)

Indeed, via (8.12), the following exact version of the generalized ADMM scheme proposed
in [12] can be recovered

argmin, { £ (x) + (p*, Mx) + JAlIMx — wk|?},

whth = argmin, {g(w) — (p*, w) + JAly MFH + (1 = p)uk —w]?), 8.13)
P = pF Ay MM+ (1 — p)wh — k).

In the following, we elucidate the relationship between the sequence {(x*, w*, p¥)} generated
by the generalized ADMM (8.13) and {z*} represented by (8.12); and demonstrate that the
generalized ADMM (8.13) can be written compactly as (8.12). The following lemma also
clearly shows that the generalized ADMM (8.13) is an application of the generalized PPA
(1.7) with T = S5, 4,5 and ¢ = 1 to (8.10).

Lemma 8.1 Ler {(x*, wX, pX)} be generated by the generalized ADMM (8.13) and {z*} be
represented by (8.12); the operator Sy, 4,5 be defined in (8.8). Assume that the initial points
satisfy with z2° = p® + 2w® and p° = 5,5, Then, it holds that z¥ = p* + rw* and
p* = 5525 for all iterates.

Proof The proof can be found in [12] (Theorem 8§ therein). ]
Finally, let us first present a lemma; its proof can be found in [24].
Lemma 8.2 The operator G 4.5 defined in (8.7) is firmly nonexpansive and it satisfies

(Gr.aB@) —Grap@),z—2) = 1G1 a8E) — Gras@)IP
U = 1) (@) — U = Lhp(@), Jis@) = Lis@))),
Vz,7 € H. (8.14)

8.2 When Does the Assumption Hold?

Based on our previous analysis, it is clear that the linear convergence of the generalized
ADMM (8.13) can be ensured by the assumption “The mapping S;_ L‘ 5 (81,4, defined in
(8.8)) exists and it is Lipschitz continuous at O with positive modulus”. When the specific
model (8.1) is considered, it is interesting to discern sufficient conditions that can ensure this
assumption and thus guarantee the linear convergence of the generalized ADMM scheme
(8.13); this is the main purpose of this subsection. We also refer to, e.g., [5,10,20] for
discussions on the linear convergence of the original ADMM (8.3) for some special cases.

In the following, we show one scenario that can sufficiently ensure the mentioned assump-
tion for the specific model (8.1) and thus guarantee the linear convergence of the the sequence
(¥} represented by (8.12).
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Theorem 8.3 For the model (8.1), if the function g is differentiable and strongly convex, and
Vg is Lipschitz continuous near a solution point, then we have

(I) The operator B := Vg* is both strongly monotone and Lipschitz continuous near the
solution point.

(2) The mapping S, L\,B is Lipschitz continuous at the iterate 7* = IS, an (%) with positive
modulus when k stays large enough.

(3) The sequence (X} represented by (8.12) converges linearly to a solution point of (8.10).

Proof (1) According to Lemma 7.1, we know that g* is differentiable. Thus, B := Vg*
is both strongly monotone and Lipschitz continuous near the solution point of (8.4)
according to Lemmas 7.1 and 7.2. Thus, the first conclusion is proved.

(2) Next, we show that the Lipschitz constant of the operator G, 4,5 is less than 1. Note
that %((I — 5,B)(2) € B(J,5(2)). Let us assume that the strongly monotone modulus
of B is «. That is,

(I = I)(@) — U — L)@, @) — @)
> 2| s (2) — Jis(@)?, Yz, 7' € H.

Moreover, let us assume that Lipschitz continuous constant of 5 is §. Then, we have

Iz =217 = 1VaB(z) — Jhs(@) + AB(Jip(2) — AB(LsE@ )
< (1+28)2155() — Jhs()I?, ¥z,7 € H.

Combining these two inequalities, we get
(I = ) (@) — U = Lip)(@), hs(2) — s (@)

Aot 2 ’
> ——|z—27|I°, Vz,7 € H. 8.15
Toppe 7 (8.15)

Then, it follows from Lemma 8.2 and (8.15) that

Iz — 21> > (Gr.aB(@) — GrapE) z—7)
> Gr,.a8@) — Guas@)I* + (U = Ji)(2)
—(I = (@), Ji@) — Jis(@))

> Gy a8E) — Grap@)* + 7% Vz, 7 € H,

—

7z —
(1+28)2
where the first inequality follows from the non-expansiveness of the operator G 4 3;
the second inequality is because of (8.14) and the last inequality holds because of (8.15).
Consequently, we prove that

Ao
1G.a8(@) = Grap@)Il < 1 - mllz -7, ¥z, 7 € H.

Recall the definitions of the strongly monotonicity and the Lipschitz continuity of B. We
have ¢ < B and thus the above inequality means the fact that the Lipschitz continuity
constant of the operator G, 4 5 is less than 1. Finally, it follows from Theorem 5.2
with T = S3 a8, cx = 1 and G = G, 4 that the mapping S; ', 5 is Lipschitz
continuous at the iterate {Z¥} with positive modulus when k stays large enough, where
= Us, 45 @H.

(3) Finally, the linear convergence of the sequence { z¥} follows assertion (2) of Theorem 5.2
with ¢y = 1 and assertion (2) immediately. The proof is complete. O
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Note that the linear convergence of {z¥} represented by (8.12) can be easily specified as
the linear convergence of the generalized ADMM scheme (8.13) in terms of the variables in
(8.2) and its dual. We summarize the specifications in the following corollary and omit the
proofs.

Corollary 8.4 When the sequence {z*} represented by (8.12) converges linearly to a solution
point of (8.10), we have

(I) The sequence {p*} converges R-linearly to a solution point p* of the dual problem (8.4).

(2) The sequence {w*} converges R-linearly to a solution point w* of the primal problem
(8.2).

(3) The sequence {Mx*} converges R-linearly to Mx*, where x* is a solution point of the pri-
mal problem (8.1). Moreover, if M is full column rank, then the sequence {x*} converges
R-linearly to x*.

Remark 10 Under one of the following conditions, we can also prove the conclusion “The
mapping S, 14 5 (Sx,4,5 defined in (8.8)) exists and it is Lipschitz continuous at 0 with
positive modulus”. We omit the proof because it is analogous to that of Theorem 8.3.

(1) The matrix M is full row rank, the function f is strongly convex and V f is Lipschitz
continuous near x*, where x* is a solution point of (8.1).

(2) The matrix M is full row rank, the function f is convex and g is strongly convex near
Mx*, and V f is Lipschitz continuous near x*, where x* is a solution point of (8.1).

(3) The function f is strongly convex near x* and g is convex, and V g is Lipschitz continuous
near Mx*, where x* is a solution point of (8.1).

Together with the condition in Theorem 8.3, these conditions coincide with the conditions
in [9] (when B = —1I and b = 0 in the model (2) therein) to ensure the linear convergence
of the generalized ADMM (8.13) for solving (8.1). In other words, the assumption “The
mapping S; 14, 5 (Sx,4,5 defined in (8.8)) exists and it is Lipschitz continuous at 0 with
positive modulus” is weaker than these conditions.

Remark 11 1In [8], the linear convergence of the generalized ADMM (8.13) for solving (8.1)
is ensured under the following assumptions: (1) M is full rank, f is convex and differentiable,
V f is Lipschitz continuous, and g is strongly convex; (2) f is strongly convex, g is convex and
differentiable, and V g is Lipschitz continuous. We here give some less strengthen conditions.

9 Conclusion

In this paper, we extend the condition in [34] that can ensure the linear convergence of the
proximal point algorithm (PPA) to a generalized PPA scheme. Both the exact and inexact
versions of the generalized PPA are studied, and their linear convergence rates are established
under the same condition as the original PPA in [34]. We specifically consider two convex
optimization models and study the linear convergence rates for generalized versions of the
benchmark augmented Lagrangian method (ALM) and the alternating direction method of
multipliers (ADMM), both are special cases of the proposed generalized PPA. Some concrete
conditions are specified in the convex optimization contexts. It is interesting to find that the
condition in [34] turns out to be still weaker than most of the existing conditions in the
literature that were proposed to ensure the linear convergence for various specific forms of
the PPA. This study provides a unified understanding of the linear convergence of a family
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of operator splitting methods which have found a board spectrum of applications in various
areas. These methods include the mentioned ALM, ADMM, their generalized and inexact
versions, the Douglas—Rachford splitting method, the Peaceman—Rachford splitting method,
and their generalized versions. Last, it is worthwhile to mention that our discussion can
be easily extended to the case with weaker assumptions such as the metric subregularity
considered in, e.g., [37].
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