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1. INTRODUCTION

Consider the convex problem
minimize f(x) + g(Lx), (1.1)
xeH

where f: 7 — (—oo,00| and g : ¥ — (—oo,00| are lower semicontinuous proper convex func-
tions and L : 5 — ¢ is a linear operator (.7 and ¢ denote finite-dimensional inner product
spaces). Problem (1.1) appears in different contexts in applied mathematics, including opti-
mization, inverse problems, machine learning, among others.

One of the most popular numerical algorithms for solving (1.1) is the alternating direction
method of multipliers (ADMM) [22, 23, 24], which has now attracted a lot of attention from
the numerical optimization community (see, e.g., [9, 11, 12, 13, 14, 16, 20, 21, 25, 26, 27, 29,
31, 35, 39)).

In this paper we propose and study a new inexact version of the ADMM allowing relative-
error criteria for the solution of the second subproblem (which will appear in the formulation of
the proposed algorithm) and promoting inertial effects on iterations.
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Organization of the paper. The material is organized as follows. In Section 2 we motivate the
definition of our main algorithm, review some related works and discuss the main contributions
of this paper. In Section 3, we present our main algorithm (Algorithm 1) and some preliminary
results that will be needed to study its convergence and iteration-complexity. In Section 4, we
study the asymptotic behavior of Algorithm 1 under different assumptions under the inertial
parameters involved in the formulation of the method. The main results are Theorems 4.2 and
4.4. In Section 5 we study the iteration-complexities of Algorithm 1. The main results in
this section are Theorems 5.2 and 5.4. Numerical experiments will be presented in Section 6.
Appendix A contains some auxiliary results.

2. MOTIVATION, RELATED WORKS AND CONTRIBUTIONS
Motivation. We first note that (1.1) is clearly equivalent to the separable problem

minimize f(x)+g(y),

2.1
subjectto Lx—y = 0. @

An iteration of the standard ADMM [20] for solving (2.1) can be described as follows: given a
starting point (yg,zg) € %2 and a regularization parameter ¥ > 0, iterate for k > 0:

xir € argmin { £0)+ (a| Loy + 2 L=y 2} 2.2)
xeH 2

v € argmin {800+ Gzt Lxis =) + 3 s 1P | 23)
ye

Zpr1 = 2+ Y (LXpg 1 — Vit 1) - (2.4)

We consider here the case in which (2.2) can be solved exactly and, on the other hand, (2.3) is
supposed to be solved only approximately by some other (inner) algorithm, like, for instance,
CG or BFGS, depending on the particular structure of the function g(-) in (2.1).

With this in mind, we will introduce a notion of relative-error approximate solution for (2.3)
(more details will be given on Section 3). To this end, first note that (2.3) is an instance of the
general family of minimization problems

L O AT
muynergze{g<y>+<z|u )+ lILx—y] b 2.5)

where x € 7, z € 4 and y > 0 are given (in the case of (2.3), we have (x,z) = (X¢r1,2))-
Moreover, since the function g(+) is convex, we have that (2.5) is also equivalent to the inclu-
sion/equation system for the pair (y,v):

veadg(y),
v—z+y(y—Lx)=0.

(2.6)

A formal definition of approximate (inexact) solution of (2.6) (or, equivalently, (2.5)) will be
given in Definition 3.1 in Section 3; such a notion of approximate solution will allow for errors
in both the inclusion and the equation in (2.6).
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The extended-solution set. The Fenchel dual of (1.1) is
maximize — f*(—L*z) — g*(2), (2.7)

€9
where f*: ¢ — (—oo,00] and g* : 4 — (—oo, 00| denote the Fenchel conjugates of f and g,
respectively, and L* : 4 — 7 denotes the adjoint operator of L. Under standard regularity
conditions [10] on f,g and L it is well-known that (1.1) and (2.7) are, respectively, equivalent
to the (monotone) inclusions

0€df(x)+L"dg(Lx), (2.8)
and
0€—Ldf*(—L*z)+dg"(2). (2.9)
We make the blanket assumption:

Assumption 2.1. For the function f and the operator L as in (1.1), the following holds:
d(ffo—L")=—Lodf o—L".

Several sufficient conditions for Assumption 2.1 to hold true can be found, e.g., in [10]. We
will also consider an extended-solution set ., attached to the pair of inclusions (2.8)—(2.9),
defined as

S ={(zw)eD? | —wed(fo—L")(z) and we dg*(z)}. (2.10)

Under Assumption 2.1, it is easy to check that if (z,w) € .7, then it follows that there exists
x € # suchthat x € d f*(—L*z), w= Lx and x and 7 are solutions of (2.8) and (2.9), respectively.

Throughout this work we will assume the following.
Assumption 2.2. We assume the extended solution set .# as in (2.10) is nonempty.

Inertial algorithms. Iterative algorithms with inertial effects for monotone inclusions (and
related topics in optimization, saddle-point, equilibrium problems, etc) were first proposed in
the seminal paper [2] and subsequently developed in various directions of research by different
authors and research groups (see, e.g., [3, 5, 6, 7, 8, 12, 17] and references therein). Basically,
the main idea consists in at a current iterate, say py, produce an “inertial effect” by a simple
extrapolation:
Pk = pr+ 0Pk — pr—1),

where oy > 0, and then generate the next iterate py,; from py instead of p; (see (3.5)—(3.6)
below). Our main algorithm, namely Algorithm 1, will benefit from inertial effects on the
iteration; see the comments and remarks following Algorithm 1 for more discussions regarding
the effects of inertia.

Main contributions. We present a theoretical (asymptotic and iteration-complexity analysis)
and computational study of a partially inexact ADMM splitting algorithm for solving (1.1).
Our main algorithm, namely Algorithm 1 below, benefits from the addition of inertial effects;
see (3.5) and (3.6). The convergence analysis is presented in Theorem 4.2, to which the proof
incorporates some elements of [3] and [39]. We also obtained iteration-complexities for the
proposed algorithm by showing pointwise O(1/v/k) and ergodic O(1/k) global convergence
rates for residuals; see Theorems 5.2 and 5.4 below. We justify the effectiveness of our main
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algorithm through the realization of numerical experiments on the LASSO problem (see Section
6).

Related works. A partially inexact ADMM splitting algorithm was recently proposed and
studied in [39]. Paper [1] proposes a partially inexact ADMM for which the first subproblem
is supposed to be solved inexactly. The analysis of the main algorithm in [1] is performed by
viewing it as a special instance of a non-Euclidean version of the hybrid proximal extragradient
method [30]. In contrast to this, analogously to [39], our main algorithm (Algorithm 1 below)
assumes the second subproblem is solved inexactly. Moreover, since (3.9)—(3.11) below also
allows for errors in dg, the error criterion we propose here is potentially more flexible than the
corresponding one in [1]. Other relative-error inexact versions of ADMM were also previously
studied in [42, 43], but we notice that the convergence results were restricted to the analysis
of the dual sequences. We also mention that the relative-error inexact variants of the ADMM
from [3, 21] only apply to (1.1) in the particular case of L = I, and, additionally, these variants
assume the first subproblem to be solved inexactly with the error condition verified only a-
posteriori, that is, only after the computation of second subproblem’s solution.

General notation. We denote by .#” and ¢ finite-dimensional inner product spaces with inner
product and induced norm denoted, respectively, by (|) and ||-|| = +/(-|+). For any set 2~
we denote by X" the n-product 2 x --- x 2. In 42, we will consider the inner product and
induced norm defined, respectively, by

/ 1 / /
(Plphy = (2l <)+ viwlw) and Ipl5 == (p1p)y, (2.11)

where p = (z,w),p' = (Z,w') € 4% and y > 0. More precisely, for p = (z,w) € 42, the norm of
pis
1
ol = Sl +ylhwl™ (2.12)

An extended-real valued function f : .7 — (—oo,00] is said to be convex whenever f(Ax+ (1 —
A)y) <Af(x)+(1—=2A4)f(y) for all x,y € 5 and A € (0,1), and f is proper if its effective
domain, denoted by dom f, is nonempty. The Fenchel conjugate of a proper function f : 77 —
(—oo,00] i f* 1 A — (—oo,00|, defined at any u € S by f(u) = sup,c - { (x|u) — f(x)}. The
e-subdifferential and the subdifferential of a convex function g : S# — (—oo,00| at x € . are
defined as deg(x) :={u e 7 | g(y) > g(x)+ (u|y—x) —€ Vye 5} and dg(x) := dpg(x),
respectively. For additional details on standard notations and definitions of convex analysis we
refer the reader to the references [10, 34].

3. THE MAIN ALGORITHM AND SOME PRELIMINARY RESULTS

Consider the minimization problem (1.1), i.e.,

minimize f(x) + g(Lx), (3.1)

xeH

where f : A — (—co,00] and g : &4 — (—o0,00] are lower semicontinuous proper convex func-
tions and L : 5 — ¥ is a linear operator between finite-dimensional inner product spaces .5¢
and ¢.
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In this section we present our main algorithm, namely Algorithm 1 below. This is a partially
inexact (the second block is allowed to be solved inexactly) ADMM with relative-error criterion
for the second subproblem. Recall the extended solution set . as in (2.10) and Assumptions
2.1 and 2.2. The three technical lemmas 3.2, 3.3, 3.4 and 3.5 will be used in the subsequent
section.

Before presenting our main algorithm, as we discussed in the Introduction, we have to for-
malize the notion of inexact solution that will be used to compute approximate solution for the
second subproblem. Recall that the second subproblem of the standard ADMM (see (2.3)) be-
longs to the general family of minimization problems (2.5), which is, in particular, equivalent
to the inclusion/equation system (2.6) for the pair (y,v), i.e.,

veadg(y),
v—z+7y(y—Lx) =0.

(3.2)

Definition 3.1 (c-approximate solution of (2.5)). For x € Z, (Z,y) € 4% and 7y > 0, a triple
(y,v,€) € 4 x ¥4 x R is said to be a ¢-approximate solution of (2.5) (or, equivalently, of (2.6))
at (x,z,y) if 6 €[0,1) and

Ve a&‘g(y%
v—Z+7y(y—Lx)=:e (3.3)
le]* +2ye < o*min {y*||Lx— 3%, v~ 2]}

We will also write

c ) ~ Y
5% argmin { g(v) + (2] Lx ) + 2 |1Lx — yI|*}
ey 2

meaning that there exists (v, €) such that (y,v, €) satisfies (3.3).

We now make some remarks regarding Definition 3.1:

(i) Note that if o = 0 in (3.3), then it follows that ¢ = 0 and € = 0, which is to say that
the pair (y,v) satisfies the inclusion/equation system (2.6) (recall that dyg = dg) and, in
particular, y is an exact solution of (2.5).

(i1) The error criterion for (2.6) as in (3.3) belongs to the class of relative-error criteria
for proximal-type algorithms. Different variants of such error conditions have been
employed for computing approximate solution for (sub) problems for a wide range of
algorithms in monotone inclusions, convex optimization, saddle-point problems, etc
(see, e.g., [3, 21, 30, 36, 37, 38]).

(i11) The error criterion (3.3) will be used to compute approximate solutions in step 3 of our
main algorithm, namely Algorithm 1 below (see (3.9)—(3.11)).

(iv) As an illustrative example, consider the special case of the LASSO problem [40]

. 1
min {—|]Ax—bH2+vHxH1}, (3.4)
xeRd | 2

where A € R"*?_p € R" and v > 0. Problem (3.4) is clearly a special instance of (1.1)
in which L := 1, f(x) := v||x||; and g(x) := (1/2)||Ax — b||? (see also Section 6 below).
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In this case, our inclusion/equation system (2.6) clearly reduces to
v=A"Ay—b), v-z+y(y—x)=0,

or, in other words, in this special case, (2.6) is equivalent to the linear system (operator
equation)

(A*A+ y1>y — A*h+ 74 7.

The latter linear system can be solved by the CG algorithm [32], where e as in (3.3)
will simply denote the residual of the system and the inequality in (3.3) can be used as
a stopping criterion for CG.

Next is our main algorithm.

Algorithm 1. An inexact inertial ADMM algorithm for solving (1.1)

(0) Let (z0,y0) = (z_1,y_1) €4 and let a,5 € [0,1), T € (0,1) and ¥ > 0. Set k = 0.
(1) Choose ¢ € [0, a] and let

Zk = 2+ 0 (zx — 251, (3.5)
Vi = Y+ O (Vi — Yi—1)- (3.6)

(2) Compute

. =~ -~ Y ~ 2
i € argmin | f () + (G Ly — i) + 2 [Lx = 5ill” ¢ - (37
xeH
(3) Compute
~ O . i~
Vi X argmin {g(y) + @l Lo =) + %/Hka fyl\z} (38)
yeY

at (xx, 2k, yk) in the sense of Definition 3.1, i.e., compute (Vi, vk, &) € 4 x 4 x R such that

Vi € 3Ekg()7k), 3.9
vk =2k + YOk — L) =t e, (3.10)
llex || +2yer < 0% min { V(| L — 5|l lve — 2/} - (3.11)
(4) Set
Zrt = 2k + TY(LXK — Vi), (3.12)
T
Vet :(1—T)yk+;(zk+Yka—Vk)7 (3.13)

k=k+1 and go to step 1.

We now make some remarks concerning Algorithm 1:

(i) Algorithm 1 is specially designed for instances of (1.1) in which (3.7) has a closed-form
solution, i.e., for problems in which (3.7) is easy to solve. In this regard, one example
of interest is when f(-) = ||-||; and L = I, in which case (3.7) has a unique solution
given explicitly by x; = prox,1., (Vk — 7~1Zk). On the other hand, we assume that the
computation of y; as in (3.8) demands the use of an (inner) algorithm, which the choice
of depends on the particular structure of the function g, and, in this case, one can use
(3.9)—(3.11) as a stopping criterion for the inner algorithm of choice.

(i1) Recall that we discussed in the Introduction (see “Related works™) other ADMM-type
algorithms related to Algorithm 1.
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(i11)) The main results on the convergence and iteration-complexity of Algorithm 1 are Theo-
rems 4.2, 4.4,5.2 and 5.4 below. Numerical experiments will be presented and discussed
in Section 6.
(iv) The role of the parameter 0 < 7 < 1 is to introduce (under) relaxation in the iterative
process; see (3.12) and (3.13).
(v) We will also need the sequences (Zx) and (%), where, for all kK > 0,

. ~ ~ . |
o=+ YL =), Y= ?(Zk‘FVka_Vk)- (3.14)
Note that Z; = 741 and ¥, = yx4+1 if we set 7= 11n (3.12) and (3.13), respectively.
Next we present four technical lemmas — Lemmas 3.2, 3.3, 3.4 and 3.5 —, which will be useful

in the subsequent sections.

Lemma 3.2. Consider the sequences evolved by Algorithm 1, let ¥ be as in (2.10) and let (%)
and (¥i) be as in (3.14). Define
Pk =(2:yk), P = (V)  Pe= (Vi) and pp= (v, Lxy) Yk >0. (3.15)
(a) Forallk > 0,
Pt = (1= 7) P+ TPy
(b) Forall k > 0,
—Lxg € 9 (f"0—L") (z),
where
K+ ¥ (Lxe = Yi) - (3.16)
(c) Forallk >0,

~ .1
Pk—DPr = (Y(ka_)’k)a;,(z;c_vk)) :
(d) Forallk>0and p = (z,w) € .7,
(Pk—DPr|p—DPr)y > —&.
(e) Forallk > 0,

Pk = Pk + Ok (Pk — Pr—1)-

Proof. (a) This result is a direct consequence of the definitions of py, py and py as in (3.15) —
see also (3.14) — combined with (3.12) and (3.13).

(b) First note that from (3.7) and (3.16), we obtain 0 € d f(x;) +L*z;€, or, equivalently,
—L*z, € df(xr). As (df)~" = af*, the latter inclusion is also equivalent to x; € df*(—L*z,),
which in turn yields —Lx; € —Ld f*(—L*z; ), which by Assumption 2.1 gives item (b).

(c) This follows easily from (3.14) — (3.16) and some simple algebraic manipulations.
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(d) As (8gkg)_1 = dg, g* — see, e.g., [44, p. 85, Theorem 2.4.4(iv)]-, we have that (3.9) is
equivalent to the inclusion

Yk € g, 8" (V). (3.17)

As p = (z,w) € ., according to the definition of . in (2.10), we have —w € d (f* o —L*) (2)
and w € dg*(z). The latter inclusions combined with item (b) and (3.17) and the monotonicity
of d(f*o—L*) and dg* yield

(zk —z|w—Lxx) >0 and (z—vi|w—3) > —&. (3.18)
Now using (3.15), item (c), (3.18) and the definition of (- |-), as in (2.11) we find

N . 1 - 1
(Pk—DPk|p—DPi)y = &@’(ka_)ﬁc)|Z_Vk>+7<j_/(Z;<_Vk) |W_ka>
= (Lxy — Y |z— i) + (2 — 2| w — L) + (z — v | w — L)
= (z—vi|w—Fi) + (z — 2| w — Lxy)
> —&.

(e) This follows directly from (3.5), (3.6) and the definition of py as in (3.15). ]

Lemma 3.3. Consider the sequences evolved by Algorithm 1 and let (py), (px) and (py) be as
in (3.15). Forall k > 0,

@ 117 = pell3 = & (llexll®+ v —22).
) |15k — Prlly < 2|k — Pilly-
Proof. (a) Direct use of (2.12), (3.10), (3.14) and (3.15) gives

- 1 y <
1P — Belly = ;,||Vk — %P + ¥l Lo — Fe)?

1 ~ ~ 1
= ;,ka—Zk+7’(yk—LXkZ||2+Y||ka— (v @+ vl =] P

€k

1 ( 2 N
= = (Mewl® + e —%)2).
Y
(b) In view of (3.11), (3.15) and item (a),

- 1 ~
1Pk — Pelly = y (llewll® + v —zcll?)

< — (2| y(Lxk =5 1* + v — Zel?)

1
Y
1 R ~
< ;,Hvk — 2l + VI Loxe — 5|2

a2
= |2 — Pilly-
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Hence, using the triangle inequality,
15— Piclly < 1P = Prelly+ | P — Pielly < 2/ Pk — Pilly-
0J

Lemma 3.4. Consider the sequences evolved by Algorithm 1 and let (py), (Px) and (py) be as
in (3.15).

(a) Forallk>0and p € 92,
lp = Belly = llp = Pelly = 1Pk = Pilly = 11 Px — Belly + 2Pk — Pic| p = i)y
(b) Forallk>0and p € 42,
lp—=Pelly = llp = Belly > ¥(1 = 0|1 L = 3il1* +2 [&c+ (5x — Pr | P — Pi)y] -
(c) Forallk>0and p = (z,w) € .7,
lp = el = llp = Belly = ¥(1 = 02) || Lok — 3>
(d) Forallk>0and p = (z,w) € .7,
lp = Billy = 1l = Prsally = 7v(1 = 02) Lok = 3il|* + (1 = 7) 7| B — P15
(e) Forallk >0and p = (z,w) € &,
lp = Billy = P = Prsally = ©(1 = 2)(1 = 0)*|| P& — Pilly
(1-1)(1—0)?
47

Proof. (a) The desired result follows directly from the well-known identity ||a — b||)2, —||la— c||%,
= ||d = b5 —||d —c||3+2(c—b|a—d)y witha = p, b= py, c = Py and d = py.

>

| Prs1 — Pell3-

(b) Using (2.12) and the definitions of (p;) and (py) as in (3.15) we get
-~ 1 ~ ~
1Pk — Pilly = ;,H"k — 2P + Yl Lo — %,
which in turn combined with Lemma 3.3(a) yields
SO SO N 1
1Pk — Pelly — 1 Px — pell3 = vl Lx — il — ;,||€k||2-
From (3.11), item (a), the latter identity and some algebraic manipulations,

B . ~ 1 N ~
lp = Pill3 = [lp — Bell3 = vl Lxe — 5el|* — ;,Ilekll2 +2(px— PP~ Pr)y
R 1 N ~
= 7| Lxx — Vil|* — ¥ (llexll> +2vex) +2 [&x + (e — P | P — Px)y]

> (1 — 0%)||Lxy — Skl +2 [& + (Bx — | p— )] »
which finishes the proof of (b).

(c) This is a direct consequence of Lemma 3.2(d) and item (b) above.
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(d) Using Lemma 3.2(a) and the identity
I(1=)a+b]y = (1=1)|allz + /b5~ (1 —7)[la—bll7
with a = p — p and b = p — Py, we obtain
lp—prrtlly=I(1=7)(p—P) +T(p— Br)Il3
= (1=0)|lp—Pelly + <llp — Bll7 — (1 = 7)<l| B — Pill7-

Now by multiplying the inequality in item (c) by T > 0, using the latter identity and some simple
algebraic manipulations, we find the desired result.

(e) Note first that using (3.11) and the triangle inequality, we find

Vi =2kl < [lve =2+ YOk — L) |+ | YOk — L )|

i

g

€k

< olvi — 2kl + [[YOx — Lxi) [
so that

YOk — Lxe) | = (1= o) [Jvie — 2l
which in turn combined with (2.12), (3.14) and (3.15) yields

.~ L., = .~
||Pk—10k||72/:;,HZk—Zk||2+?’||Yk—ka2

1
> ||z -2l
Y

L, 2
= —||YOr — Lx
Y||Y( x — Lxi) ||
1 N
> 5/(1 —0)? v —Z* (3.19)

Now using (2.11), (3.15), item (d) above and (3.19),

lp = Pilly = llp = prs1 13 = ov(1 = 02) | Lag = 5icl* + (1 = 0) T e — P

~ 1 ~
> ty(1—0%)|| L — 5il > + (1 - o) (1= o) |lvk — >

1 N ~
>1(1-1)(1—0)* ,}_/HVk_ZkHz"‘YHka_YkHZ

=1(1-7)(1-0)*|px — pill- (3.20)

To prove the second inequality, one can use Lemmas 3.2(a) and 3.3(b) to conclude that || px+1 — pi|ly
< 27||pk — pk||y and then apply it in (3.20). O
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Lemma 3.5. Consider the sequences evolved by Algorithm 1 and let (py) and (py) be as in
(3.15). Then, for all k > 0,

1Pk — plly = (1+ o)l px — plI5 — el pr—1 — plI3+ (1 + )l px — pe—i |l Vp €92

Proof. Recall that from Lemma 3.2(e) we have

Pk = Dk + O (Pk — Pk—1), (3.21)
which is clearly equivalent to
r %
Pk_P—rak(Pk p)+ o (Pk—1—p).

Now using the well-known identity ||tx+ (1 —1)y|3 = ¢|lx[3 + (1 — ) [y[|13 — #(1 — £)[|x — y|13
witht =1/(1+ o), x = pr—p and y = p;_; — p, we find

~ (077 O ~
Pk — plly = 1Pk — pll3+ | pe—1 — pll7 - ( )2||pk—pk_1||$,

1+ oy 1+ oy I+ o

which, in turn, when combined with the fact that py — pr_1 = (1+ o) (px — pr—1) — see (3.21)
— and after some simple algebraic manipulations it yields

1Pk — plly = (1+ o) | px — plI5 = ol pr—1 — plI3 + (1 + o) || pi — pr—11l3-

4. ASYMPTOTIC CONVERGENCE OF ALGORITHM 1

In this section, we study the asymptotic convergence of Algorithm 1. The main results are
Theorems 4.2 and 4.4.

Lemma 4.1. Consider the sequences evolved by Algorithm | and, for an arbitrary p = (z,w) €
<, define

he=p—ply k-1 (4.1)
Then hy = h_1 and, for all k > 0,
hit — i — (e — b)) + (1= 7) (1= 0)?(| 5% — Pilly < o (1 + o) | pr — pr—1 I3,
i.e., (hy) satisfies the assumptions of Lemma A.1 below, where, for all k > 0,

skt == T(1 = 1) (1= 0)*|| P — Pill3, (4.2)

8 == oue(1+ o) || pi — pa—t 5. (4.3)

Proof. The fact that hg = h_; follows directly from the fact that pg = p_; (see step 0 in Al-
gorithm 1 and the definition of p; as in (3.15)). On the other hand, from Lemma 3.5 and the
definition of A; as in (4.1),

1Pk — plly = (14 o) ok — pll3 — 0 | pr—1 — plly+e(1+ o)l i — pe—1ll3-
—_—— ~—_—
hyc i1
The desired result now follows from the above displayed equation, Lemma 3.4(e) and the
definition of A as in (4.1). [
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Next we present our first result on the convergence of Algorithm 1 when k — +oo.

Theorem 4.2 (First result on the asymptotic convergence of Algorithm 1). Consider the se-
quences evolved by Algorithm 1 and let 0 # .7 be as in (2.10). Assume that

(o)

Y allpk— prilly <o, (4.4)
(=0

where (py) is as in (3.15). Then there exists (Zoo, Weo) € . such that
2k = Zoo ANd Vi — Weo. 4.5)
Additionally, we also have
Vi = Zooy, LXp — Woo and Vi — Weo. (4.6)
Proof. We start by making a few remarks. First, from (4.4) and the fact that oy (1 + o) < 204k

(because 0 < oy < 1), we conclude that };” ; 0 < oo, where 0 is as in (4.3), which, in turn,
combined with Lemmas 4.1 and A.1 (below) gives

lim Ay exists and < oo, 4.7
lim Ay exi L s @)

where h; and s are as in (4.1) and (4.2), respectively. Using (4.2) and the second statement
in (4.7) we also obtain || p; — ﬁk||72, — 0, which in turn when combined with the definitions of p;
and py —as in (3.15) —, (2.12), (3.10) and (3.11) yields

Vk—zk—>0, ka—ji\k—>0, yk—ka—>0 and & — 0. (4.8)
Second, from (4.4) and the fact that oc,g < o, we obtain
lim o[z — zx—1|| = lim oy l[yx — ye—1]| =0,
k—yo0 k—yoo
which, in turn, when combined with the definitions of Z; and y; as in (3.5) and (3.6) yields
Ek — 2k — 0 and )//\k — Yk — 0. (49)

Now, let pr = (zx,yx) be as in (3.15). Note that using the first statement in (4.7), the definition
of i as in (4.1) and Lemma A.2 below, it follows that to prove the convergence of (py) to some
element in . — and hence the statement in (4.5) — it suffices to show that every cluster point
of (py) belongs to .#. To this end, let pe = (Zeo, o) € 42 be a cluster point of (p;) (we know
from (4.7) and (4.1) that (py) is bounded), i.e., let z. and y., be cluster points of (z;) and (yy),
respectively. Then let also (k;) be an increasing sequence of indexes such that

Zkj = Zoo AN Vi, = Voo. (4.10)
In view of (4.9) and (4.10), we have
Ekj — Ze and fk,- — Voo, 4.11)

which, in particular, when combined with (4.8) gives
Vkj = Zooy  LXg; = Yoo,  Yk; — Ve and  &; — 0. (4.12)

From (3.16), the second statement in (4.8) (with k = k;) and the first statement in (4.11) we
also obtain z;cj — Zeo, Which combined with Lemma 3.2(b) (with k = k;), the fact that the graph

of d(f* o—L*) is closed and the second statement in (4.12) yields —yew € 9(f* 0 —L*)(2)-
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As a consequence, according to the definition of . as in (2.10), to prove that (ze,Ve) € -7,
it remains to verify that y. € dg*(z). To this end, recall first that from (3.9) (with k = k )
we know that vy; € ngj 8(;), which is equivalent to yy; € agkjg*(vkj). Combining the latter
inclusion with the first, third and fourth statements in (4.12) as well as with the closedness of
the graph of the e-subdifferential of g*, we obtain the desired result, namely Yo € dg*(zc0).

Altogether, we have proved that every cluster point of (p;) belongs to . and so, as we
explained above, it guarantees that (py) converges to some element in ., i.e., here we finish
the proof of (4.5).

Finally, the proof of (4.6) follows trivially from (4.5), (4.8) and (4.9). ]

Remark: As we discussed in the Introduction (following Assumption 2.1), under standard
regularity conditions on (1.1), the result on (ze, We) as in Theorem 4.2, gives that there exists
Xoo € H such that xe € 9 f*(—L"Ze0), Weo = LXeo and Xe and z. are solutions of (2.8) and (2.9),
respectively. Moreover, the second statements in (4.5) and (4.6) give, in particular, that Lx; —
Yk — 0.

We will consider the following two sufficient conditions on the sequences () and/or (py)
to ensure (4.4) holds — see (2.11) and the definition of p; as in (3.15) —:

Assumption A: for some 0 < 6 < 1 and kg > 1,

Qk
Y Mz — 21 1P+ Yl — v |12
here we adopt the convention 1/0 = oo,

o gmin{a } Vk > ko: (4.13)

Assumption B: (a,0,7) € [0,1) x [0,1) x (0,1) and the sequence (o) satisfy

<oy <o <a<pB<l Vk >0, 4.14)
where
B = 21 (4.15)
T 142 +/1487 '
and
(1-7)(1-0)?
= . 4.16
n iz (4.16)

Lemma 4.3. Under the Assumption B on Algorithm 1, define the quadratic real function
qt):=(m—-D)rr—(1+2n)t+n  Vt€R. (4.17)
Then, g(a) > 0 and, for every p = (z,w) € .7,

2|lpo—pli3

k
2
pi—Pi-1lly < Vk > 1. (4.18)
Z{)“ i=pitlly (1-oa)g(a)

Proof. Note first that combining Lemmas 4.1 and 3.4(e) (second inequality) and (4.16) we ob-
tain, for all k > O,

hicr1 — hie— O (e — By—1) + 0| preset = Pielly < 04 (1+ 00) | pic — pr—1 17, (4.19)
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where /i 1s as in (4.1). On the other hand, using Lemma 3.2(e), the Cauchy-Schwarz inequality
and the Young inequality 2ab < a* + b? with a := || px+1 — pilly and b := || px — pi_1 ||y we find

1Pt — Prlly = | prsr — Pelly + 02 | ok — P13 — 206 (Prst — Pic| Pk — Pr—1)y
> ||kt — Pelly + o ok — =111y — 0 (21 it — pellyllpe = pr—illy)

> (1= o) || pr1 = pielly — (1 = o) || pic — P11l (4.20)
Using (4.19), (4.20) and some simple algebraic manipulations we find
hicer — e — 0 (e — 1) + 1 (1= ) | prcsr — pelly < Well P — pe |3 (4.21)
where, for all k > 0,
%= (1-n)ag+(1+n)og. (4.22)
Define
o :=(1—0on)ho >0 and g :=hy — 04—ty + %l px — pr—rlly - Yk > 1, (4.23)

where hy is as in (4.1). Using (4.17), the assumption that (o) is nondecreasing — see (4.14) —
and (4.21)—(4.23) we obtain, for all k > 1,

M — M1 < [hk_hk—l_ak—l(hk—l —hk—2) = Y1l Pr—1 — pr—2ll3| + %llpx — Pr—11l3
<[m—n(=a)llp—pe-1lly
=—[(n— D — (1+2m)o+n] | pe— pr-illy

= —q(ow)l|px — pe-1ll3- (4.24)

Note now that 0 < 8 < 1 as in (4.15) is either the smallest or the largest root of the quadratic
function ¢(-). Hence, from (4.14), for all k > 0,

q(ou) = q(a) > q(B) = 0.
The above inequalities combined with (4.24) yield

1

2

Pk —Pk—1lly < —7— (k-1 — M), Vk > 1, (4.25)
H 1< e )

which combined with (4.14) and the definition of y as in (4.23) gives

k
1
2
Pi—Pj-1lly < —— (Mo — M),
jZ()H J J ||7/ q(a)( )

1
< ——(Uo+0ohi_1) Vk>1. (4.26)
Q(Oﬂ)( )
Note now that using (4.14), (4.23) and (4.25) we also find
Ho > ... > Wy =hg — 41—y + Yellpe — pr—1lly
>h—ohg_1, Vk=>1,

and so

hkgakhw%ghwl“o Vk > 0. 4.27)

Hence, (4.18) follows directly from (4.26), (4.27), the definition of g as in (4.23) and the
definition of hg as in (4.1). ]
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Theorem 4.4 (Second result on the asymptotic convergence of Algorithm 1). Under the as-
sumptions A or B on the sequence (), all the conclusions of Theorem 4.2 hold true.

Proof. The proof follows form Theorem 4.2 (see (4.4)), Assumptions A and B above and
Lemma 4.3. 0

5. GLOBAL CONVERGENCE RATES OF ALGORITHM 1

In this section, we study global convergence rates for Algorithm 1. We obtain (global) point-
wise O(1/v/k) and ergodic O(1/k) rates for residuals; see Theorems 5.2 and 5.4 below.

Lemma 5.1. Consider the sequences evolved by Algorithm 1 and assume that
Assumption B holds.

Let (py), (px) and (py) be as in (3.15) and let also q(+) be as in (4.17). Then, for all p= (z,w) €
y)

k
~ 200(1+ &)
2 2 2 2
pc—rpllyttl—1)(1-0 Pj—Dj §(1+—) Po—Plly-
“ ||7/ ( )( ) jZ() H J ]HY (1 _a)zq(a) || ||}/

Proof. From Lemmas 4.1 and A.1(a) (below),

k—1

k —
1

h i <hy+——) Oj

k+j21s,_ o+1_aj26 s

where hy, s; and O are as in (4.1), (4.2) and (4.3), respectively. Then, in view of (4.18),

k k—1
L 1
lpi=ply+2(1=1)(1=0) Y 15, Pilly < lpo—ply+ 15 X (1 +@)llpj—piily
=0 =0

20(14+ )
< (14 s ) o

O

Theorem 5.2 (Pointwise global convergence rates of Algorithm 1). Consider the sequences
evolved by Algorithm 1 and assume that

Assumption B holds.

Let (z) be as in (3.16) and let dy denote the distance of py = (z0,y0) to the solution set . as
in (2.10). Then, for every k > 0, there exists 0 < i < k such that

( ~
—Lx; € d (f* o —L*) (Z;‘)7 yi € a&‘g*(vi)?
2Cd?

3 (5.1)

. 1
y||in—yi||2+;llz§—w||2 <
0’Cd}
81' P )
L 2k
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where

C:=

20(1+ ) ) (52)

1
1
(1 7)(1- o) ( T a)g(a)
Proof. Let p* = (", w*) € . be such that dy = ||po — p*||y. From Lemma 5.1 (with p = p*)
and the definition of C > 0 as in (5.2),

k
Y 15— Bill3 < cdg. (5.3)
Jj=0

From (2.12) and Lemmas 3.2(c) and 3.3(b),

Y ~n2, Ly » Lo ~ o~ 2
DL =55l ek~ vl = 5 = Bl < = Bl (5.4)
Due to (2.12), (3.11) and the definitions of p; and py as in (3.15) we also find
Er ~ 1 ~ ~ ~
— < YHka_YkHz'f‘?HVk_ZkHz = | — Pill3- (5.5)
Hence, from (5.3) — (5.5),
k
Y A; <cdg, (5.6)
j=0
where
) Y ~nn 1 ) 2€; _

The two inequalities in (5.1) follow by choosing i € {0,...,k} such that A; < A; for all j =
0,...,k and using (5.6) and the definition of A; as in (5.7). To finish the proof of the theo-
rem, note that the inclusions in (5.1) follow directly from (3.9) (combined with the fact that
((9gkg)*1 = dg,g*) and Lemma 3.2(b). O

For the sequences generated by Algorithm 1 and (z}) as in (3.16), define the ergodic means

1 ~
(5.8)
1 1 ¢
Zk = k—'—lZZ17 Vk: —k—{—ljgvj
Define also, for all £k > 0,
k
of = Z (@} | L(x{ = x;)),
]:0
(5.9)

k
g = Z +jlvi— VZ)} .
1=
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Lemma 5.3. Consider the sequences evolved by Algorithm 1, let (xf!), (%), (z¢) and (v{) be
as in (5.8) and let (8) and (&) be as in (5.9). Let also (py), (px) and (pi) be as in (3.15). For
all k > 0,

(@) 6f.&f >0 and —Lxj € dsa (f* 0 —L*)(zf"), i € deag™ (v)-

1 L
(b) &+ ¢ = H—IZIEZO &+ (Bj = Pj| B{ — Pj)y], where
1 k
~a .__ ~ a a
Pii= H—lj;)p, = (v, Lx5). (5.10)

Proof. (a) The desired result follows from [30, Theorem 2.3] and the inclusions in (3.9) and in
Lemma 3.2(b).

(b) In view of Lemma 3.2(c), for j =0,...,k, we have p; — p; = (’y(ij _5;].)771/ (z’] —vj>>
and so by using the definition of (p;) and (5.10) we get

d - ~|~a < (1 ~ a 1 a
Y Bi—PilPi—pi)y=), )—,(?’(ij' —yi) V=) +Y(;,(Z} —vj) | Lx{ —ijﬁ
=0 =0

|
™~

1
o

[(Lxj =5 [V = vj) + (2 = vj | L0 —x5))]

I
=

[ [ = vie) + {Loej |Vie) + (2 | L — x7)) — (v ] L)

.
Il
(en]

|
™~

1
o

(3 1v =vie) + (G Lxk —x))) ] -

The desired result now follows by adding the two equations in (5.9) and using the latter identity.
OJ

Theorem 5.4 (Ergodic global convergence rates of Algorithm 1). Consider the sequences evolved
by Algorithm 1, ler (x{), (%), (z¢) and (v{) be as in (5.8) and let (87) and (&) be as in (5.9).
Let also dy denote the distance of py = (z0,y0) to the solution set . as in (2.10). Assume that
oy = o and that

Assumption B holds.
Then, for all k > 0, 6¢,&f >0 and
—Lx{ € dgo (f"o—L*) (g"),  ¥{ € deng™(vp),

- 1 D?d?
Y||LXZ—yZH$+;,HZ§?—VZ||2S 70 (5.11)

§i+el < % (% +D(1 +2\/§)¢E> dz,
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where C > 0 is as in (5.2) and

1t a 201+ @)
D'_T<1+\/1+m>' (5.12)

Proof. Note first that the inclusions in (5.11) follow from Lemma 5.3(a). Now let p* = (z*,w*) €
< be such that dy = ||po — p*||y. Using Lemma 3.2[(a) and (e)] and the assumption oy = o we
find ©(px — Pr) = Pk — Prr1 + A(pr — pr—1), for all k > 0, and so (recall that pg = p_1)

Z

= ||po — pr+1+ (P — Po)lly < ||po — Prs1lly + &l px — polly-  (5.13)

Y
In view of Lemma 5.1 (with p = p*), the definitions of dy and D > 0, and the triangle inequality,

| —polly < lpe — P¥lly+ lP" — polly

2a(1+a)
S <l+\/l+m>do

Dd
_ PNy o, (5.14)
1+«
which combined with (5.12) and (5.13) yields
k
Y (pi—pj)|| < Ddy. (5.15)

Recall that from Lemma 3.2(c) we have
~ A o~ 1
Pxk— D= (Y(ka — Vi) 7 (z— Vk)) ,

and so from the definitions of ergodic means as in (5.8), we find

1 & 1
o X i) = (e - ).
k—f—lj:() Y
Hence, in view of (2.12) and (5.15),
1 k D2d2
a ~ua|? la al2 0
YHka_kay"f—,)_/”Zk —villy = k+l Z Sz

Y
which gives the first inequality in (5.11).

Now let’s prove the second inequality in (5.11). To this end, let p = (z,w) € %2 and first note
that from Lemma 3.4(b),

lp— Bl =l — Bell> = 2 [&x + (5 — Bl P — Pr)y) - (5.16)

By Lemma 3.2(a) and the identity ||(1 — 7)a + TbH%, =(1- ’L’)||a|]72,—|— ’L'||b||72,— (1-1)7]a —b|\72,
witha=p—pyand b= p— py,

lp— pirilly = (1 =2)llp = pilly +Tllp — Belly — (1 = ©)2l| e — Pill3-
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Now multiplying (5.16) by 7 > 0 and using the latter identity we get
lp = Pelly = P — Pt lly = 27 [&+ (e — Pi| p— Pie)y) + (1= 7) | B — Pelly
> 2t &+ Pk — P | p— Pi)y) - (5.17)
Note that from Lemma 3.5 the assumption ¢ = @ we obtain

Ip—Prlly = (1+a)llp— pelly — allp = preetll3+ (1 + @)l pe — pe-1ll3- (5.18)

Making the substitution of (5.18) into (5.17) and after some simple algebra, we find (now re-
placing the index kK > 0 by j > 0),

2 2 2 o ~ ~
lp=pilly—llp—pivily+a(l+a)lpj—pjily > 27 [e;+(p; = Dilp—P))y]

2 2
—a|lp=pill=llp=pi-1lf)

Summing up the latter inequality from j = 0,...,k and with p = p} — see (5.10) —, and using
Lemma 5.3(b),

k

~ 2 i 2 2
1% = polly = 15k — Pl + (L +a) Y llpj = pi-illy
Jj=0

k
> 2t Y [e+ (3= Py | B — Pidy] — @ |15 — pall 15 = poll3
j=0
= 2e(k+1)(8¢ + &) — oI5 — pell3 — 15 — poll3)
which combined with (4.18) (with p = p*) and the definition of dj yields
200(14 a)d} ~ 2 || 2
2o+ 1)(8 +60) — T2 O < |5 = polly— 17— picll})
C (T a)g(a LR PR R PR
+a| 17 = pell3 = 1157 = poll3]
Now using the inequality HaH%, — HbH%, < 2|\al|y||a — b]|y (in both terms in the right-hand side of
the latter inequality) and (5.14) we find
20(1 + @) dj

(1-a)q(a)
<2||px — pollyll Pr+1 — polly +2a||p — prllyll Pk — polly

2TDd()
<
T 14+

2t(k+1)(0f + &) —

(113 = polly+ ol — pilly)

< 2tDdo max{||p — polly, | Pk — pkll}- (5.19)
Now define, for all £k > 0,

k
pi=——=Y pj (5.20)
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Using (3.11), (3.15), Lemma 3.3(a), (5.10), (5.20) as well as the convexity of |- H%, we find

~ val2
i —pilly < — k+1 Z 15— Billy

LS etz Ly -z
IR TN T
k1= ly j yITE

1 f[yuu i+ vy ~51P]
Rl sz
k41 ) J J y J J

_ Cdg

~k+1

< Cdg, (5.21)
where we used Lemma 5.1 (with p = p*) and the definition of C > 0 as in (5.2). Similarly, using
(5.20), the triangle inequality and the well-known inequality

la-+ b1 <2 llall3+118113)

we get, forall £ > 1,
2

k
Z pé_pj

||pf_ﬁk"§/:

Y

A
+\

: 2
Z lpe—Billy

A
+\

k
Z (lpe = Pyt 1B+ 11 = 3113)

2 , 2 & )
=— —pj e =Byl 5.22
k+1]§) Ipe p;+1||y+k+1j_zo lpje1 = 5jl5 (5.22)

Using (again) Lemma 5.1 (with p = p*) as well as the definition of C > 0 as in (5.2), we find,
forall £, >0,

Ipe=pinil3 <2(Ipe—p B+ Ipjs —p73) <2e(1-0)(1-0)°Cd. (5.23)

Recall also that from Lemma 3.2(b) we have p;1 —p;j = (1 —17)(p; — p;) (0 < j < k) and so
from Lemma 3.3(a), for all j > 0,

1Pjr1 = Billy= A =DIPj = Pilly <200 =D)l[pj = Pilly:
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which then yields (by Lemma 5.1 (with p = p*) and the definition of C > 0)

k k

Y llpjc1—Bill;=401—1)* Y 1p;— pjlly < 4(1 —1)*Cdj. (5.24)
Jj=0 j=0

Putting it all together, from (5.22) — (5.24) we obtain, for all £ > 0,

a 8
lpe— PRIy < 4t(1—1)(1 - 0)*Cdg + k+—1(1 —1)°Cd;

=4(1-71) (r(l —02)+k%(1 —f)) Cdj

< 12Cd3. (5.25)
Using now the triangle inequality, (5.21) and (5.25) we find, for all £ > 0,
lpe= By < llpe = Bl y+ 15 — By < (1 +2v/3)VCoo. (5.26)
Finally, using (5.19) and (5.26) (with £ = 0 and ¢ = k),

2a(1 d?
U+ Dy o n 4 oyE)VER

20+ D&+ )~ T g0t

so that

o+ < % (% +D(1 +2\/§)\/5) ds.

6. NUMERICAL EXPERIMENTS

This section presents some numerical experiments on the LASSO problem, which is an in-
stance of the minimization problem (1.1). We compared Algorithm 1 from this paper with and
without inertial effects; they are called Inexact ADMM and Inexact inertial ADMM, respec-
tively. We implemented both algorithms in Matlab R2021a and, for both algorithms and all
problem classes, used the same stopping criterion, namely

diste. (0,0 f (x) + dg(xx)) <€, (6.1)

where dist..(0,S) := inf{||s||. | s € S} and € is a tolerance parameter set to 107°,
The inertial parameter o (as in step 1 of Algorithm 1) is updated according to the rule (4.13)
with 8 = 0.99 and ky = 1. More precisely, we choose o as

Gk
Y Mlzk— ze—1 12+ Ve — vt |12
where 0 < o < 1. The source codes are available under request (marina.geremia@ifsc.edu.br).

ak:min{a }, Vk > 1,

The LASSO problem. We perform numerical experiments on the LASSO problem (as already
discussed in (3.4)), namely

(1
min {—|yAx—b||2+v\|x||1}, (6.2)
xeR4 2
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where A € R4 p c R" and v > 0. For the data matrix A and the vector b, we used five
categories of non-artificial datasets
(available at the UCI Machine Learning Repository, https://archive.ics.uci.edu):

BlogFeedback: This category consists of one standard microarray datasets that contain
features extracted from a blog post from [15]. This problem is called blogFeedback
(with n = 60021 and d = 280).

Breast Cancer Wisconsin (Prognostic): This category consists of one prognostic Wis-
consin breast cancer database from [41], which has a dense matrix A. Each row repre-
sents follow-up data for one breast cancer case. This problem is called Wisconsin (with
n =198 and d = 33).

DrivFace: This category comprises a single standard microarray dataset containing im-
age sequences of individuals driving in real-world scenarios from [28]. This problem
is called DrivFace (with n = 606 and d = 6400) and has a dense matrix A.

Gene expression: This category consists of six standard cancer DNA microarray datasets
from [18], which have dense and wide matrices A, with the number of rows n € [42,102]
and the number of columns d € [2000,6033]. These problems are called brain (with
n =42 and d = 5597), colon (with n = 62 and d = 2000), leukemia (with n = 72 and
d =3571), lymphoma (with n = 62 and d = 4026), prostate (with n = 102 and d = 6033)
and srbct (with n = 63 and d = 2308).

Single-Pixel camera: This category consists of four compressed image sensing datasets
from [19], which have dense and wide matrices A, with n € {410,1638} and d €
{1024,4096}]. These problems are called Ball64_singlepixcam (with n = 1638 and
d = 4096), Logo64_singlepixcam (with n = 1638 and d = 4096), Mug32_singlepixcam
(with n =410 and d = 1024) and Mug128_singlepixcam (with n =410 and d = 1024).

We implemented both algorithms Inexact ADMM and Inexact inertial ADMM in Matlab
R2021a, combined with a CG procedure to approximately solve the subproblems (3.8); see
also the fourth remark following Definition 3.1. As usual (see, e.g., [3]), we solved the (easy)
subproblem (3.7) by using the standard-soft thresholding operator. We also set (¢, 0,7,Y) =
(0.33,0.99,0.999,1) and (0, 7,7) = (0.99,0.999,1) for Inexact inertial ADMM and Inexact
ADMM, respectively. Moreover, as in [13], we set the regularization parameter v as 0.1||A7 ||,
and scaled the vector b and the columns of matrix A to have £, unit norm.

Table 1 shows the number of outer iterations required by each algorithm on each problem in-
stance, the cumulative total number of inner iterations required by the CG algorithm for solving
(3.8) and runtimes in seconds demanded by each algorithm to achieve the prescribed tolerance
as in (6.1). From Table 1, we see that Inexact inertial ADMM outperforms Inexact ADMM
on average by about 30%, 25% and 25% on “Outer iterations”, “Total inner iterations” and
“Runtimes”, respectively.

APPENDIX A. AUXILIARY RESULTS

The following lemma was essentially proved by Alvarez and Attouch in [2, Theorem 2.1]
(see also [4, Lemma A .4]).
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TABLE 1. Comparison of performance in the LASSO problem

Inexact ADMM Inexact inertial ADMM

. OuFer Total i_nner Time | OuFer Total i_nner Time . . -

iterations 1t§rat10ns (timel) iterations 1t§rat10ns (time2) ZZ;;: I e %;]

(outerl) (innerl) (outer2) (inner2)
Brain 2923 14007 397 2120 11112 3.11 |0.7253 | 0.7933 | 0.7834
Colon 505 2818 0.39 347 1866 0.27 | 0.6871 | 0.6622 | 0.6923
Leukemia 764 3695 0.83 544 2861 0.62 | 0.7121 | 0.7743 | 0.7469
Lymphoma 1101 6091 1.45 862 5119 1.13 | 0.7829 | 0.8404 | 0.7793
Prostate 2006 8328 4.13 1414 6561 346 |0.7049 | 0.7878 | 0.8378
Srbct 511 3554 0.55 346 2293 0.38 | 0.6771 | 0.6452 | 0.6909
Ball64 313 490 8.77 216 325 5.93 | 0.6901 | 0.6633 | 0.6762
Logo64 316 495 8.47 221 359 5.98 | 0.6994 | 0.7253 | 0.7061
Mug32 134 282 0.09 88 197 0.06 | 0.6567 | 0.6986 | 0.6667
Mugl128 955 1163 248.04 822 986 212.21 | 0.8607 | 0.8478 | 0.8555
DrivFace 2682 18727 165.47 1803 13284 115.36 | 0.6723 | 0.7094 | 0.6972
Wisconsin 285 605 0.07 182 456 0.05 | 0.6386 | 0.7537 | 0.7143
blogFeedback 386 1108 46.79 317 938 38.84 | 0.8212 | 0.8466 | 0.8301
Geometric mean | 662.68 2187.47 321 473.79 1633.23 2.38 | 0.7149 | 0.7466 | 0.7414

Lemma A.l. Let the sequences (hy), (sx), (ax) and (&) in [0,00) and a € R be such that
h():]’l_l,OSOCkSOt<1al’ld

Piyr —he+si < o (g —he—1) +6 Yk >0. (A.1)
The following hold:
(a) Forallk > 1,
k 1 k—1
hk+zlsj§ho+m2‘65j. (A.2)
j= Jj=

(b) If Y5 Ok < oo, then limy_. hy exists, i.e., the sequence (hy) converges to some element
in [0,00).

Lemma A.2 (Opial [33]). Let 5 be a finite dimensional inner product space, let 0 # . C F
and let {p} be a sequence in F such that every cluster point of {py} belongs to . and
limy o || px — p|| exists for every p € .. Then {py} converges to a point in ..
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