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A GENERIC ONLINE ACCELERATION SCHEME FOR
OPTIMIZATION ALGORITHMS VIA RELAXATION AND INERTIA

F. IUTZELER AND J. M. HENDRICKX *

Abstract. We propose generic acceleration schemes for a wide class of optimization and iterative
schemes based on relaxation and inertia. In particular, we introduce methods that automatically
tunes the acceleration coefficients online, and establish their convergence. This is made possible by
considering the class of fixed-points iterations over averaged operators which encompass gradient
methods, ADMM, primal dual algorithms, an so on.
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1. Introduction. A large class of optimization algorithms can be cast as fixed-
point iterations in the sense that they consist in applying the same operation suc-
cessively in order to converge to a fixed point of this operation. For the gradient
algorithm on a differentiable function f, the operation consists in applying the iden-
tity minus the gradient of f, and the fixed point reached nulls the gradient of f.
The convergence of such fixed-points iterations can be proven by finding a suitable
contraction property, for which the monotone operators provide an attractive frame-
work. They also provide an elegant framework to derive splitting algorithms such
as the Alternating Direction Method of Multipliers (ADMM) [23], or, more recently,
primal-dual algorithms [10], and randomized or distributed optimization algorithms
[17, 38, 33, 18, 7].

In order to accelerate the convergence of fixed point algorithms and in particular
optimization methods, there exists a variety of modifications based on the construction
of the next iterate by combining the output of the operation with former outputs or
iterates. We focus here on the two main modification schemes: relazation and inertia.

m Relazation combines the output of the operation with the former iterate as

Th1 =0T (k) + (1 —n)zg

where 7 is some positive parameter. This modification notably appears in Richard-
son’s method for solving linear systems [31], and in Krasnoselskii-Mann monotone
operators convergence theorem. For the gradient algorithm, relaxation amounts to
modifying the step-size. For ADMM, the benefits of relaxation are often reduced
to the phrase “experiments [...] suggest that over-relaxation with 7 € [1.5,1.8] can
improve convergence.” (see [11] and [8, Chap. 3.4.3]) except in specific cases [13].

m Inertia on the other side is performed by combining the output of the operation
with the former output. An inertial iteration for operator T writes

{ Trr1 = T (k)

< T =T (xx +v(xp — 2p_
Yet1 = 2k + v(Tk — Tp—1) k+1 (zr +v(zp — T8—1))

where 7 is some positive parameter. This modification was made immensely pop-
ular by Nesterov’s accelerated gradient algorithm [27]. More recently extensions of
this method to proximal gradient (FISTA [6]) and ADMM (Fast ADMM [15]) were
proposed and quite popular themselves.
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Belgian government and the Concerted Research Action (ARC) of the French Community of Belgium.
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However, despite the popularity of these methods, proving the convergence of the

iterates sequence (xy) is still an issue in many situations (see e.g. [9, 3] for the case of
FISTA) and additional restart mechanisms may have to be implemented to improve
the convergence properties [29]. Finally, the key problem when using these methods
is tuning efficiently their parameters. Indeed, “good”, if not optimal, parameters
depend on a variety of elements including the algorithm itself (an optimal parameter
for the gradient may make the ADMM divergent for instance) or function parameters
in the case of optimization (often through the strong convexity constant which may
be hard to estimate [22] or maladjusted to local analysis [35]).
Contributions. In this paper, our aim is to propose online acceleration methods for
a general class of fixed point algorithms that encompasses the aforementioned opti-
mization methods. The idea of generic acceleration using inertia was investigated in
the sub-linear case in [21] by sequentially solving well-chosen strongly convex approx-
imations of the original problem or in [22, 14] which are based on line-search.

Our approach is to based on the monotone operators framework and more pre-
cisely on the averaging contraction property, verified by a large class of algorithms
such as (proximal) gradient algorithms and, very interestingly, ADMM and recent
primal-dual algorithms for which only seldom results exists concerning the choice of
relaxation or inertial parameters. More precisely, we begin by considering the partic-
ular case of affine operators (T(z) = Rx + d where R is a matrix and d a vector) and
study how theses modifications translate for the spectrum of the linear part and thus
for the convergence rate. This spectral characterization makes possible the derivation
of optimal parameters (in the linear case) and gives us useful guidelines for the general
case. Our online acceleration methods are based on approximating the base algorithm
by an affine operator at each iteration and choosing the acceleration parameter as the
optimal one for the linear approximation. Finally, we illustrate the performance of
our online acceleration methods for the proximal gradient algorithm, ADMM', and a
primal-dual algorithm on popular lasso and logistic regression problems.

The paper is organized as follows. In Section 2, we introduce the averaged oper-
ators framework and related useful lemmas. In Section 3, we formulate Relaxation,
Inertia, and Alternated Inertia as modifications on the fixed-point iterations on av-
eraged operators; we provide a coherent set of results concerning convergence (in the
general case) and linear rate in the case of affine operators. In Section 4, based on
the previous analysis, we derive and prove the convergence of our online acceleration
methods. These algorithms are based on the general operator framework and thus fit
a large variety of optimization algorithms. Finally, Section 5 is devoted to numerical
illustrations.

2. Fixed-point Algorithms.

2.1. Averaged Operators. Let T be a mapping” on RY. T is said monotone
if Vo,y € RN, (x —y; T(z) — T(y)) > 0. For v €]0, 1[, T is said a-averaged iff

11—«

vo,y €RY, |[T() = T(y)II* + 1= T)(@) = (1 =T)W)I* < |z -yl

and T is said to be Firmly Non-Expansive (FNE) if it is 1/2-averaged. The set of the
fixed points of T will be denoted by fixT = {Z : Z = TZ}.

(0%

For ADMM, this led us to develop a new Inertial ADMM, different from Fast ADMM [15], build
on the monotone operator formulation (see [11] and references therein).

2For the sake of clarity, we only discuss single-valued mappings in finite dimensional spaces;
further results on monotone operators theory can be found in [5].
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For instance, if f is a convex function, then its subgradient 0f is monotonous.
J = (I +98f)~! is FNE. Furthermore, if its gradient Vf is L-Lipschitz continuous,
G=1I-(1/L)Vf is also FNE. Both the fixed points of J and G coincide with the
points where 0 belong to df i.e. the minimizers of f. Similar derivations can be
performed for a large class of algorithms such as the proximal gradient, the ADMM,
etc.

LEMMA 1 (Krasnoselskii-Mann algorithm). [5, Prop. 5.15] Let o €]0,1[. Let T
be an a-averaged operator such that fixT # (). Then, the sequence (xi)r>0 generated
by 2° € RY and the iterations

Tpr1 = T(zk)
converges to a point in fixT.

REMARK 1. The iterations produced by averaged operators give Fejér monotonous
iterates sequences (x)p>o: for any fized point T and iteration k,

|lzps1 — 2| < ||l — 2|5

we will investigate this attractive property for the modifications considered.

2.2. Linear Convergence of Affine Operators. We now give a precise char-
acterization of the spectral signification of the averaging property for an affine oper-
ator. This will be useful to investigate the relaxation and inertia and will lead to our
online algorithms for the general class of averaged operators.

Results of the literature include analyses of matrices with subdominant eigen-
values and applications to alternating projections and Douglas-Rachford splitting [4]
or spectral analysis in the case of the FISTA algorithm [35]. The novelties in our
characterization include i) a proof that the algebraic and geometric multiplicities of
eigenvalue 1 coincide, which allows the definition of a proper projection onto the fixed
points space (see Apx. A); ii) the characterization of the practical linear convergence
rate based on the greatest eigenvalue in magnitude, 1 excluded (Theo. 2); and iii) the
derivation of the position of the eigenvalues under the averaging property (Lemma 3).
For the sake of clarity, all the proof details are reported in Apx. A.

T is an affine operator denoted by T = R - +d if it can be written

T(z) =Rx+d

where R is an N x N real matrix and d is a size-N real vector.

Let us define the eigenspace of R linked to eigenvalue 1: N £ {:E €RY :Rx = x} .
Importantly, as shown in Apx. A, the averaging property implies that one can define
a projection ILy onto N and thus the complementary projection I .

THEOREM 2. Let « €]0,1[. Let T = R-+d be an a-averaged operator and suppose
that ixT # (. Then, the sequence (xy)r>0 generated by 2° € RN and

Th+1 = T(:vk)
converges linearly to a point in fixT at a rate
v = max{|\;| : \i # 1 is an eigenvalue of R} < 1

in the sense that 3z € fixT, lim sup,, w <logwv.
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(a) 1/2-averaged (b) 2/3-averaged (c) 1.5 relaxation

Fig. 1: Eigenvalues disks of some a-averaged linear operators

The proof is reported in Apx. A. In the sequel, we will call any eigenvalue A
such that |A| = v a dominant eigenvalue and we will approximate it online as vy, =
lzkr1 — ill/ |z — zp—1]l-

REMARK 2. This definition of the convergence rate differs from [/]] (notably Ex-
ample 2.11) as taking the log enables to retrieve directly the principal eigenvalue and
not some v + ¢ or k"v; this choice was made in order to match practical rates and
justifies our next analysis.

LEMMA 3. Let a €]0,1[ and T £ R- +d be an a-averaged affine operator. Then,
every eigenvalue \; of R satisfies |N; — (1 — )] < «. Furthermore, |\;| < 1 with
equality iff \; =1, sov < 1.

This lemma shows, if T is a-averaged, the eigenvalues of R are contained in a disk
of center 1 — o and radius « as illustrated by Fig. 1-a,b.

ExaMPLE 1 (Gradient algorithm on a Quadratic Function). For a differentiable
convez function f with an L-Lipschitz gradient V f, the standard gradient algorithm
writes

1) thor =2~ 7V ()

and the related operator is T =1 — %Vf.

For this illustration, we take quadratic f(x) = L||Az — b||?; thus, f is L-smooth
with L = Amax (AT A) and p-strongly convex with p = Amin (AT A). The iterations are
affine and the spectrum of the linear part of T is comprised in the interval [0,1 — p/L]

so we obtain the well-known rate v=1— pu/L.

3. Relaxation and Inertia. In this section, we describe Relazation, Inertia,
and Alternated Inertia as modifications on the classical fixed-point iterations pre-
sented above. Notably, we give convergence results for the iterates, and exhibit the
differences in monotonicity between inertia and relaxation. In addition, we derive
optimal parameters and rates in the case of affine operators with real eigenvalues.

3.1. Relaxation.
3.1.1. Convergence. For a positive sequence (1), the relazed iterations follow
(2) Thr = e T(@x) + (L= me)or = T(xk) + (qr — 1)(T(2x) — ).
4



As mentioned in the introduction, this modification is present since Richardson’s
iterations and Krasnosel’skii-Mann algorithm, and over-relaxation (n > 1) is still
investigated to improve convergence speed. The following result directly comes from
Krasnoselskii-Mann theorem.

LEMMA 4. Let a €]0,1[ and let the sequence (nx) verify 0 <n < n <7 < 1/a
for allk > 0. Let T be an a-averaged operator such that ixT # (). Then, the sequence
(zk)k>0 generated by x° € RN and the iterations

Trp1 =k T (k) + (1 — ),

converges to a point in fixT.

The proof is based on the fact that if @ €]0,1[ and n €]0,1/a], then T, is na-
averaged [5, Prop. 4.28]. The convergence thus directly follows from Lemma 1 and
the produced iterates are monotonous in the light of Remark 1.

3.1.2. Optimal parameters for real eigenvalues. Let T = R - +d be an a-
averaged linear operator. Suppose that R has real eigenvalues \; € [1 — 2a, A\] U {1}.
The eigenvalues of R, = nR + (1 —n)I have the form p; = n\; + (1 —n) . The effect
of over-relaxation (for n > 1) is thus the combination of an inflation and a translation
as seen in Figure 1-c.

i) When 7 > 0 is small enough, the dominant eigenvalue of R,, is nA + (1 —n) > 0; so
that the convergence rate v will decrease when 7 increases.

ii) When 7 < 1/a is big enough, the dominant eigenvalue of R, will be n(1 — 2a) +
(1 =7n) =1-2an < 0; so that the convergence rate v will increase when 7 increases.
Finally, The optimal parameter 1*, which minimizes the rate, corresponds to the case
where the dominant eigenvalues in the two cases are the opposite one of each other:

2 20— 1+ A
* = mand Optlmal rate V* = 2(34_%

n
In the field of iterative methods for solving linear systems, relaxation has received
a lot of attention and the optimal relaxation boils down to Richardson/Chebyshev
iterations (see [32, Example 4.1] and Fig. 2a for an illustration).
APPLICATION IN THE SETUP OF EX. 1: The relazed iterations write

Thi1 = T — nk—glvf(wk)

and thus relaxation simply consists in adjusting the step size for the gradient algorithm
and we have the following optimal relaxzation parameter

1—pu/L
and rate v* = 7#/
14+ u/L

*

TEIr w/L
leading to an optimal stepsize of 2/(pu + L) which matches the asymptotic optimal
stepsize (see e.g. [36, Sec. 4.1.2]).

3.2. Inertia.

3.2.1. Convergence. Stemming from popular inertial methods [30, 27, 28], ac-
celeration techniques based on the use of the memory of the previous outputs are very
popular both from a theoretical and a practical point of view (see [37] and references
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therein for an overview of these methods). Formally, with T an operator, the core of
these methods consist in performing the following iterations.

(3) { Trr1 = T(yx)

& o =T (xp + T — The
Ykl = Thy1 + Ve(Trgr — k) hl (@ + (2 k1))

A careful choice of the sequence (vx)r>o0 is known to accelerate the theoretical
functional convergence rate from O(1/k) to O(1/k?) for a large class of algorithms
(see [37, 9, 20] for details) and is very popular in practice.

However, contrary to the relaxation, this modification of the algorithm deeply
changes the algorithm behavior as the error between the iterates and some fixed
point is not monotonously decreasing anymore which can cause stability or domain
problems for the iterates. The next lemma provides a general set of conditions for
iterates convergence encompassing several results of the literature [2, 1, 25, 24, 21].

LEMMA 5. Let « €]0,1[. Let T be an a-averaged operator such that fixT # ().
Assume one the following:
i) 3,0 <y <7 <1 and 3207 ellog — -1 ]| < oo
i) 35 <1, (vk)k>0 s non-decreasing sequence in [0,7%) such that Vk > 1

(67

=1 — (1 =) — Ye(1+ k) > m > 0.

1-«a
iti) as a particular case of ii), when v, =~ for allVk > 1, (1—7)% > t2~(1+7).
Then, the sequence (zx)k>0 generated by x_1 = xg € RY and the iterations
Trr1 = T(xr +ye(or — 21-1))
converges to a point in fixT.

3.2.2. Optimal parameters for real eigenvalues. Let us define T7, the op-
erator generating (Tg4+1,2x) from (xg,xp_1) where xp11 = T(zk + y(zk — TR—1)).
When T = R - +d, we have

T'v([ 2 D: [ (1+7)Rz1—7322+d}: [ (1+7)R —7R][z1 %[g]

z9 Z1 1 0 z9

RY

As for relaxation, the eigenvalues of R” can be derived from those of from R. However,
one eigenvalue \; of R leads to two eigenvalues for R7; they are the roots of

pi(p) = 1 = (1 +7)Xipt + Y-

The main results are:
i) for negatives eigenvalues \; < 0, the magnitude of p; is

(1+)|A] + /(1T +7)222 + 49|\
2

thus inertia has a negative effect on the negative side of the spectrum. For the
sake of clarity, we will focus on the non-negative eigenvalue case in the following,
corresponding to « € (0,1/2] for the averaging property.

ii) for non-negative eigenvalues X; € [0, \] U {1}, optimal parameter and rate are

= L+

T2
7*=¥andl/*=1—v1—)\.
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Notably, we have v* > \/2 which means the rate with inertia cannot be better than
half the original rate.
APPLICATION IN THE SETUP OF EX. 1: The inertial iteration of T writes

{ Yr =Tk + V(T — Tp—1)
Ti41 =Yk — %Vf(yk)

we have the following optimal inertia parameter

v = 117\/_ % and rate v =1 —+/p/L.

Once again, the obtained parameter and rate matches practical and theoretical optimal
situations as summarized in [29].

3.3. Alternated Inertia.

3.3.1. Convergence. In order to improve the convergence properties of the
iterates of Eq. (3), it was suggested in [26] to apply inertia every other iteration. This
variant is a lot less popular than vanilla inertia. However, its rather good convergence
properties and performances, along with its remarkable closeness with relaxation make
it worthy of careful attention. The iterations of alternated inertia are:

() { 1 = T(zk) if k is even

1 = T(zk + e(xr — 2—1)) if k is odd
Interestingly, using inertia every other iteration can make the error monotonously
decreasing again which will reveal to be interesting numerically.
LEMMA 6. Let o €]0,1[. Let T be an a-averaged operator such that fixT # ().
Assume that the sequence (yx) verifies 0 < v < =2 for all k > 0. Then, the

«@
sequence (zy)x>0 generated by xo € RY and the iterations

1 = T(zk) if k is even
Trp1 = T(@k + e(zp —2k—1))  if k is odd
converges to a point in fixT.
The proof, which generalizes [26] to a-averaged operators, can be found in Apx. B.

3.3.2. Optimal parameters for real eigenvalues. Let us define T7 the op-
erator generating xy4o from xy, for k even. When T = R - +d, one has

T2 = T (T(zk) +¥(T(x) —2x) = [(L+7)R* —yR] 2x + (1 + y)Rd + d

R

so that the eigenvalues of R~ are p; = (1 4+7)A? —y\; with \; an eigenvalue of R.
The main results are:
i) for negatives eigenvalues \; < 0, the magnitude of p; is

(L4 N]* + A

thus alternated inertia has a negative effect on negative eigenvalues.
ii) for non-negative eigenvalues \; € [0, A] U {1}, the largest p; in magnitude is linked
to the original dominant eigenvalue A and intermediate eigenvalues. Taking the worst
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case scenario over the unknown (and hard to estimate) intermediate eigenvalues, the
optimal parameter and rate are

. 2007+ (V21
L VG y

(v*)?

and v’ = ———2—.
4(1+%)

APPLICATION IN THE SETUP OF EX. 1: The alternated inertial iteration of T writes

Tpp1 =k — £V (k)

Y =Tk +Ye(Tk — Th—1)
<~
{ Thio = Tpp1 — TEE2V f(2gp1)

Ti41 = Yk — %Vf(yk)
Ttz = Tppr — TV (@hr1)

This formulation properly illustrates the equivalence between alternated inertia and
alternated relaxation. We have the following optimal inertia parameter

o 2/L = G+ VL4 1+ VE ()
T /DL ] T+

and rate v* =

3.3.3. Comparison of the optimal rates. In general, comparison between
relaxation and inertia on linear iterations depends on the interval [Amin, Amax] in which
the eigenvalues of the original matrix R live. Fig. 2a provides a graphical illustration
of the effect of relaxation on the linear rate. Fig. 2b displays a 3D plot of the optimal
rate obtained by numerical simulations (the lower the better) when Apin and Apax
vary between 0 and 1 along with the modification scheme attaining it.

One can notice that the optimal speed with inertia (alternated or classical) is
always faster than with relaxation when A, = 0. For instance, it is the case for the
gradient algorithm setup of Ex. 1; the equality case being when p/L = 1. Between
alternated and classical inertia, the alternated version is faster for well enough condi-
tioned problems, more precisely when 1 > u/L > 4/(9 + 4v/2) ~ 0.273; surprisingly
making alternated inertia more performing than both inertia and relaxation for some
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problems. Also, the optimal parameter for inertia v* is greater than theoretical limit
1/3 as soon as /L < 1/4. Similarly, for alternated inertia, optimal v* is greater than
1 when p/L < (3 —/2)/4 ~ 0.396.

Unfortunately, while L can often be known or upper bounded, u is in general
unknown so that the optimal parameters cannot be computed hence the need for
automatically tuned schemes as developed further in this paper.

4. Online Acceleration of Linear Rates using Relaxation and Inertia.
In this Section, we provide practical acceleration algorithms for fixed point iterations
of general averaged operators using relaxation and inertia.

These methods, that automatically tune relaxation/inertia parameters, are based
on affine approximation with real eigenvalues, as investigated in the previous section.
This may appear limiting at first but i) in practice, linear approximation of averaged
operators often have dominant eigenvalues close to the real line (real eigenvalues are
linked to the cyclic monotonicity property which appears when considering (sub)-
gradients, see [34] and [5, Theo. 22.14]; ii) similar reasoning have been used in recent
proofs of inertial algorithms [12]; iii) we prove the iterates convergence in the general
averaged operator case (not just affine let alone with real eigenvalues) and iv) our
method works very well in practice as demonstrated in Section 5.

For all three modifications, we will iterate in the same steps:

From some acceleration parameter 9,

i) Apply the accelerated operator Ts on the current iterates and estimate its current
rate by computing vy = || Ts(zr—1) — Ts(xr—2)||/l|Tk—1 — 2x—2|| as in Sec. 2.2;

ii) From § and vy, construct an approximation of the virtual dominant eigenvalue A of
original operator T using the results of the previous section (virtual as T is a general
non-linear averaged operator, A is thus linked to an affine approximation of T);

iii) From A, update 0 as the optimal acceleration parameters previously derived.

4.1. ORM: Online Relaxation Method. Building on the derivations of
Sec. 3.1.2, we wish to estimate n* without having access to the spectrum of R.
i) To do so, we estimate the current convergence rate as®
vk = (-1 llze — zr—1 1)/ (e llzn—1 — za—2]])-
ii) Using this vy, the current relaxation 7y, and the expression for v*, we can compute
an estimate for virtual dominant eigenvalue A\: A\, = (vg + mr — 1) /.
iii) Using Ar and optimal n*, we take our next relaxation parameter as

2 - 277k
20+1— X 20mp+1—vp

Nk+1 =

This gives the intuition for our Online Relazation Method (ORM).

Online Relaxation Method (ORM) for a-averaged operator T :

Initialization: € €]0,2min(a;1 — )], 2°, 21 = T2% , n® =nt = 1.

3Note the extra factor ng_1/m, compared to Sec. 2.2. In the specific case of relaxation, this
modified definition enables to estimate the convergence of T,, by applying it only once. Monotone
operators theory ensures us that v € [0,1], and enables the convergence proof.
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At each iteration k > 1:

(2—¢&)mk +i
2amp + 1 — De—llze—all © 4q

MellTr—1—2k 2]l

Ne+1 =

Tht1 = M1 T2k + (1 — Mhg1) T

The following result provides convergence guarantees for this method in the gen-
eral framework of averaged operators.

THEOREM 7. Let a €]0,1[. Let T be an a-averaged operator such that ixT # ().
Then, the sequence (xk)p>o0 generated by the Online Relazation Method converges to
a point in fixT.

Proof. In order to use Lemma 4 to prove the convergence, let us prove by induction
that for all K > 1, g € [40“ =~ — =]. It is obviously true for n' = 1. Let us assume
that 71, € (55, 5 — 13)-

First, as T is a-averaged, it writes T = aR+ (1 — a)l with R a non-expansive operator

and | the identity. T,, then writes T,, = angR+ (1 — ang)l, thus

o — @p—1ll = one|[R(@p-1) — zp—1
= ang|[R(wg-1) — R(zx—2) + (1 — anr—1)(R(zx—2) — z1—2)||
< amp|ler—1 — zp—2|| + anp (1 — angp—1)||R(zk—2) — Tp—2|

_ 1 —ame— Mk
= angl|re—1 — Tp—2|| + anp———I|Tk—1 — TR—2|| = nk—HCCk—l —zp—2||
- -1
Thus, we have vy < 1 which makes nx+1 > . Now,
<(2—5)77k e 1 a+571 €
Mett = 2amy 4da  a 2a 4da a 4da
thus we have that ny41 € [=, 1 — =]. This means the generated sequence (nx)r>0

lies in [=, 1 — =] and thus verifies the conditions of Lemma 4 for convergence. 0

Interestingly, one can notice that when the basis algorithm converges sub-linearly,
the paramter chosen by ORM becomes close to 2/L. For the gradient algorithm,
this would amount to having a stepsize that becomes close to 2/L as the number of
iterations grow which is coherent with the optimality results in [36, Sec. 4.1.1]*.

4.2. OIM: Online Inertia Method. An online inertia method can be proposed
based on the same principles as ORM building on Sec. 3.2.2. In the same vein, we
approximate the operation T72* by an affine operator with non-negative eigenvalues.
i) We estimate the current convergence rate related to operator T72¢ (by applying
twice the same inertia twice) as

vop, =« 1Z2hd2—Tonir 2l Ton1 —@an]?
2k zorr1—zok P +Hlzor —wor 1]

ii) Using vay, current inertia o5, we estimate A\: Aap = ((v2r)?)/(Y2rv2r — Yok + Vai ).
iii) Using Agx and the formula for optimal v*, we take our next relaxation parameter
as Yop+2 = (1 — V1 = Agi)?/ Az

These steps are at the core of our Online Inertia Method (OIM). However, to the
difference of ORM but similarly to other inertia-based accelerations [15], a restart

4The optimal stepsize when doing K iterations goes to 2/L, staying strictly below, when K — co.
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mechanism has to be introduced to make sure the algorithm converges. Indeed, this
scheme, which is rather aggressive, often overpasses the theoretical limits of the con-
vergence results. Thus, in order to maintain convergence, the algorithm must either
i) sufficiently decrease the error ||z — yi||; or ii) set inertial parameter -y, to 0 so that
classical convergence results apply.

Online Inertia Method (OIM) for a-averaged operator T:

Initialization: x1, 22 = T(21), y2 =21 72 =0, € > 0.
For each k£ > 1:

Yok+1 = Tog + Yok (Tor — Tok—1)
Tokt1 = T(Y2k+1)

Yokt2 = Tokt1 + Yok (Tok41 — Tok)
Topre = T(Y2rt2)

lzokt2—yaktall. |Z2kt+1—y2mrt1l
lzok+1—yar+1ll’  llz2r—yarll

Cor = Max (

if cop <1—¢ [Acceleration)]

vop, = « ] 1Z2he2—@onia |2 HlIZak 41 —@an]?
2k Tk 1 =2k Twan—2r—1 2

— mi ('Uzk)2 -1 —
gk = min (Vzkvzk—’y2k+vzk l—e

Y2k+2 = Max (0; Mt 14%)2)

A2k
elseif o, >0 [Restart]
Yak+2 =0
(T2k+1, T2k+2, Y2kt2) = (T2k—1, T2k, Y2k )
elseif 9, =0 [No Acceleration]
Yokt2 =0

THEOREM 8. Let « €]0,1[. Let T be an a-averaged operator such that fixT # ().
Then, the sequence (yx)k>0 generated by the Online Inertia Method converges in the
sense that || T(yx) — yxl| — 0. Furthermore, if ixT is reduced to a single point x*,
T — x*.

Proof. The proof follows the same reasoning as [15, Theo. 3]. At each iteration,
one of the following situation happens:
i) the last iteration was beneficial: ¢ < 1—e so that ||z —yrl < (1—¢€)||xr—1—Yr—1]]
and [|zx—1 — yr—1l| < (1 = &)l|wp—2 — yr—2| ;
i) a restart is made so that the iterates xp and z_; by their previous values ||a; —
Ykl = llor—2 — yr—2|l and [[zx—1 — ye-1ll = lze—3 — yr-3ll;
ii3) there is no acceleration and non expansiveness gives ||zx — Y || < ||Th—1 —yr—-1] <
zr—2 — yr—2||-
To conclude the proof, one has to notice that for all &k > 0, ||z — yx| < ||[xr—1— yp—1]|
and ||zg — yrll < (1 —¢€)||ek—1 — yr—1]| if ¢) happens. Now, if there is a finite number
of beneficial iterations (when 4) happens), then after the last one, the algorithm goes
back to the unaccelerated iterations and convergence is ensured by Lemma 1. If
there is a infinite number of beneficial iterations, introducing variable ¢y as ¢, = 1 if
iteration k is beneficial and 0 elsewhere; we have

oo oo k

T(2%) — 2
Sl Tl — ol < T — 20 3 [0 -2y < =20 o
k=1 k=1/¢=1
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and thus || T(yx) — yx|| — 0. This means that the accumulation points of (yx) are in
fixT. In addition, if it is reduced to a single point, then (yx) converges to it and as
lzx — yk]| = 0, so does (z). O

When the convergence is sublinear, the restart condition based on a constant ¢
may be too harsh. Following the convergence proof, one can easily deduce that ¢
can be taken as a sequence (¢‘) provided that 1/e¢ = o(¢) where ¢ is the number
of accelerations. For instance, a typical setting is to keep track of the number of
accelerations ¢ and take e = g9/+v/. Note that in the sublinear case, the OIM makes
the acceleration parameter go to 1 as in Nesterov’s optimal method [27].

4.3. OAIM: Online Alternated Inertia Method. Using the same reasoning
as for OIM, we are able to obtain a similar algorithm.

Online Alternated Inertia Method (OAIM) for an a-averaged operator T:

Initialization: x3, x4 = T(23), y4 =23 74 =0, € > 0.
For each k£ > 1:

Yak+1 = Tak + Var(Tar — Tan—1) Yak+3 = Tagpt2 + Yak(Tahy2 — Tapt1)
Taprr = T(Yars1) Tapr3 = T(Yars3)
Yak+2 = T4k+1 Yak+4 = T4k+3
Tapre = T(Yort2) Tapra = T(Yarta)
can = max [ NBarta=Tanisll, [Tarto—Taniall
4k zakt2—Tart+1ll? Nlwak—zar—1ll
ifey, <1-—¢ [Acceleration]
_ lIzaktra—zanqoll
Y4k = oaiz—oarl
R ’Y4k+\/('¥4k)2+4')’4kv4k +dvag |
A4 = min ST 1—e¢
_20uk)®+(V2=1) g
Vakta = 22 (1=Aax)+3
elseif 4 >0 [Restart]
Yak+4 =0
(564k+3, 1’4k+4) = (1’4k717 1’4k)
elseif ~4, =0 [No Acceleration]
Yak+a =0

THEOREM 9. Let o €]0,1[. Let T be an a-averaged operator such that fixT #
(). Then, the sequence (xy)r>o generated by the Online Alternated Inertia Method
converges in the sense that || T(x?*) — 22¥|| — 0. Purthermore, if fixT is reduced to a
single point ©*, x, — x*.

Proof. The proof follow the same steps as the proof of Theo. 8. ad

5. Relaxation and Inertia of Optimization algorithms. We now particu-
larize the operator T to different values corresponding to popular algorithms of the
literature. We illustrate the interest of the modifications studied and, most impor-
tantly, we demonstrate the acceleration provided by our online methods over three
popular algorithms: the proximal gradient algorithm, the ADMM, and a Primal-Dual
algorithm by Condat [10].

For each of these algorithms, we will proceed in the same fashion:

1) We discuss how relaxation and inertia translate for these algorithms along with a
review on existing accelerated versions;
2) We provide numerical illustrations over the three following functions chosen for

12



their differences in terms of smoothness and strong convexity:
a) lasso:

min F,(r) = 1 | Az — b]|3 + A[|1
reR™ 2
e

where A has m = 100 examples and n = 300 observations taken from the
normal distribution with zero mean and unit variance, the columns of A are
then scaled to have unit norm. b is generated by i) drawing a sparse vector
p € R™ with 90 non-zeros entries taken from the normal distribution with zero
mean and unit variance; ii) then creating b as b = Ap + e where e is a small
white noise taken from the normal distribution with zero mean and standard
deviation ¢ = 0.001. X is chosen so that the optimal solution has sought
sparsity. Lipschitz constant of V f, is taken equal to true L = ||ATA||z.

b) ¢i-regularized logistic regression:

1 m
in F = — log (1 —yila, A
min Fy(x) m; og (1 + exp(—yi(ai, x))) + Allz[lx

gu(x)
fo(z)

where the couples class/feature vector (y;,a;) € {—1,1} x R" are taken from
the ionosphere binary classification dataset® which has m = 351 observations
and n = 34 features. Each feature was normalized to have zero mean and unit
variance, the resulting size-n observation vectors are denoted by (a;)i=1,...m
and the observed classes —1, +1 are denoted by (y;)i=1,..,m. Lipschitz constant
of Vf,, is upper bounded by L' = max; ||a;||3. A\ was taken equal to 0.1.

¢) lo-regularized logistic regression:

. IS A
min F,.(z) = - Zlog (14 exp(=yi{as, z))) + 5”55”3
i=1 < —
ge(x)

where the couples class/feature vector (y;,a;) € {—1,1} x R™ are taken from
the same dataset, and \ was taken equal to 0.01.
For these three functions we computed approximated optimal values by external
solvers. For the online algorithms, the convergence-ensuring ¢ is set to 10~4

5.1. Proximal Gradient Algorithm.

Proximal Gradient algorithm for min, f(z) + g(z), f L-smooth.
2}

5.1.1. Accelerations. It is straightforward to see that an iteration of the algo-
rithm writes as fixed point iteration zxy1 = Tpg(xx) and monotone operator theory

tells us that T,4 is 2/3-averaged [5, Chap. 27.3]. The application of both relaxation
and inertia on top of thus algorithm is thus easy.

L 1
ZTpy1 = argmin {g(w) + 3 Hw — i+ EVf(xk)

Shttps://archive.ics.uci.edu/ml/datasets/Ionosphere
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Fig. 3: Proximal Gradient

In fact, the proximal gradient algorithm possesses a very popular inertial version
with the popular FISTA method (proximal gradient + Nesterov’s acceleration) [6].

5.1.2. Numerical Illustrations. In Fig. 3, we plot the functional error and the
parameters for i) classical proximal gradient algorithm; ii) FISTA; iii) our three online
methods (we implemented OIM and OAIM as if o« was 1/2, in coherence with the
choice for FISTA). We observe that all proposed algorithms show good behaviors, the
less favorable case being b as neither functions exhibit strong convexity. Inertia-based
methods perform very well: OIM outperforms FISTA except in case b and OAIM
performs quite well. We notice significant behavioral differences between inertial
methods (OIM, FISTA) which show bounces in the error descent, contrary to OAIM
which is much more stable with almost no use of restart, and ORM which is provably
monotonous.

5.2. Alternating Direction Method of Multipliers. Consider the following
optimization problem:

() min f(z) 4+ g(Mzx)

zERN
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with f, g two convex lower semi-continuous functions and M a linear operator. The
Alternating Direction Method of Multipliers (ADMM) addresses this problem by per-

forming the following iterations with free parameter p > 0.
ADMM
2 }
2 }

5.2.1. Accelerations. From an operator point of view, the iterations of ADMM
can be seen as updates on the meta-variable z = Ay + pvp = Ag—1 + pMuy of
an 1/2-averaged operator Tggmm (see [11] and references therein for details). This
meta-variable is central as it affects the way relaxation and inertia translates for this
algorithm.

Relaxation While it is fairly evident to see that the relaxed version of the op-
eration writes xp+1 = NT admm (k) + (1 — n)xg, it is slightly more complex to derive
the effect of relaxation on the algorithm variables (ug, vg, Ax). Indeed, these variables
are computed by a representation of the meta-variable that is non-linear. Let us call
J, the operation giving vy from x, then

Ak
Up+1 = argmin {f(w) + g HMw — v + ?k

. Ar
Vg1 = argmln{g(w) + g HMUkH — w4+ ?k

Akt1 = Ak + p(Mug+1 — Vit1)

(6) vrt1 = Ju(@rt1) = v (MTadmm (z) + (1 — n)zk) # Do (Tadmm (z)) + (1 — n)Jo(zx).

This means that, in general® relaxation cannot be added directly on top of ADMM
in the sense performing the standard ADMM update then adding a step of the form
Vg1 < NMUgt1 + (1 = n)vp and A1 <= nApg1 + (1 — n) g

Following the operator vision, the canonical relaxation on the ADMM leads to the
following iterations (derivations can be found in [11]); with z, being the meta-variable
that is Féjer monotonous, and used in ORM for instance.

)

Relaxed ADMM
. P Ak
Uk41 = argmin < g(w) + 5 nMuk41 + (1 —n)v —w + ”

Uk4+1 = argmin {f(w) + g HMw — 2k + Ak
w p

)

It was noted in [11] that “experiments [...] suggest that over-relaxation with
n € [1.5,1.8] can improve convergence” without further details. One can also mention
[14] based on relaxation tuning by line search. Our ORM, with its particularly stable
behavior bridges nicely the literature in this respect.

Inertia As previously, inertial ADMM cannot be derived simply by adding inertia
on top of the above iterations. Following the operator vision, the canonical inertial

A1 = Ak + p(MMukt1 + (1 — n)vk — k1)

Tht1l = Ak+1 + PUk+1

6If either i) g is the indicator function of a linear space, or ii) when g is quadratic; then the
representation operation J, of Eq. (6) becomes linear and relaxation can be performed as an outer
modification.
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version of the ADMM leads to the following iterations; with zj and y;, being the meta-
variables as in Eq. (3). See Apx. C for the derivation. To the best of our knowledge,
this is an original algorithm.

2 }

Inertial ADMM
. A A — Ak—
Vp41 = argmin {g(w) + g HMukH —w+ Fk + <M(uk+1 —ug) + %)

Uk+1 = argmin {f(w) + 2 HMw — g + M
w 2 P

Tht1 = M + pMug41

2}
_ Ak — Ak—1
Aot1 = Ap + p(Mugg1 — vkg1) +vp | M (U1 — u) + Y

Ykt1 = Akt1 + PUk11

As for relaxation, if g is either i) the indicator function of a linear space, or ii)
quadratic; inertia can be performed as an outer modification. Note that ADMM
+ outer inertia with Nesterov-like parameter sequence corresponds to the algorithm
named Fast ADMM studied in [15]. However, this algorithm is not convergent in the
general case, unless a restart scheme is added. Interestingly, for the convergence proof
of Fast ADMM in the strongly convex case, g is assumed quadratic.

Alternated Inertia It simply consists in alternating an iteration of ADMM with
an iteration of Inertia ADMM. One can remark, that with this proper formulation
of relaxed and inertial ADMM, applying inertia or relaxation every other iteration
provably gives the same algorithm (use the fact that Ay — A\p—1 = (Muy, — vg)/p for
a standard ADMM iteration in the Inertial ADMM iteration). To the best of our
knowledge, this kind of algorithm has never been considered before.

5.2.2. Numerical illustrations. In Fig. 4, we compare i) the standard ADMM;
ii) our three proposed online methods; and iii) Fast ADMM with restart [15]. In all
cases, the ADMM parameter p was set to 1. For logistic regression functions f, and
fe, no explicit formulation of the update of the first variable is available so their have
to be computed by an external solver (SciPy’s general-purpose minimize function in
our case). We observe that, once again, the proposed online methods show remarkable
performance for their computational cost. OIM performs best; however, ORM and
OAIM, contrary to OIM and Fast ADMM show steady parameter sequences, this can
be seen as more monotonous behaviors. Finally, ORM offers a better alternative to
arbitrarily fixed relaxation.

5.3. a Primal Dual Algorithm. We investigate the primal-dual algorithm 3.1
from [10] with F = 0. For this algorithm, we will consider only” the lasso problem
F, as it can be implemented so that, contrary to the ADMM, no matrix inversion is
performed, with M = A, g(-) = 1/2|| - —=b||? and f(-) = A|| - |1 = ga(-). We chose
7=0.5 and o = 1/(7||A||?) as prescribed.

"for the other two problems, the algorithm boils down to previously investigated ADMM.
16



100 F i i i i i i T T T T T

—__ADMM _ @ORM ) J
4 om ©OAIM 251 QORM AOIM o OAIM
1073 - g @ Fast ADMM
5 ¢ 2t o o000 o ooooo
] E 3 PTL I LLEFLLLE L
S 1076 | H oo o ©0f0000oOoO0ooOOOoooOg
3 25| 0s00 ]
] z %000
T w00 £
H E ipeon saha akas dussas 39°0000 |
& I
10-12 |- aa see Leettt --..-s!!
0 051 ee anse _ee e . ]
s a . : . . . .
o . nﬂg° . . . . . . aA .
sl || °°c00ige038g223223%g8 O PO IO I DUV JUUOY PV
0 5 10 15 20 25 30 35 40 45 50 5 10 15 20 25 30 35 40 45
Number of iterations Number of iterations
(a) lasso Fq
100 F T T T T T 25 T T T T T T :
= ADMM o ORM
A OIM 0 OAIM ©60000060000
02| 2f ® 00009000 J
0ooe
g E ? _88g,8808cn0ccoooooooodoonooooon
5 -1 £ 15+ o og ©%00
3 2 QORM AOIM o OAIM
£ *East ADMM
ERRCad s £ 1goe AAAAAAAAAAAAAAAAAAAAAAAAAS
H] £ sels
10-8 |- 05 P assl ot P -
. : . .
. Al . .
107101 L . | L L L
H 10 15 20 % 30 3 10
Number of iterations Number of iterations
(b) £1-regularized logistic regression Fy
P s 5 —T T T T T T T T T
= ADMM o ORM
a4 o 0 OAIM T A
10-2 o Fust ADMM af
@D oORM 4 OIM 0 OAIM
5 o  Fast ADMM
& j0-1| 31
2 aw
g o
T 00k 5 210
: = adf "
1075 % - 1o
y
y e
ol | S 5 L o o
10 e ————— Y GV A Y G P JANY O S
10 20 80 40 50 60 70 80 9 100 110 120 10 20 80 40 50 60 70 80 90 100 110 120
Number of iterations Number of iterations

(c) L2-regularized logistic regression Fe

Fig. 4: Alternating Direction Method of Multipliers (ADMM)

a Primal-Dual algorithm [10, Alg. 3.1] for min, f(z) + g(Mz)

2
Uk+1 argmin{f(w)—l—ziHw—uk—&—TMT)\kH }
o T

Ak 2

o
w—— — M(2upt+1 — uk)
o

Ak + oM (2ug+1 — u) — o argmin < h(w) + 3

Akt1

With the prescribed choice of parameters, defining z; = [ug; Ag] as the stacked
vector of the variables, the algorithm is a fixed point algorithm on z; with an
1/2-averaged operator. Relaxation and Inertia can be simply performed as outer-
modifications of the algorithm.

In Fig. 5, we plot the functional error and the parameters for the original algorithm
and our three online methods. The formulation of all algorithms are again quite simple
and we obtain significant speed improvements.

6. Conclusion. In this paper, we investigated the theoretical and practical in-
terests of relaxation and inertia on averaged operators. Notably, we established the
expression for optimal parameters and rate when possible and built upon it to pro-
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Fig. 5: a Primal-Dual algorithm on a lasso problem

pose novel online methods. Numerical illustrations have demonstrated the behavioral
differences between relaxation and inertia and showed the remarkable performance of
the proposed online methods.
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Appendix A. Proof of the linear behavior of affine averaged operators
(Sec. 2.2).

We consider the fixed point iterations 241 = T(x;) = Rz +d with T = R - +d
an affine a-averaged operator. We assume that fixT # @) that is, d lives in the column
space of I — R.

Let us denote by N the nullspace of I — R: N £ {x €RYN: Rz = a:} Any fixed
point of T can be expressed as one particular fixed point plus a vector in N.

Consider the Jordan decomposition of matrix R: R = WAW ™! with W a non-
singular matrix and A the Jordan block-diagonal for R (see [16, Chap. 3]). The proof
of Lemma 1 (see [5, Prop. 5.15]) tells that 2,25 [|z4 — T(zp)|* < o0 so

+o00 too
S IRk(R = D)a® + Rid]” = 3 [W (A = DW a0 + A )| < o
k=0 k=0

From the last line, we can deduce that:
i) the eigenvalues of R are smaller than 1 in magnitude and 1 is the only one
with this magnitude;

ii) the algebraic and geometric multiplicities of eigenvalue 1 coincide as the Jor-
11

dan form of R does not have block of the form J, = . Indeed,

1
1

if it had one could take z° so that the terms in the sum are bounded away
from zero (e.g. take J = [1 1;0 1], then Jx(J —I) =[0 1;0 0]).
. I W™
Thus, one can write R = [Wl W2:| [ i ] [ @* ] where:
e A is the block diagonal matrix of the Jordan blocks corresponding to the
eigenvalues of R with magnitude strictly smaller than 1;
wy* | Wew WarWe | | T 0
o [l = [ Wt =0 7]
From the previous result, R = WiWi" + WoAW," where conveniently IIx =
W1 W1™ defines a projection onto N.

Define Il £ I — 1T the complementary projection. Let Z € fixT and define
Ay, £ Ty (2 — ) for all k > 0. We have

A1 2 Ty (zpy1 — 7) = Ty R(zy — 7)

(7) = WoAWo* Ty (21, — &) = Wo AFIWR*A°
A
k

Thus (Ag)r>o vanishes exponentially as a consequence of [16, Cor. 5.6.14] on
Eq. (7) which states that there is constant C' € RT such that
Al < Ck™p(WoAW2*)* where the factor k™ stems from the k-th power of the
Jordan decomposition of R which introduces terms of the form v*k¢. Using the oo
norm and taking the log gives the stated result (see [19, Sec. III-C] or [16, Chap 3.2.5]).
Recalling that A contains the Jordan blocks associated to the non-unit eigenvalues of
R, which are all strictly smaller than 1 in magnitude, p(WgAm*) =v<l1.

Finally, we can notice that Iy (241 — ) = 0, and thus

_lows =l I Genn = all _ IWeAWe T (an o)l 1

)
lzr — zr—1]l IIW(xk - xkfl)zu) IIW(xk — ZTp—1)||




where the inequality tends to be sharper as k grows and v < ||A|| < 1.

Appendix B. Proof of Lemma 6.
Let Z € fixT, and take k even, then x40 = T (T(x) + veg1 (T(xr) — k).

o = 2" = T (T(2k) + W (T(an) — 2p)) = T(@)|?

1l -«
< T (k) + Yo (T(ar) — k) — ||° - — IT (@) + g1 (T(2r) — 21) — Thpo|?

= (1 es1) | (@) = 20 = Yot llow — 20> + 0+ o)y | T (@) — 2

1l -«
B (T (@) + Yrr (T(xr) — 1) — 2pyol|
l—«

IT () — 2

< (14 ve1) |2 = 22 = Yo ok — 27 = (1 + 1) -

1l -«
+ (1 + Yo ve1 | T(w) — za]|* = — IT (k) + Yer1 (T(zn) — 2k) — Tpa|”

_ l1-—a
o= 2l = (1) (S22 = e ) [Taw) = ol

11—«
I (T (@) + Yrr (T(xr) — 1) — 2ayo|

where we used successively: i) the fact that T is a-averaged; ii) the equality of [5,
Cor. 2.14]; iii) a second time that T is c-averaged. The assumption on the sequence
(1) makes the second term negative or null hence it can be dropped.

We notice that ||zpro — Z))2 < [lzn — 7> — 222 | (k) + e (T(xr) — 2x) — zrso|?
implies that the sequence of the even (||zar — Z||?)k>0 is decreasing and non-negative,
it is thus convergent and the (22)r>o are bounded. Furthermore,

Z HT(UC%) + Yor+1(T(2k) — T2k) — Ta(rt1) H2 <00
k=0

implies that any limit point of the sequence (z2x)r>0 belongs to fixT.

Let us now take z*, a limit point of (wax)k>0, then (||zar — 2*]|?)r>0 converges
and its limit is limg_ oo |22k — 2*||? = 0 which means that 2* is unique. Finally, using
non-expansivity, we get that the odd sequence also converges to the same point x*.

Appendix C. Derivation of Inertial ADMM (Sec. ref:admmacc).

The derivations follow nearly the same steps as the one of relaxed ADMM in
[11] thus we will abridge the common parts. We build upon the ADMM-generating
Lions-Mercier operator:

Tadmm = {(A+ pv,w =+ pv)) : (u,— M w) € Of; (v, A) € dg;w — pMu = X — pv} .
but we will consider an inertial version of the proximal point algorithm®:
Th+1 = Tadmm(yk)
Ykt1 = Tht1 + Y (Tt1 — Ti)

Representation step: The input, y, writes uniquely as Ag+ pv from the representation
lemma:

(8) Yk = A\ + pug.

8we chose to perform the operator then the inertia for the sake of clarity and consistency in the

derivations.
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Mapping step: The definition of T,gmy, implies that Ay — pvr writes uniquely as
w — pMu with (u, —MTw) € Of :

(9) Wk+4+1 — pMukJrl = /\k — PUk.
Secondly, the output of the resolvent is:
(10) Thil = Wri1 + pvx = Mg + pMug1.

Re-representation step: Here, the proof is a bit different in the inertial case as one
has to find the values of A\xy; and vgpi1 with (vgy1, Akr1) € Og, so that yry1 =
ZTe+1 + ¥(Tr41 — xk) writes uniquely as:

(11) Ykt1 = Net1 + PUkL1-

Writing Eq. (9) of the mapping step, leads to the same step as for classical
ADMM:

Wit1 — pPMugs1 = Ag — pv with  (uk1, —MkaJrl) eaf
2}

Now, combining Egs. (10) and (11), we have (different from classical ADMM)

Ak

P Mu— v, + —
p

= upy1 = argmin {f(u) + 3 ‘

Ak41 + pVp+1 = A + pMugq + ”y()\k + pMug41 — (/\k—l + pMuk)) with (karl, >\k+1) € dg
= Mg + pMugr1 + (M + pMugyr — (Ae—1 + pMug)) — pvgs1 = A1 € 09(Vy1)
2}

A A Ao
= 0¢€ 0g(vry1) — p (Muk+1 — Vg1 + f + (Muk+1 + 7’“ — Muy, — kp 1))

. A A Ak
= Vg1 = argmln{g(v) + g HMuk_H —v+ Fk + v (M’U,k—i-l + f — Muy, — kp 1)

and the first line also tells us that
Aet1 = Mg+ p (Muggr — vkgr) + 7 (Ak + pMuggr — (Ae—1 + pMug,))

which we can identify as the iterations of Inertial ADMM.
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