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Abstract

In this paper, we propose an inertial accelerated primal-dual method for the linear
equality constrained convex optimization problem. When the objective function has
a “nonsmooth + smooth” composite structure, we further propose an inexact iner-
tial primal-dual method by linearizing the smooth individual function and solving
the subproblem inexactly. Assuming merely convexity, we prove that the proposed
methods enjoy O(1/k?) convergence rate on the objective residual and the feasibil-
ity violation in the primal model. Numerical results are reported to demonstrate the
validity of the proposed methods.
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1 Introduction

Consider the linear equality constrained convex optimization problem:

min  F(x), s.t.Ax=0D>b, (1)
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where F : R" — R is a convex but possibly nonsmooth function, A € R™*" and
b € R™. The problem (1) captures a number of important applications arising in
various areas, and the following are three concrete examples.

Example 1.1 The basis pursuit problem (see, e.g., [9, 10]):

min |x|i, s.f.Ax =b, )
X

where A € R™*" withm < n, and || - ||; is the £;-norm of R” defined by ||x||; =
> |xil. Algorithms for the basis pursuit problem can be found in [31] and [33].

Example 1.2 The linearly constrained £; — ¢> minimization problem [17]:
. B 2 _
min - lxfl + EIIXIIZ, s.t. Ax = b, 3)

where B > 0 and | - || is the ¢>-norm of R" defined by ||x||3 = }_/_, x>. When
B is small enough, a solution of the problem (3) is also a solution of the basis pur-
suit problem (2). Since the problem (3) has the regularization term §||x ||%, it is less
sensitive to noise than the basis pursuit problem (2).

Example 1.3 The global consensus problem [8]:

N
min  F(X) = (X)), st.Xi=X;, Vi je{l,2---N},
min ;jf i i=Xj, Vijel )

where f; : R" — Risconvex,i = 1,2,---, N. The global consensus problem is a
widely investigated model that has important applications in signal processing [23],
routing of wireless sensor networks [22] and optimal consensus of agents [28].

Recall that (x*, 1*) € R” x R™ is a KKT point of the problem (1) if

—ATA* € 9F (x™),
* 4)
Ax*—b =0,
where 0 F is the classical subdifferential of F defined by
AF(x) ={veR"|F(y) > F(x) + (v, y —x), VyeR"}

Let Q2 be the KKT point set of the problem (1). Then, for any (x*, 1*) € €, from (4)
we have

L*0) < LOxX*, 0% < L(x, M%), Y(x,)) € R" x R™,

where £ : R" x R — R is the Lagrangian function associated with the problem (1)
defined by

L(x, %) = F(x) + (A, Ax — b).
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A classical method for solving the problem (1) is the augmented Lagrangian method
(ALM) [6]:

{xm € argmin, £(x, 1) + | Ax — bl )

A1 = Ag + 0 (Axgy — b).
In general, since L£(x, Ag) + %||Ax — b]|? is not strictly convex, the subproblem may

have more than one solutions and be difficult to solve. To overcome this disadvantage,
the proximal ALM [11] has been proposed:

Xp1 = argmin, F(x) + (AT dp, x) + GIlAx — bJ1> + Slx — xcll3. ©
A1 = Ax + 0 (Axgy — b),
where ||x||%D = xT Px with a positive semidefinite matrix P and P + c AT A is

positive definite.

In some practical situations, the objective function F has the composite structure:
F(x) = f(x) 4+ g(x), where f is a convex but possibly nonsmooth function and g
is a convex smooth function. Then, the problem (1) becomes the linearly constrained
composite convex optimization problem:

rr;in f(x)+gx), s.t.Ax =b. @)

An application of the method (6) to the problem (7) with linearizing the smooth
function g leads to the linearized ALM [32]:

®)

Xet1 € argmin, £ (x) + (Vg(x) + AT Ak, x) + GllAx — B> + S llx — xe %,
Akl = Ak + 0 (Axpyr — D).

1.1 Related works

Under the assumption that F is smooth, He and Yuan [15] showed that the iteration-
complexity of the method (5) is O(1/k) in terms of the objective residual of the
associated L£(x, A). When F is nonsmooth, Gu et al. [13] proved that the method
(5) enjoys a worst-case O(1/k) convergence rate in the ergodic sense. A worst-case
O(1/k) convergence rate in the non-ergodic sense of the method (6) was shown in
[21]. When g has a Lipschitz continuous gradient with constant L, and P > Lgld,
Xu [32] proved that the method (8) achieves O(1/k) convergence rate in the ergodic
sense. Tran-Dinh and Zhu [30] proposed a modified version of the method (8) and
proved that the objective residual and feasibility violation sequences generated by the
method both enjoy O(1/ k) non-ergodic convergence rate. Liu et al. [24] investigated
the non-ergodic convergence rate of an inexact augmented Lagrangian method for
the problem (7).

Generally, naive first-order methods converge slowly. Much effort has been made
to accelerate the existing first-order methods in past decades. Nesterov [25] first
proposed an accelerated version of the classical gradient method for a smooth con-
vex optimization problem, and proved that the accelerated inertial gradient method
enjoys O(1/k?) convergence rate. Beck and Teboulle [5] proposed an iterative
shrinkage-thresholding algorithm for solving the linear inverse problem, which
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achieves O(1/k?) convergence rate. The acceleration idea of [25] was further applied
in Nesterov [26] to design the accelerated methods for unconstrained convex com-
posite optimization problems. Su et al. [29] first studied accelerated methods from
a continuous-time perspective. Since then, some new accelerated inertial methods
based on the second-order dynamical system have been proposed for unconstrained
optimization problems (see, e.g., [1, 3, 4]). For more results on inertial methods for
unconstrained optimization problems, we refer the reader to [2, 12, 27].

Meanwhile, inertial accelerated methods for linearly constrained optimization
problems have also been well-developed. When f is differentiable, He and Yuan [15]
proposed an accelerated inertial ALM for the problem (1) and proved that its conver-
gence rate is O(1/k?%) by using an extrapolation technique similar to [5]. When f is
a differentiable function with Lipschitz continuous gradient, by time discretization
of dynamical system, Bot et al. [7] proposed an inertial ALM with O(1/k?%) con-
vergence rate and provided the convergence of the sequence of iterates. Kang et al.
[18] presented an inexact version of the accelerated ALM with inexact calculations
of subproblems and showed that the convergence rate remains O(1/k?) under the
assumption that F is strongly convex. Kang et al. [17] further presented an acceler-
ated Bregman method for the linearly constrained ¢£; — {2 minimization problem, and
a convergence rate of O(1/k?) was proved when the accelerated Bregman method
is applied to solve the problem (1). To linearize the augmented term of the Bregman
method, Huang et al. [16] raised an accelerated linearized Bregman algorithm with
o@ay/ k?) convergence rate. For the problem (7), Tran-Dinh and Zhu [30] proposed an
inertial primal-dual method which enjoys o(1/k,/logk) convergence rate. Xu [32]
proposed an accelerated version of the linearized ALM (8), named the accelerated
linearized augmented Lagrangian method, which is formulated as follows:

Xk = (1 — o)X + agxy,

Xk+1 € argmin, f(x) + %llz‘\x—bll2 + %HX-XHl%:k + (Vg (&) + AT ag, x),
X1 = (1 — o) Xp + Qg Xp+1,

M1 = M + Vi (Axg41 — b).

(€))

It was shown in Xu [32] that the algorithm (9) enjoys O(1/k?) convergence rate
under specific parameter settings. It is worth mentioning that to achieve the O(1/k?)
rate, linearization to the augmented term is not allowed in the algorithm (9) since
it may cause great difficulty on solving subproblems. Xu [32] did not discuss the
convergence analysis of the method when the subproblem is solved inexactly.

1.2 Inertial primal-dual methods

We first propose Algorithm 1, an inertial version of the proximal ALM (6), for
solving the problem (1). Algorithm 1 is inspired by the second-order primal-dual
dynamical system in [14, 34] and the Nesterov accelerated methods for unconstrained
optimization problem [2, 5, 25]. When the objective has the composite structure:
F(x) = f(x) 4+ g(x), by linearizing the smooth function g and introducing the per-
turbed sequence {€x}x>1 in Step 2 of Algorithm 1, we propose an inexact inertial

@ Springer



Numerical Algorithms (2022) 90:1669-1690 1673

accelerated primal-dual method (Algorithm 2) for the problem (7). As a compari-
son to Algorithm 1, we solve the subproblem inexactly by finding an approximate
solution instead of an exact solution.

Algorithm 1 Inertial accelerated primal-dual method for problem (1).
Initialization: Choose xg € R", 1o € R™. Set x; = xo, A1 = Ao, My € S+ (n).
Choose parameters s > 0, o > 3.
fork=1,2,--- do

Step 1: Compute

X = X + kfa;z,z(mc —xk-1). M =i+ kw =ty (e — M1

Step 2: Set

N _k—f-ot—Z)-L k_lk _ k—1 Axe + a—1 b
KT a1 Motk nk_k+a—2 Tk k+o—2"
Choose My € S4(n) and update
. k+a—2 _ 2 skk +a —2)
Xk+1 6argmlan(x)ﬂLTIIX—xklle+WIIA x — nel?
+(ATdy, x >.

Step 3: Ayt = A + o5 (Axks1 — b+ L A — x0).
if A stopping condition is satisfied then

| Return (xg41, Akt1)
end

end

Algorithm 2 Inexact inertial accelerated linearized primal-dual method for prob-
lem (7).
Initialization: Choose xg € R", 1o € R™. Set x; = xo, A1 = Xg, Mgy € S+ (n),
€o = 0. Choose parameters s > 0, o > 3.
fork=1,2,--- do
Step 1: Compute
Xk =+ e Ok — X1), Ak = M+ gaas Ok — o).
Step 2: Set
k+oa—2- k—1 k—1 o—1

A = A — M =— A —b.
e R A R e
Choose My € Sy (n), ¢ € R" and update

. k+oa—2 _ sk(k +a —2)
Xkt1 eargmlnxf(x)—l—zsikllx—xkllﬁh ﬂllfl x — il

+(VeGin) + AT Ak — ex, x).
Step 3: Ar1 = Ak + g (A1 — b+ A1 Aot —xi0),
if A stopping condition is satisfied then
| Return (xg41, Ae+1)
end

end
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1.3 Outline

The rest of the paper is organized as follows. In Section 2, we investigate the
convergence rates of the proposed methods. In Section 3, we perform numerical
experiments. Finally, we give a concluding remark in Section 4.

2 Convergence analysis

In this section we analyze the convergence rates of Algorithm 1 and Algorithm 2.
Assuming merely convexity, we show that both of them enjoy O(1/k?) convergence
rates in terms of the objective function and the primal feasibility.

To do so, we first recall some standard notations and results which will be used in
the paper. In what follows, we always use || - || to denote the £2-norm.

Let S (n) denote the set of all positive symmetric semidefinite matrixes in R"*"
and /d be the identity matrix. For M € S, (n), we introduce the semi-norm on R":
lxllp = vxTMx for any x € R". This introduces on S, (n) the following partial
ordering: for any M1, My € S1(n),

My = My < |Ixllm, = lIxllm,,  Vx € R™

For any x, y € R", the following equality holds:

1 2 1 2 1 2
EIIXIIM - zllyllM ={x,Mx—y)— Ellx —yly, YM eSi(mn). (10)
Now, we start to analyze Algorithm 1.
Lemma 1 Let {(xx, Ak, Xk)}k>1 be the sequence generated by Algorithm 1. Then,

k+oa—2
k

_ k—1
My (Xk41— Xi) € =5 <3F(Xk+1) + AT Ouegr + O:(MH - Ak))) . (11

Proof From step 2, we have

k+a—2 _ sk(k +a —2) "
0€ dF (xky1)+———— My (xry1 — %)+ —————— A" (Axe —mi)+ AT .
sk (@—1)
This yields
k+oa—2 k(k4+a—2)

_ S
My (Xk+1—Xk) € —5 <3F(xk+1)+AT<

k

a1 Askr— o + ik)> :
(

12)
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It follows from Step 2 and Step 3 that

sk(k +a —2) A
—(A — A
@12 (AXps1 = 1me) + Mk
skk +a —2) sk(k —1) sk A
= — A ————Axy — ——b+ A
@—1)? Xk+1 @—1)2 Xk o _1 + Ak
sk k—1 N
= (Axpp1 — b+ ——A(xpr1 — x1)) + Ak
oa—1 a—1
_k+a— k+a—2- k—1

2 _
(Akt1 — Ax) + A — Ak
-1 a—1 a—1

k—1
= A+1 + —— (Agr1 — Ap).
a—1

This together with (12) yields (11). ]

Lemma 2 Suppose that F is a convex function, Q # @ and My_1 = My. Let
{(xk, Aks Xks M) }k>1 be the sequence generated by Algorithm 1 and (x*, 1*) € Q.
Define
sk — k) 1. ) 1 . )

& = m(ﬁ(xk, ) = Lx*,A5) + §||Xk - X*HM,H + §||)\k — A7 (13)
with
k4+a—2_ k—1

X —
oa—1 a—1

A

Xk = Xk. (14)

Then, for any k > 1, we have

(kta—2)

=12 T2
Ek+1 = & TCTE (lxkg1 = Xellyg, + NAk1 — Ak ll9).

Proof By computation,

n k—i—a—l( n k—1 ( )
X, = ——— X — X — X — X
k+1 p— ke g ke T o1
k+a—2 k—1
= ————Xkt1 — Xk (15)
a—1 a—1
k+a—2 _ k4+a—2_ k—1
= —————— (X1 — Xk) + Xk — Xk
a—1 oa—1 a—1
A k+oa—2 _
= X + ———— (Xk1 — Xi)
oa—1
and
X1 —x" =xpq0 — X"+ - 1()€1<+1 — Xk). (16)
Similarly, we have
A A k+a—2 .
Akl = Ag + ﬁ(kkﬂ —Ar) (17)
and
N * * k—1
Ml — A7 = Ajy1 — A +ﬁ()\k+l—)»k)- (18)
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By the definition of £(x, A), we get 8, L(x, A) = dF (x) + AT 1. Combining this
and equality (18), we can rewrite (11) as
k+oa—2

T My — %) € —s@F (xern) + ATAF + AT gy

. k—1
A"+ ——(Akyr1 — M)
oa—1
= =59 L(xpp1. A7) — SAT (g1 — 29,
which implies
k+a—2

1=~ Mi(xker = 5 = AT G = 2% € 9L, 20 (19)

Since My_1 »= My = 0, it follows from (10) and (15) that
It = 2713, — %ufk — 3,
= W = 271y = S8 — x5y, — %nfk = 3 —m,
< (Rpg1 — x", My (Rpg1 — X)) — 7 1 Rieet — X3y,

k+a-—-2 . _
= ————— (X1 — X7, Mi(xp1 — X))

a—1
(k + o — 2)2 i}
_WHXHI _xk”%wk (20)
sk a * o * T /3 *
= — o7 Gk =7 &)+ Kaepr — X7, AT (i = 240)
(k + o —2)? _ 5
—wﬂxkﬂ — Xicllag, -

Since L(x, A*) is a convex function with respect to x, from (16) and (19) we get

n —1
(X1 —x", &) = (o1 — x™, &) + 1<xk+1 — Xk, &)

o —

k—1
L(xpeg1, A= L&F A7) + E(ﬁ(xk+1» M) —L(xk, A7) 21

v

Combining (20) and (21) together, we have
%nml —x*|13, — %nz%k — x* 13,
sk — k)
(@ —1)2
sk k+a —2)%
a—1 2a — 1)2

Since Ax* = b, it follows from Step 3 of Algorithm 1 and (16) that

N

k
(L(xrg1, A*) = Lx*, 15) —
a—1

IA

(L1, A") — Lxg, 1))

(i1 —x* AT Qg — 1) — Ik — %elldg.  (22)

sk L k=1
——— (Axp 1 —AX A+ —— A (X1 —x1)) =
) a—1 k

N
—— AR —xM).
e - (Xk+1—x7)

Mep1—Ag =
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This together with (10) and (17) yields

1 . 1 . ~ ~ ~ 1 - ~
SWhierr = A - S = AN = (g — A, Akt — Ag) — S Whierr = all?

k4+oa—2 4 - (k +a —2)? 2
= —(A — A% A — M) — ——||A —A 23
] Mk k1 — Ak) @12 Ak+1 — Acll (23)
sk a . (k + o — 2)2 -
o1 Mt (X1 = x7)) @12 Akt1 — Axll
It follows from (22) and (23) that
1 — &
s(k> + k) s(k2 — k)
= — (£ A = L, A) — — (L, M) — L(x™, A*
=7 Ll ) = LG5 0) = e (E ) = G, 00)
e = X1 = Slf = ¥ g — AP — Sl — A7)
5 Xk+1 — X iy 5 Xk — X lipm,_, 3 k+1 3 k
B—a)sk (k+a—2)? -2 T2
(L1, V) — LK A ———— - Akl — A
= aoe (L1, A7) = L7, A7) a1y (k1 =Xk g, 1 Ak1 =227
k+o— 2)2 -2 T2
< —W(”xkﬂ = Xicllag, + A1 — Akl
where the last inequality follows from @ > 3 and (x*, A*) € Q. This yields the desire
result. O]

To obtain the fast convergence rates, we need the following lemma.

Lemma 3 ([20, Lemma 2], [19, Lemma 3.18]) Let {ay }2‘3 be a sequence of vectors
in R" such that

K
It + (= DKagp+ ) all <C, VK =1,
k=1

where T > 1 and C > 0. Then, || Zle ag|l < C forall K > 1.
Now, we discuss the O(1/k?) convergence rate of Algorithms 1.

Theorem 1 Suppose that F is a convex function, Q # ¢ and My—1 = M. Let
{(xk, Aks Xk M) }k>1 be the sequence generated by Algorithm 1 and (x*, 1*) € Q.
The following conclusions hold:

(i) Yro K xeen — ey, + A1 — Aell?) < +oo.
(ii) Forallk > 1,
4(a — 1)2/28;
stk— Dk +a—3)
(@ —1*E | 4o — D2V2E 27|
s(k2—k)  stk—=1Dk+a—=3)’

|Axi — bl <

|F(x) — F(xM)| <
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1 1
where &) = 5||x1 — X*||12V10 +5lA — A%

Proof From Lemma 2, we have

(k+ o —2)°
Ekr1 — &k = ﬁ(lmﬂ Tllig + M —Ael®) <0, Vi > 1. (24)
By the definition of & and (24), {&}k>1 is a nonincreasing and positive sequence.
As a consequence, & converges to some point. It follows from (24) that

XX k+a—-272
Y Sy e = Sl + ks = 2l
k=1

K

< KETOO ;(&c - &41)

=& — lim Egqq (25)
K—+o0

< 400,

which is (1).
Combining (13) and (24), we have

1Ak — A < V2& < V2&,  Vk=1.

This yields
- = —
S I R s 26)
< 2/2&;

for all K > 1. It follows form (17) and Step 3 of Algorithm 1 that

k+a

] ()~k+1 )

— )

k—1
Zk(Axk+l —-b+ ﬁA(xk—H - xk))H
k=1

s K
k=1

K

K(K+a—2)(Axgq1 —b)+ Y (@ —3)(k — 1)(Ax; — b)
k=1

N
(@ — 1)
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This together with (26) implies

K
K(K+a—2)(Axg 41 —b)+Z (x—=3)(k—1)(Axr—D))
k=1

When o = 3, it follows from (27) that

_1\2
3 2a—1)’V2E o
S

2 — 1228
IK(K +a - 2)(Axg11 — b < %

When « > 3: applying Lemma 3 with ay = (¢ — 3)(k — 1)(Axx — b), T = % and

C = % Vzg‘, from (27), we obtain

K
D (e = 3)(k — D(Axi — b))

k=1
which together with (27) yields

’

N

2
Hfz(a 1228,

4(a — 1)2/2E
IK(K +a - 2)(Axk 11 — b < %

From above discussion, when o > 3, we have

4(a — 1228
lAxg — bl = — @DV (28)
stk—Dk+a—3)
It follows form the definition of £ and (24) that
(@ — 1)?& _ (e~ 1)2€
s(k2—k) — sk2—k)
for all k > 1. This together with (28) implies that
|F(xk) — F(x™)| = |Lxx, AY) = L™, A7) — (A", Axg — b)|
< L(xg, M%) = LF A7) + A5 Axg — bl

_ =D A - DAV2EA
sk =k stk—=1Dk+a=3)

for all k > 1. The proof is complete. O

Lxg, M%) = L(x,27) <

To investigate the convergence of Algorithm 2, we need the following assumption.

Assumption (H) 2 £ (J, f is a convex function, g is a convex smooth function and
has a Lipschitz continuous gradient with constant L > 0, i.e.,

[Ve(x) — VeIl < Lgllx — yll, Vx,y e R,

equivalently,

L
g(x) < g() +(Vg(y),x — y) + 7g||x -yl VYx,yeR. (29
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Lemma 4 Let {(xg, Ak, Xk)}k>1 the sequence generated by Algorithm 2. Then,

k+a—2 _
————— M (X1 — 1)
k
_ k—1
€ —s (3f(xk+1) + Vg () + AT g + = 1(?»k+1 — Ak)) — €k> . (30

Proof From Step 2 of Algorithm 2 , we have

k4+a—2 _
———— M (xpg1 — Xi)
sk

AT (Axp1 — ) + ATy — &,

0 € of (xk41) + Vg(p) +
sk(k +a —2)
(@ —1)?
which yields
k+a—-2
k

€ —s (af(ka + Vg (i) + AT (

My (xXk4+1 — Xi)
sk(tk +a —2)
(@ —1)?

The rest of the proof is similar as the one of Lemma 1, and so we omit it. O

(Axpypr — i) + ik) - Ek) .

Lemma 5 Assume that Assumption (H) holds, and My_1 = My = sLgld. Let
{(xp, Mk, ik)}kzl be the sequence generated by Algorithm 2 and (x*, \*) € Q. Define

k .
sG—=D .
R D R ] a1
j=1
where & is defined in (13) and Xy, is defined in (14). Then, for any k > 1,
& <&

Proof By same arguments as in the proof of Lemma 2, we get
k+a—-2

K1 — X = — (Xk+1 — Xk), (32)
Rl — X = ey —xF + ai T (akpr = x0), (33)
" " k+oa—2 -
Akl — Ak = ﬁ(lkﬂ = Xk), (34)
M1 — A =g — A+ Z%ll()\kﬂ — Ai)- (35)
For notation simplicity, we denote
£ (x) = f(x) + (A*, Ax — b). (36)
Then, £/ is a convex function, 3£/ (x) = 3f (x) + ATA*, and
L, ) =L (x) + gx). (37)
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It follows from (30) and (35) that
k+a—2

T MG — %) € —sf (1) + ATAF) — Vg (i)

a—1
= —sdL (xpq1) — sVEER) — sAT (g1 — %) + sex,

—sAT (k1 — A% + (M1 — Ak)) + sex

which yields
k+oa—2 _ _ ~
& 1= —TMk(xk+1 — F) — Vg — AT Qg — 2%) + e € 9L ().
(38)
Since My_1 = My, it follows from (10), (32) and (38) that
n L,
e = X"l = S = 1y,
< (Rkr1 — X", My(Res1 — X)) — 7 1Rt = Rill3,
sk o * a * T 5 *
i (X1 — x5, 8k) + (X1 — X7, A7 g1 — A7) (39)

(k +a —2)2

2 T e Tl -

+H(Xpp1 — x5, VE(xR)) — (K1 — x™, €x)) —

From (33) and (38), we have

-1
k—1
> L () = £7 07 + —— (L Caeyn) = £/ (w0)), - (40)

(X1 — X% &) = (1 — X" &) + " (Xk41 — Xk, &)

where the inequality follows from the convexity of £/. Since g has a Lipschitz
continuous gradient, from (29) we get
_ _ _ L _
g0e1) < 8 () + (Vg (), Xt = ) + - v — 5l (41)
By the convexity of g, we have
(Vg (Xk), Xk1 — Xk) = (Vg(&k), xk41 — x*) + (Vg (Xp), x* — Xi)
< (Vg(E0), X1 — X*) + g(x*) — g(Fe) (42)
and
(Vg(xr), xpq1 — Xk) = (Vg(x), Xkt — xx) + (Vg (), xx — Xk)
< (Vg(xp), xpy1 — xx) + g(xi) — g(Xk). 43)
It follows from (41)—(43) that

— * * Lg =12
(Vg(xp), xp41 —x™) > g(xp1) — g(x™) — 7||xk+1 — x|l
and

i L )
(Vg(Fr), Xka1 — Xi) > gog1) — g0xx) — 78’ kg1 — Fell
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This together with (33) yields
- * = - * k—1 =
Fher = X7, Ve (X)) = (Ve i), Xier = x7) + = (Ve (k). X1 — Xk)

k—1
> g(xks1) — (™) + ——(g(xk41) — g(xx)) (44)

a—1
(k+a—2)L,
22— 1

It follows from (39), (40) and (44) that

\

=12
lxk41 — Xk~

1
2 *12 2 *112
S i =31y, = 5 15 = x "1y,

sk
<~ (L ) + g0 — (LT (6 + 2 (M)
sk(k — 1)
—m(ﬁf(xkﬂ) + gery1) — (L7 (1) + g(x0)))
sk . v T2 " sk "
—o T Mt = x5 AT Qi = AT + (ke — X @) (45)
k+a—-2 N
T2 — 1)2 I¢e1 = Xl a—2) My —s L gk 1d
sk sk(k — 1)
< —ﬁ(ﬁ(xk-s—l’ ) = L(x*, 1)) — m(ﬁ(xkﬂ, ) = L(xx, A5))
sk . A sk .
- (Rt = 2%, AT G = 29) + (R — X", ),
oa—1 o—1
where the second inequality follows from the assumption My = sLgld = ki—lz;zng Id.
It follows from (23), (31) and (45) that
€ ¢ sk, .
i1 — & = &1 — & — Ol_1<xk+1 — X7, )
(3 — a)sk (k+a —2)? -
< o Lok A = LGTAN) = o i - all?
<0, (46)
where the last inequality follows from o > 3 and (x*, A*) € Q. O

To analyze the convergence of Algorithm 2, we need the following discrete version
of the Gronwall-Bellman lemma.

Lemma 6 [2, Lemma 5.14] Let {ax}i>1 and {br}k>1 be two nonnegative sequences
such that 37 by < 400 and

k
a,% < cZ-I-ijaj
Jj=1
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forall k > 1, where ¢ > 0. Then,

forallk > 1.

Theorem 2 Assume that Assumption (H) holds, My = My = sLgld forallk > 1,
and

+o00

> kllexll < +oo.

k=1
Let {(xk, Ak)}k>1 be the sequence generated by Algorithm 2 and (x*, \*) € Q. Then,
forallk > 1,

4(a — 1)2V2C
stk— Dk +a—3)
(@ —12C 4« — D>V2C|2%|
sk2=k)  stk—Dk+a—=23)’

[Axk — bl =

|f () + g(xx) — f(x™) — g(x™)] <

where

1 1 s 26 2 ¥ =
Ci=—|lx1—x*|13, += I —2*|? —— D ileilfx ) jle;ll.
2= g = |+ o j§_11|| j j}_ljn j

Proof From Lemma 5 we have
S =& =&,
and it yields
Ekf&—l—i%(@—x*,q_l). (47)

j=1
This together with (13) and Cauchy-Schwarz inequality implies

k
. 2s . R
18 = 2"13,, =28+ == 3 (= DI = x| llej ]l

j=1
Since My_1 = sLgld,
k
1 28 2
Fe=x*? < — | & —x*13 < —4— i — D% —x™| - |le;j—1l.
=271 = =Wy < o o ;u )% —x* |- llej-1ll
(48)
Since Z;’ﬁ? jllejll < 400, applying Lemma 6 with ax = [|Xx — x*| to (48), we
obtain
28 2 X

D jllejll <400, Vk=1.  (49)

1% = x*| < ) — + ———
sLg (@ —1DLg o
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This together with (47) yields

G < &1+ o sup Ik~ x “II % Zjne,u

j=1
=&+ WL T e 2l el (50
- l—i_Ol—l ng+(a_1)ng§J”€J” XZJHGJH (50)

for any k > 1. Denote

s 251
C=&+— l)L ZJ||e,|| xZJne,u

1
= Sl = x"lli, + —||A1 — 21

K 251
— l)L Zjne]n xZ;ne,u

By the definition of & and (50), we have

+

sk — k)

W(ﬁ(xk, M) —Lx* M) <& <C

and

lae — A% < V2& < V2C, Vk > 1.

By similar arguments in Theorem 1, we obtain

4(a — D2V2C

A =0l = T ra =3
and
Lf () + g(x) — F(x™) — g(x™)]
< L(xg, X)) — L0 + [|IA5 | Axg — bl
(@—D2C  4a— D2V2C|0"|
T osk2—k)  stk—Dk+a—3)
forall k > 1. O

Remark 1 It was shown in [32, Theorem 2.9] that the algorithm (9) with adaptive
parameters enjoys O(1/k?) rate. Xu [32] did not discuss whether the convergence
rate of algorithm (9) is preserved when the subproblem is solved inexactly. By
Theorem 2, the O(1/k?) convergence rate of Algorithm 2 is preserved even if the sub-
problem is solved inexactly, provided the errors are sufficiently small. The numerical
experiments in section 3 also show the effectiveness of the inexact algorithm.
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3 Numerical experiments

In this section, we present numerical experiments to illustrate the efficiency of the
proposed algorithms. All codes are run on a PC (with 2.3 GHz Quad-Core Intel Core
i5 and 8 GB memory) under MATLAB Version 9.4.0.813654 (R2018a).

3.1 The quadratic programming problem

In this subsection, we test the algorithms on the nonnegative linearly constrained
quadratic programming problem (NLCQP):

. lT T _
min 2x Ox+q x, st.Ax=b,x>0,

where ¢ € R”, O € R"™" is a positive semidefinite matrix, A € R"*" b € R™.
Here, we compare Algorithm 2 (Al2) with the accelerated linearized augmented
Lagrangian method (AALM [32, Algorithm 1]), which enjoys O(1/k?) convergence
rate with adaptive parameters.

Set m = 100 and n = 500. Let g be generated by standard Gaussian distribution, b
be generated by uniform distribution, A = [B, Id] with B € R"™*~"™) generated by
standard Gaussian distribution, Q = 2HT H with H € R"*" generated by standard
Gaussian distribution. Then, Q may not be positive definite. The optimal value F (x*)
is obtained by Matlab function quadprog with tolerance 10~13. In this case, F(x) =
f(x) + gx) with f(x) = Zy>o(x), g(x) = %xTQx + g7 x, where Zy>o is the
indicator function of the set {y|y > 0}, i.e.,

0, x>0,

Ty=o(x) =
yz0(x) +00 otherwise.

Set the parameters of Algorithm 2 as: s = || Q||, My = s*| Q|| Id. Set the parameters
of AALM ([32, Algorithm 1]) with adaptive parameters, in which oy = %, Br =
vk = | Qllk, Pr = MI d. Subproblems for both algorithms are solved by interior-
point algorithms to a tolerance subtol. Figure 1 describes the distance of optimal
value |F(x;) — F(x*)| and violation of feasibility || Ax; — b|| given Al2 with @ =
10, 20, 30 and AALM for the first 500 iterations. As shown in Fig. 1, Algorithm 2
performs better and more stable than AALM under different subtol.

3.2 The basis pursuit problem

Consider the following basis pursuit problem:

min ||x||;, s.t. Ax = b,
X

where A € R™*" b € R™ and m < n. Let A be generated by standard Gaussian
distribution. The number of nonzero elements of the original solution x* is fixed at
0.1 * n, and the nonzero elements are selected randomly in [—2, 2]. Set b = Ax*.
We compare Algorithm 1 with the inexact augmented Lagrangian method (IAL [24,
Algorithm 1]). Here, subproblems for both algorithms are solved by fast iterative

@ Springer



1686 Numerical Algorithms (2022) 90:1669-1690
10° 10° 10°
~ -Al2-a=10| ~ -Al-a=10| ~ -Al2-a=10|
- -Al2-a=20) - -Al2-a=20) - -Al2-a=20)
100 Al2-0=30 100 Al2-0=30 100 Al2-0=30
= | - -AALM = | - -AALM = | - -AALM
I\ I\ I\
| \f\\ | \\\\\ | \\\\\
= 107 © = 107 < 107
& 10 v\\\ & 10 “\\ & 10 “\\
< R~ o < N < N
T Wy T T~ T WM. TTm~eooL_ T W, TTm e
10 TS haes N 10 ENOIO = 10 LN RO -~
Tixzzz=at ‘o \‘».__ \~‘~~~
107 10 T 107 —
0 100 200 300 400 500 0 100 200 300 400 500 0 100 200 300 400 500
Iteration numbers Iteration numbers Iteration numbers
10° —-A-a-10 —-A-a-10 10 —-A-a-10
3 " o o
_ e - -AR-a=20(] W - -AR-a=20| - -A2-a=20)
- aw AR-0=30] w AR-o=30| T . Al2-a=30
TN - -AALM AT - -AALM B I - -AALM
& * Ry Y Ry 0L v
Wy Wi 10 \
| wia | WS | Yoo
= (RS = LN = KON
T S SR - & R S, & Lo TN
) i et oo Y [ s = el T
P 10710 T~
-10 N -
10710 10 ! Vv oieiassnes,
0 100 200 300 400 500 0 100 200 300 400 500 0 100 200 300 400 500

Iteration numbers
(c) subtol = 1010

Iteration numbers
(b) subtol = 10—8

Iteration numbers
(a) subtol = 10—6

Fig. 1 Error of objective function and constraint of Al2 and AALM with different subtol

shrinkage-thresholding algorithm (FISTA [5], [24, Algorithm 2]), and the stopping
condition of the FISTA is when

2
Xk — Xk—
M S Subtol
max{|lxg—1|l, 1}

is satisfied or the number of iterations exceeds 100, where accuracy subtol = le —
4, 1le — 6, le — 8. In each test, we calculate the residual error ||Ax; — b|| (Res) and
the relative error of the solution W (Rel) with the stopping condition Res +
Rel < le — 8. Set the parameters of Algorithm 1 as « n,s 100, My
0, and the parameter of IAL as 8 = 1. Let Init and Time denote the number of
iterations, and the CPU time in seconds, respectively. Under different tolerance subtol

of subproblem, Tables 1, 2 and 3 report the results for the basis pursuit problem with

Table 1 Numerical results of Algorithm 1 and IAL with subtol = le — 4

ID Algorithm 1 TIAL

Res Rel Init Time Res Rel Init Time
m = 60,n =100 8.0e-9  3.5e-10 158 0.07 74e-9  3.2e-10 186 0.09
m = 200, n = 300 7.4e-9 1l.le-10 231 0.78 9.3e-9  14e-10 281 0.92
m = 300, n = 500 8.3e-9 7.8e-11 278 2.26 9.1e-:9  8.5e-11 322 2.63
m = 600, n = 1000 7.5e-9  3.3e-11 300 10.73 7.8¢-9  3.5e-11 374 13.78
m =1000,n = 1500 8.7¢-9  2.6e-11 284 35.12 7.6e-9  23e-11 327 46.28
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Table 2 Numerical results of Algorithm 1 and IAL with subtol = le — 6

ID Algorithm 1 IAL

Res Rel Init Time Res Rel Init Time
m = 60,n = 100 9.0e-9 3.9e-10 86 0.05 6.2e-9  2.6e-10 130 0.08
m =200, n = 300 6.0e-9  8.6e-10 140 0.48 9.2e-9 14e-10 174 0.58
m = 300, n = 500 8.8e-9  8.0e-11 185 1.61 9.5¢-9  89e-11 215 1.78
m = 600, n = 1000 7.8e-9  3.6e-11 232 8.34 8.4e-9  3.7e-11 262 9.68
m = 1000,n = 1500 9.6e-9  2.7e-11 193 24.25 8.6e-9  2.6e-11 277 34.67

different dimensions. We observe that when the subproblem is solved with different
accuracy, Algorithm 1 is faster than IAL in terms of the number of iterations and the
cpu time.

3.3 Thelinearly constrained £1 — £; minimization problem

Consider the following problem:
. B 2
min lx il + 5||x||2 s.t.Ax = b,

where A € R™*" and b € R™. Let m = 1500, n = 3000, and A be generated by
standard Gaussian distribution. Suppose that the original solution (signal) x* € R”"
has only 150 non-zero elements which are generated by the Gaussian distribution
N (0, 4) in the interval [—2, 2] and that the noise w is selected randomly with ||w|| =
1074,

b=Ax*+ o.

Table 3 Numerical results of Algorithm 1 and IAL with subtol = le — 8

ID Algorithm 1 IAL

Res Rel Init Time Res Rel Init Time
m = 60,n = 100 8.5¢-9  3.7e-10 32 0.03 8.7¢-9  3.0e-10 37 0.03
m =200, n = 300 8.3e-9 1.2e-10 85 0.28 8.4e-9 1.2e-10 100 0.34
m = 300, n = 500 9.8¢e-9  9.0e-11 95 0.84 9.5¢-9  8.5e-11 121 1.00
m = 600, n = 1000 9.0e-9  4.2e-11 108 4.32 8.1e-9  3.3e-11 136 5.47
m = 1000,n = 1500 9.8e-9  2.8e-11 108 13.63 8.6e-9  2.4e-11 144 18.67
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Table 4 Numerical results of Algorithm 2 and IAALM with subtol = le — 8

B 0.01 0.05 0.1 0.5 1 1.5
Init Al2 10 10 10 13 15 42
TAALM 35 37 34 33 35 100+
Time Al2 13.15 11.80 10.47 12.38 14.99 46.75
IAALM 38.12 36.77 35.34 36.50 34.54 106.45
Res Al2 4.18e-4 3.37e-4 3.18e-4 2.47e-4 4.74e-4 4.34e-4
TAALM 491e-4 4.82¢-4 4.75e-4 4.22¢-4 4.21e-4 6.50e-3
Rel Al2 1.31e-6 8.0le-7 6.35e-7 4.18e-7 9.09e-7 7.58e-2
TAALM 9.05e-7 8.47e-7 9.19e-7 8.15e-7 9.62e-7 7.34e-2
SNR Al2 1.17e+2 1.22e+2 1.24e+2 1.28e+2 1.21e+2 2.24e+1

TAALM 1.20e+2 1.21e+2 1.21e+2 1.22e+2 1.20e+2 2.27e+1

Set parameters for Algorithm 2 (AI2) with ¢ = 20, s = 1, My = sf, and the param-
eters of IAALM ([18, Algorithm 1]) with y = 1. Subproblems are solved by FISTA
and the stopping condition is when
_ 2
Xk — X1 < subtol
max{|lxg—1ll, 1}
is satisfied or the number of iterations exceeds 100, where accuracy subtol = le —
6, le — 8. We terminate all the methods when ||Ax; — b|| < 5 % 10~%. In each test,
we calculate the residual error res = |Ax — b||, the relative error rel = % and
the signal-to-noise ratio

lx* — mean(x*)||?
llx —x*|?

SNR = 1010g10

3

where x is the recovery signal.

In Table 4, we present the numerical results of Algorithm 2 and IAALM for var-
ious 8. When subtol = le — 6, IAALM does not work well, we list the numerical
results of Algorithm 2 in Table 5. Based on the Rel and SNR, it is seen that the
sparse original signal is well restored when 8 < 1. This is also shown in Fig. 2.

Table 5 Numerical results of Algorithm 2 with subtol = le — 6

B 0.01 0.05 0.1 0.5 1 1.5
Init 25 22 17 13 18 100+
Time 8.29 8.11 7.52 8.65 12.74 36.48
Res 4.62e-4 4.89%¢-4 4.93e-4 4.36e-4 4.36e-4 1.50e-3
Rel 1.52e-6 1.68e-6 1.30e-6 7.17e-7 9.12e-7 8.10e-2
SNR 1.16e+2 1.15e+2 1.18e+2 1.22e+2 1.21e+2 2.18e+1
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Fig.2 Original sparse signal and the final estimated solution of Algorithm 2 with subtol = le — 8

4 Conclusion

In this paper, we propose two inertial accelerated primal-dual methods for solving
linear equality constrained convex optimization problems. Assuming merely convex-
ity, we show the inertial primal-dual methods own O(1/k?) convergence rates even
if the subproblem is solved inexactly. The numerical results demonstrate the validity
and superior performance of our methods over some existing methods.
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