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Abstract

In this paper, we consider an unconstrained composite convex optimization prob-
lem. We propose an inertial forward—-backward algorithm derived from an implicit—
explicit discretization of a second-order dynamical system with Hessian-driven damp-
ing. For a > 3, we establish an O(1/d?) convergence rate for the objective value
gap. Furthermore, when a > 3, we prove that the iterative sequence generated by
the proposed method converges to a minimizer, and that the objective residual admits
an improved rate of o(1/d?). Numerical experiments are provided to illustrate the
effectiveness of the proposed approach.
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1 Introduction

We consider the following composite convex optimization problem:

min ®(u) = ¢(u) + ¥ (u), (1)
u€R”™
where ¢ : R" — R is a continuously differentiable convex function, and ¢ : R" — RU{+o0}
is a proper, lower semicontinuous, and convex function. A standard approach for solving
problem [1]is the proximal gradient method (PGM). The iterates generated by PGM follow
the update rule

Ca1 = Proxyg (Ca — AVe(()), (2)
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where A > 0 is the step size and Prox denotes the proximal operator is introduced in
Section 2| If V¢ is Ly-Lipschitz continuous, ¢ is convex, and v is convex on R", then the
sequence {(4}q>1 generated by [2 satisfies the convergence rate [12]

B(¢s) ~ min B(C) = 0(;) .

Numerous efforts have been devoted to accelerating the PGM. Beck and Teboulle [12]
proposed the fast iterative shrinkage-thresholding algorithm (FISTA), whose iterates satisfy

a2
with the same conditions. Many first-order methods for minimizing ® can be interpreted as
arising from suitable time discretizations of underlying differential equations. In particular,
Su et al. [29] established a fundamental relation between Nesterov’s accelerated gradient
method (NAG) and second-order differential equation, providing a continuous-time per-
spective on acceleration; see also [4] for further developments. They proposed the inertial
system characterized by a diminishing viscous damping coefficient ¢ (AVD),:

#(G) - min2(0) =0 ).

X+ %X + V(X (1) = 0. (3)

On building faster optimization algorithms, the vanishing damping § is an essential rule
[[3], [16], [18]]. For a > 3, each trajectory X (-) of AVD,, satisfies the asymptotic rate of
convergence of

HX (1) ~ming = 0( ). (4)

It is now well recognized that dynamical-system approaches provide powerful tools for
solving optimization problems; see, for example, [0, 15, 19, 23, 28, B3]. In particular,
suitable time discretizations of inertial dynamical systems with vanishing damping of the
form ¢ lead to accelerated forward-backward (AFB) algorithms [T} [5, 10, 23], accelerated
higher-order gradient methods [22], 32, [33], and inertial primal-dual schemes [14, [I8]. Later,
Attouch and Peypouquet [3] introduced the AFB method by combining FISTA with a
second-order differential inclusion with vanishing damping, and proved the improved rate
o(d%) for function values, and ({4) converges to a minimum point when o > 3. In [§],
accelerated proximal gradient algorithms were proposed for solving Problem [1} although
no convergence guarantees were provided. Nonetheless, as stated in [7], the iterates of the
inertial system (AVD), for the Rosenbrook function will exhibit oscillations.

To counteract oscillations, Attouch et al. [[2], [7]] investigated the class of dynamical
systems by adding an HDD term V2¢(X (t))X (¢) to the inertial system suggested in [29].
They studied the inertial system with viscous friction and Hessian-driven damping (HDD)
(DIN—AVD)(aw&b)I

X+ 2X + B VIH(X (1) X + b V(X (1)) =0, (5)
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where b(t) is a time scale parameter, and ((t) is damping parameter. Furthermore, the
inclusion of the Hessian term does not increase the computational burden. Indeed, in the
differential equation, the Hessian appears through the expression V24(X (t))X (t), which
can be interpreted as the time derivative of the mapping ¢t — V¢(X(t)). This HDD
term establishes a close connection with Newton-type methods and plays an important
role in mitigating transverse oscillations that may arise in the dynamical system [bf see
[2], 16, 13]. Moreover, the system (DIN-AVD), g} retains the convergence properties of the
classical system (AVD), while ensuring a rapid decay of the gradient norm. Furthermore,
it has been demonstrated that the second-order differential equation with HDD can be
equivalently reformulated as a first-order system in both time and space; see [17].

Subsequently, Shi et al. [28] 27] introduced a high-resolution dynamical system com-
bining HDD with vanishing damping %, obtained by refining NAG method. Using implicit
Euler and symplectic Euler discretizations, they showed that for o > 3 and smooth convex
functions @, the convergence rates satisfy [28], 27]

. 1 , 9 1
2(G) - mine(©) =0( ). win [V = 0( )
In addition, explicit-implicit discretizations of the continuous dynamic system (DIN-AVD), 3 1)
[2] give rise to rapid forward-backward inertial algorithms closely related to FISTA, tai-
lored for composite optimization problems. Furthermore, Attouch et al. [7] examined the
system (DIN—AVD)(a 5148y and determined the rate (’)(t%) for ®(X(t)) —min, ¢ for o > 3
b 9 t

and 8 > 0. More recently, Attouch et al. [9] investigated the convergence of discrete it-
erates generated by first-order methods through system [5, proving the rate o(d%) in the
discrete case and the corresponding rate 0(%) for the continuous dynamics when a > 3.

¢
Based on the time discretization of (DIN-AVD) (8,145) He and Fang [20] proposed
k) I t

the AFB algorithm with subgradient correction (AFBSC), given by

d—1 d -2
vg = (g + m(fd —Ca-1) — B\/jg_;rf 1 ) (&a+ Vo(va—)).
Cd+1 = Prox’yg (Vd - ’YVQb(Vd))’ (6)

Cart = —Vo(va) — i(gm ),

where a > 3 and v = s + 31/s for s > 0. They have obtained ®({;) — min¢ ®(¢) = O(d%)
and min <;<g dist?(0, 0®(z;)) = O(45). When o > 3, the convergence rate of the function
values is improved to o(d%).

Wang et al. [30] observed that the velocity X () can be discretized using a convex
combination of implicit and explicit schemes, leading to the AFB iteration. The implicit

contribution is given by ({411 — (4), while the explicit contribution is (1 — 0)(¢g — (4—1),



with # =1 — 1. They improved the range of 6 from (,1) to [0, +00), and thus # controls
the balance between numerical stability and efficiency. A small 8 may lead to instability,
whereas an excessively large 6 may degrade performance. They proposed an AFB method
by discretizing the ODE (DIN-AVD), 55 with 83 = 0 and by = d‘zo‘e, which is similar to
(AVD), for non-smooth composite optimization.

In our work, we introduce an inertial proximal gradient method obtained by discretizing
implicitly-explicitly an inertial dynamical system that incorporates both a HDD term
V2®(X (t))X(t) and a vanishing damping term X (t). We define a corresponding dis-
crete energy sequence for Algorithm [T} inspired by the Lyapunov function of the associated
continuous time dynamical system.

Main Contribution

(a) We discretize the ODE (DIN AVD)(a,8,,b,) In a implicit-explicit way where g =

(d+a9) and by = d+°‘9 + \/ for solving the convex optimization probleml In this

dlscretlzatlon HDD term V2®(X (t))X (t) is there which is absent in the [30]. The
proposed method also introduces the parameter 6 to control the proportion between
the implicit and explicit discretization of velocity term X (¢), and 6 lies in [0, +00).

(b) The step size in [30] is less than 7—; we have also established that the step size 7 is
6

greater than L%) for > 0, which is an improvement compared to the result in [30].

(¢) The proposed algorithm is the generalization of the algorithm, AFBSC [20], by in-
troducing the parameter ¢, which means when the value of § = O‘T_l, the Algorithm
reduces to the algorithm AFBSC.

(d) We prove that, for & > 3 and 6 > 0, the convergence rates satisfy ®((y) — ming o(() =
O(+) and improve to o( ;) when o > 3. We have also obtained min; <;<4 dist*(0, 0®(xz;)) =
(’)(d%) corresponding to a > 3 and 6 > 0, which is the new one associated with 6.

(e) To demonstrate the effectiveness and practical usefulness of the proposed strategy, we
have investigated two composite convex optimization problems: one is ¢1-regularized
logistic regression, and the other is the Lasso problem. By choosing o = 90 and
# = 10 for the Lasso problem and a = 60 and 8 = 5 for the ¢;-regularized logistic
regression problem, it has been shown that the proposed method gives better results
as compared to the AFBSC [20].

The remainder of this paper is organized as follows. Sect. [2| presents the necessary pre-
liminaries. In Sect. [3] we discretize the ODE and propose the algorithm. Sect. []introduces
a Lyapunov function for analyzing the algorithm. In Sect. we study the convergence
of the iterative sequence generated by the proposed method. Numerical experiments are
reported in Sect. [6] to validate the theoretical results. Conclusion is provided in Sect. [7]



2 Preliminaries

To support the subsequent analysis, we first introduce some notation and basic concepts.
For background on convex analysis, we refer to [11], [26]. The standard Euclidean norm
and inner product on R™ are denoted by || - || and (-, -), respectively, while || - [|; denotes the
¢1-norm. Let K be a proper closed subset of R”, we define dist?(0, K') = minyex ||wl||?. For
a function ¢ : R" — RU{+o0}, its domain is given by dom(¢) = {w € R" | ¢(w) < +o0}.
The function v is called proper if dom(v¢) # @, and it is lower semi-continuous at w if
Y(w) < limy_yy inf P (u).

The function ¢ on R™ is convex if ¢p(Au + (1 — A)v) < Ap(u) + (1 — N)g(v), for all
u,v € R™ and for any A € [0, 1] [26].

The proximal operator Proxy, : R"™ — R"™ with respect to a proper lower semi-
continuous function Ay for A > 0 is defined as

. 1 2
Prox,(w) := arg&l&{w(u) + ﬁHw — ul| }, (7)

for all w € R™ [II]. We make the following assumptions:

Assumption 1. (a) ¢ : R” — R is a differentiable convex function whose gradient V¢
is Lipschitz continuous with constant L.
(b) ¥ :R™ - RU {400} is a proper, lower semi-continuous convex function.
(c) argmingern ® = S # 2.
The following outcomes are essential.

Lemma 1 ((Theorem 2.1.5, [25]), (Lemma 3, [21])). If ¢ : R™ — R is a convex function
with the gradient vector V¢ is Lipschitz continuous function with constant Lg, then we
have

(i). (Vo(w),u—v) > $(u) — d(v) — Z2|lu — w|2.
(ii). (Vo(u) — Vo(v),u —v) > 52(|V(u) — Vo (v)|2,

for all u,v and w belongs to R™.

Lemma 2 (Lemma 5.31, [I1]). Let {aq}q>1 be a sequence in R that is bounded from below,
and let {bg}i>1 and {ca}i>1 be nonnegative sequences such that > 5, cq < co. Assume
that, for all d > 1,

agr1 < ag —bq + cq.

Then the sequence {aq}q>1 converges, and moreover, y 1~ bg < oc.

Lemma 3 (Lemma 2.47, [I1]). Suppose that {(i}a>1 is a sequence in R™ and S is a
nonempty subset of R™. Assume

(i) For every ¢* € S, the limit limg_, o ||Cq — C*|| exists.



(ii) Each cluster point of the sequence {(4} belongs to S.
Then the sequence {(4}q>1 converges to some point in S.

Lemma 4. [Theorem 2.1.5, [Z]]] If ¢ : R" — R is a convex function with the gradient
vector V¢ is Lipschitz continuous function with constant Ly, then we have

Vo)~ Vo) < (Vé(u) — Vo(v),u—v)
¢

for all u,v € R™.

Lemma 5. [2()] For any u,v € R™ and s > 0, the following holds

1 1 1
(=) = 5llu = ol = Sljul® = 5ol ®)
1 1
— 2l = -l < (u,0) < Sl + ol (9)
Proof. The proof is obvious. O

3 Discretization of high-resolution of ODE

We discretize the ODE |5| by setting 545 = %,bd = d+Ta9 + d%%, where 6§ > 0,8 > 0,
s > 0, and « > 3. For the time step size is fixed /s and t; = d+/s, the implicit-explicit

finite difference scheme approach provides

Car1—=Ca  Ca—Ga-1 0479(Cd+1 - Cd)+a(1 —0) (Cd - qu)

s s k s k s

W (V(Garn) + Vo(Can) — (VelGa) + V() )
8

It O G (Can)) + VCarn) o (Vo) + V() = 0. (10)

T NG

Multiplying s in Equation we obtain

a(l —6)
k

(Ve (Cas1) + T(Carn) = (Vo) + Vo(C))

(VlGann) + V(G + 2V (V(Co) + V()= 0

(Car1 — Ca) — (Ca — Ca—1) + %H(Cd—&—l —Ga) + (Ca — Ca—1)

n (d+ 04:)5\/5
d+ af

k

+



Also,

d 0 d 0—1
J;ca (Cav1 — Ca) — —|—a§€)

+ M (V?/J(Cd+1) + VCZ)(Cd-I—l) - (V@ZJ(Cd) + V¢(Cd))

k
d+ af B/s
k

k

(Ca— Ca-1)

N———

+

s(V(Car1) + Vo(Car1)) +—— (V¥ (Ga) + V(Ca)) = 0.

Now, we obtain

d 0—1
eroiae)(Cd —Ca—1)

= BV5(Vean) + Vo(Carn) — (VG + Vo(Ga))

5 (V) + V6(Garn)) ~ Vo (V) + V(%) (1)

Ca+1 = Ca +

However, the update of Equation [11]is implicit, we use V@ (v4) to approximate Vo ((gy1),
where

va= Gt SO ¢ g+ OOV () + Vot )
Now,
Gier = va— (55 -+ 5)(V(Gar) + Vo).
Also,

Car1 +7VY(Car1) = va — YV d(va),

where 7 = (y/s + s. Since we assume 1) is a convex lower semi-continuous (possibly
non-smooth) function, we obtain

Cay1 = Proxyy(va — YVo(va)). (12)
rom Equation (12|, we have —= ({411 — vq) — vg) € 4+1). We can choose
From E h i Cas Vo OY(Cap1). Wi h

fav1 = _,1y((d+1 —vq) — Vo(va) € 0Y(Carr)- (13)

Based on the the above analysis, we now propose the corresponding algorithm.



Algorithm 1 Improved accelerated forward-backward algorithm with subgradient correc-
tion (IAFBSC)

1: Initialize: Let (1 = (o = vp € R", & € 9g(x1), « > 3,0 > 0, s > 0, 8 > 0,

v =s+BVs
2: ford=1,2,... do
3: Step i:
B d+a(@—1) (d+ab —1)B4/s
vg = G4 + W(Cd —(4-1) + d+ab (€a+ Vo(vi-1)),

4: Step ii:

a1 = Proxyy (va — vVo(va)),
5: Step iii:

1

§ar1 = —V(va) — a((d-i—l — Va).
6: Until a stopping criterion is met
7: end for

8: return ({4, vq,&q)

4 Construction of Lyapunov Function

We introduce the energy sequence {€;(w)}q>1 defined by

Ealw) =(s(d+1+a(0 — 1)) +n(BV5 +5) ) (d + ab) (D(Ga) — @(C"))
+ 5 lua@) P + Sl — ¢, (14)
where

ug(w) =w(Ca — ¢*) + (d+a(f —1))(Ca — Ca—1)
+BVs(d+af —1)(¢a+ Vo(vi-1)), (15)

for any 6 > 0, w € [2,a], and n = a« —w — 1. We are now in a position to state the following
result.

Lemma 6. Let Assumption |1| holds, and {(Cq,va,&a)}a>1 be the sequences produced by
Algorithm[1], and let ¢* € S. We define the associated Lyapunov function Eq(w) as in (14).



Then, we have

Ear1(w) — E(w)
< (s(d+af)(3—a+n)+s2—a+n) +n6Vs)(®(Car1) — 2(¢))

s(d + ab)?
- SO ot 29v5 — Lol + 6952 (14 = fean + Vo)l

wn
+ 7] 1Car1 — Call®-

2
~ [n(d+1+a(0- D) +%
Proof. From Equation we get

g1 (w) — ua(w)

=w(Cp1 =)+ (d+1+a(@—1))(Car1 — )

+ Bvs(d+ ab) (a1 + Vd(va)) — w(la —¢7) — (d+ a0 — 1)) (¢t — Ca-1)
— BVs(d+ab —1)(&a+ Vo (vi-1))

= w(Ca+1 — Ca) + (d+ 1+ a0 —1))(Cat+1 — Ca)
+ BVs(d + ab)(§ar1 + Vo(va)) — (d+ a(f — 1)) (¢ — Ca—1)
— BVs(d+al —1)(&a+ V(ra-1)).

Putting w = a — n — 1 in Equation [16] we obtain

Ugt1(w) — ug(w)
= —n(Ca+1 — Ca) + (d+ ab)(Cag1 — Ca) + BVs(d+ ab)(Ea1 + Vd(va))
—(d+ a0 —1))(Ca — Ci—1) — BV's(d+ ab — 1) (&5 + Vi (ra—1)).

Using stage i of IAFBSC, we get

Ugt1(w) — ug(w)

= —n(Car1 — Ca) + (d+ ab)(Car1 — Ca) + BV5(d + ab)(Ear1 + Vo(va))
— (d+ ab)(vg — Ca)

= —0(Car1 — Ca) + (d+ ab)(Car1 — va) + BVs(d + ab)(§ar1 + Vo (va)).

From step iii of IAFBSC and using v = s + $+/s, we deduce

Ugy1(w) — ug(w)

= —n(Cat1 — Ca) — Y(d + ab)(§ar1 + V(va)) + BVs(d + ab)(§ar1 + V(va))
= —n(Car1 — Ca) — (BV's + 5)(d + af)(Ear1 + Vo(va))

+ BVs(d + ab) (a1 + Vo(va))

= —1(Ca+1 — Ca) — s(d + ad) (a1 + Vo(va)).

9
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Using Equation [I5] and [I9] we obtain

(ug+1(w), ug1(w) — ug(w))

= (w(Ca+1 = ¢") + (d+ 1+ a0 —1))(Ca+1 — Ca)

+ Bvs(d+ af)(§ar1 + Vo(va)), —n(Car1 — Ca) — s(d + ab)(Ear1 + Vo(va)))

= —wn(Cas1 — ¢*, Carr — Ca) — n(d+ 14 a6 — 1))[|¢ar1 — Gl?

—1BV/s(d+ af)(Car1 — Cas a1 + V(va)) — s8vs(d + ab)?[[€arr + Vo(va)ll?
—ws(d + ad)(Car1 — ¢, Eay1 + Vo(va))

—s(d+af)(d+1+a(@—1)){Cir1 — i &ar1 + Vo(va))

= —wn(Cap1 — €%, Car1 — Ca) = (d + 14 a8 — 1)) [[Ca41 — Call?

— (nBVs(d+ af) + s(d+ ab)(d + 1+ a(f — 1)) (Car1 — Ca, a1 + Vd(va))

—ws(d+ ad)(Cas1 — ¢ a1 + Vo(va)) — sBvs(d + ad)?||€arr + Vo(wa) . (20)

Next,
[uar1(w) = wa(@)|* = [[0(Car1 — Ca) + 5(d + ad) (€1 + Vo (va)) |12

= 0?||Cas1 — Call* + 8% (d + aB)?(|€as1 + Vo (va) ||
+ 2ns(d + a0)(Ca+1 — Cd, Ea+1 + Vo(va)). (21)

Using Equation [§ we get

1 wn N 1 wn N
§||Ud+1(w)||2 + 7||Cd+1 — |1 - §Hud(w)|]2 - 7||Cd — ¢

= (ug1(w), v (W) — ua(w)) — %Iluczﬂ(w) — ug(w)|?

+wn(Cat1 — ¢*, a1 — Ca) — %”Cd-i—l — Gl

From Equation 20] and 1], we obtain

1 wn N 1 wn .
§||Ud+1(w)||2 + ?HCd—i—l — |1 - 5”%@)”2 - 7||Cd —¢*|?

= —wn{Cat1 — ", Car1 — Ca) = n(d+ 1+ (0 — 1)) [|¢at1 — Call®
— (nBVs(d+ af) + s(d+ ab)(d + 1+ (8 — 1)))(Cav1 — Ca, Ear1 + Vo(va))

— s+ 00) (Casr — € Eavr + V() — BV + a)?Eanr + V(v
2 2 d i 2
s - call? = S0 ey 1 To0I? — G — Gl

—ns(d+ ad)(Ca+1 — Ca> Ea+1 + Vo(va)) + wn(Car1 — ¢F, Cav1 — Ca)- (22)

10



Also, we have

1 w N 1 w .
Sluart @) + Sl = 12 = S lua@) 2 = Zlica = ¢*IP
2

w
= —[n(d+1+a(0— 1) + T+ |61 — Cal?

—ws(d+ a0) (a1 — ¢* €av1 + Vo(va))
—ns(d + ab)(Catr1 — Cay Ear1 + Vo (va))

2 2
~ [sovata+ sy + ZOE N e, 4 vaiwn)2

— (BVs(d+ab) + s(d+ ab)(d+ 1+ a0 — 1)))(Ca+1 = Cas Sa+1 + Vo(va))

= [n(dJr 1+ a(d—1))+ 7722 + %77} a1 — Call?
—ws(d+ af){Car1 — ¢* €ar1 + Vo(va))
LI 28 e + Vol

— [18V3(d + at) + s(d+ ad)(d+ 1+ a0 — 1) + 1)

X (Ca+1 — Cas a1 + Vo(va)).

Using step ii and step iii of [IAFBSC, we obtain

a1 € 0Y(Cay1)-

Therefore, taking into account the convexity of ¢ for any w € R™, we obtain

(€a+15 Cav1 — w) 2> Y(Car1) — P(w).
Lemma [1] (i), step iii of IAFBSC implies that

L
(V(wa), Gt = w) = 9(Ca1) = Sw) = [ Car = val

_ _ _ LQWQ 2
= ¢(Cay1) — d(w) 5 a1+ Vo(va)l”

Adding Equation 24 and 25} we obtain

(Cat1 — w,&a1 + Vo(rg))

L 2
> §(Cart) + ¥ (Cart) — Blw) —v(w) = Z2||gars + Volva) |
2
= ®(Cat1) — B(w) — Lq;’y €41 + Vo(va)l*.

11
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Replacing w in Equation 26| with (* and (g4, respectively, we arrive at

L 2
(v = ¢ o + V() 2 D(Carn) = (CT) = Z2- g + Vo)l (27)

and

L 2
(Cat1 = Cay Ear1 + Vo(va)) > ®(Cav1) — P(Ca) — ny €441 + Vo (va)||*. (28)

From Equation 27] and 28] we get

ws(d+ ad)(Cay1 — (%, ar1 + Vo(va))
+ _ng\/g(d +af) 4+ s(d+ab)(d+1+a(@—1)+ 77)] (Car1 — Cas€ar1 + Vo(rg))

2
> ws(d + a0)[2(Gu) — B(C) —~ Z2L€gir + V() ]

i :ng\/g(d +ab) +s(d+ab)(d+1+a(d—1)+ 77)]

- L 2
X [(Car1) = (o) = =5 ar + Vowa) ]

= b_ds(d + af)(®(Ca41) — (7))
+ [18V3(a+ af) + s(d+ ad)(d+ 1+ a(® = 1) + 1) | (®(Can) — @(Ca))

- qu [nﬁ\/g(d +afd) +s(d+ab)(d+1+a(d —1)+n) +ws(d+ ab)

X [|€as1 + Vo (va)|?
=ws(d + ab)(P((a+1) — P(CY))

+ [18V3(d+ ab) + s(d+ ab) ([d+ 1+ a0 = 1) + )| (@(Gas1) — 2(C)
— [n8V5(d + af) + s(d + ab) (d+1+a(0 = 1) + 1) | (2(C) — (C7)

- Ldé’yz[nﬁﬁ(dme)+s<d+a9>(d+1+a<9— D+t

X [|€as1 + Vé(va)l>. (29)

12



Using n = @ — w — 1, Equation 29 becomes
ws(d + af)(Car1 — C*, &av1 + Vo(va))
+ [18V3(d+ a8) + s(d +ab) (d+ 1+ a0 — 1) +7)]

(Ca1 — Cas a1 + Vo(va))
> (n8vs(d + af) + s(d + ad)*) (2(Cas1) — 2(¢7))
— [18V3(d + af) + s(d+ aB)(d + 1+ a(® = 1) + 1) | (2(Ca) — @(¢)

L 2
— =25 [nBVs(d + ab) + s(d + ad)? | [[6as1 + V(o) (30)
Then, from Equation [14] and 23] we have

Ear1(w) — E(w)
= (s(k+2+a(0— 1)) +n(BVs+5))(d+ 1+ ad)(P(Car1) — 2(¢))
— (s(d+1+a(0 — 1)) +n(BVs + 5))(d + ab)(®(Ca) — D(CT))

+ g luaa @12 + S Gas = 17 = Slha@I? =~ a2

= (s(k+2+a(0 = 1) +n(Bvs +5))(d+ 1+ ab)(®(Car1) — 2(¢7))
— (s(d+1+4a(0 - 1)) +n(BVs + 5))(d + ad)(2(Ca) — 2(¢7))
[ 1+ a0 = 1)+ 4 S e — Gal?

—ws(d + ab)(Ca+1 — (75 &at1 + Vo(va))

~ [n8V3(d + af) + s(d + ad)(d+ 1+ a( — 1) +7)

X (Cd+1 — Cds Eat1 + Vo(va))

S « 2
- ) o 28y + To) (31)

13



From Equation 30} we deduce

Ear1(w) — Ea(w)

Now,

Ly
_|_7

(k+2+a(0—1)+n(BVs+s))(d+1+ad)(®(Cas1) — D(¢))
(d+1+a(0—1))+n(Bvs+s))(d+ abd)((Ca) — P(C))

< (s
— (s
2
— [+ 1+ a0 = 1) + L+ 2T 1o — Gall?
— (8 d+a9)+s(d+a0>)( (Cas1) = ®(¢7))

[0V +08) + s(d + 00 ass + Tl

+ [18V3(d + ) + s(d+ aB)(d+ 1+ a0 - 1) + )| (2() — D))

_s(d+ af)?
2

_s(d+ af)?
2

(s + 28v/3)||€a+1 + Vo (va)|*

= [((stk+2+ a6 1) + 1(BV5 + ) (d + 1+ af)
~ (n8v5(d + a0) + s(d + af) )}(@(gdﬂ) )

[77 (d+1+a@-1) +7+77 }||Cd+1 Call®

s+ 285 = L7 (14 o= ) lean + VoWl (2

((s(k +2+ a0 = 1)+ n(BVs +9))(d+1+ab)) = (n8V5(d + ab) + s(d + ab)?)
=s(d+abf +2—a)(d+ab+1)+16Vs(d+ab +1) +ns(d+ ab + 1)

—nBvs(d + ab) — s(d + ab)?

=s(d+af)? +5(2—a)(d+ab+1)+ s(d+abd) +ns(d+ab + 1)

+nBvs(d+ ab) + nBV's — nBvs(d + af) — s(d + af)?

=52 —a)(d+ 14 ab) + s(d+ ab) + 165 +ns(d+ 1+ ab)
=s(d+1+ab)(2—a+n)+s(d+ab)+nbys
=s(d+ad)3—a+n)+s2—a+n) +nbys. (33)

14



Putting Equation [33|in Equation and since v = /s + s, we obtain

Ear1(w) — Eg(w)
< (s(d+ab)(3—a+n)+ 52— a+n)+n8vs)(®(Car1) — P(CT))

S [0 2
- (d+29) [s +2Bv's — Ly(s + ﬁx/E)z(l + \/E((yf—a@ﬂ a1 + Vo(va) |
2 w
~ [+ 1+a(0 - 1)+ L+ lcan - cal® (34)

O]

Theorem 7. Suppose Assumption holds. Let {((4,Va,&a)}a>1 be the sequences generated
by IAFBSC and (* € S. Assuming s+ 23v/s > Ly(s + 8v/5)?, we have

(i). ®(Ca) ~ ®(¢7) = O( )

(i) (a—3) 345 (d + abf)(P(Car1) — B(CF)) < +o0.
Moreover, when s + 23y/s > Ly(s + $v/5)%, we have

(iii).
S =
3 > (d+ a0)? a1 + Vo(va)|* < E1(a—1) < +oo,
d=1
S =
5 D (d+ ab)?|[€ar1 + Vé(Carr)|? < +oo.
d=1
(iv).
“+00
> (d + ah)?dist® (0, 02(Car1)) < +o0,
d=1

o _ 1
1r§11]1§d dist(0, 0F (z41)) = (9<$)

(). If a >3, 31 (d+ 1+ a(d —1))||¢a1 — Cal|? < +oo0.
Proof. (i). Put w = a — 1 in Equation [34] we obtain
Eari(a—1) = Ela—1) < (s(d+a0)(3 — ) + s(2 — 0))(@(Car1) — B(C7))

2
-t 0O 955 — L(s + BV l€ans + Towa)l?

<0, (35)

15



asn =0, a >3 and s+ 28y/s > Ly(s + 81/5)% Next, we obtain that {€s(a — 1)}4>1 is a

non-increasing positive sequence and thus is bounded. As E;(a—1) < & (a—
Equation [14], we get

(s(d+ 1+ a0 —1))+n(Bvs+s))(d+ abd)(P(Cs) — P(¢F))

+ Slhua)? + E 2

G = I < Exa - D).

Also,
s(d+1+ a0 —1))(d+ ab)((C) — 2(¢7)) < E(a—1).
And then,

E1(a—1)

(®(Ca) = @(¢7) = s(d+1+a(@—1))(d+ab)’

(ii). From Equation [35] we have

Eapr(a—1) = Eala = 1) + (s(d + af)(a = 3)(2(Cas1) — B(¢7)) < 0.

Summing Equation [37) for d = 1,2,..., N, we obtain

N
Enpi(a—1)+s(a—3)> (d+af)(®(Cys1) — (7)) < Ex(a—1).
d=1

Also, we have
N
3)> (d+af)(@(Cay1) — P(CY)) < Ex(a—1).
d=1

As N — 400, we obtain

+oo
(0= 3) S (d+ ) (B(Carr) — B(¢")) < EL— D

d=1

(iii). Whenever s + 28v/s > Ly(s + 81/5)?, Equation [35] yields
Eaiilo—1) — Eala—1)

2
+ W[s + 285 — Lg(s + Bv3)*||€ar1 + Vo (va)|* < 0.

Summing Equation [39|for d = 1,2,..., N, we obtain

< +00.
s

N
Enyi(la—1)+ 2[S+2ﬁ\[_L¢ S—i—,@f Z (d+ ab) H§d+1+v¢(ud)”2
d=1

S 51(04 — 1).
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Also, we have

N
25+ 285 — Lyls + BVE)) D (d + )2 ass + Vo)l < E(a 1),
d=1

As, N -+
< 281 (o — 1)
2 9 1
dEI(dJFOéQ) [€a+1 + Vo(va)|” < ST 28v5 — Lol £ AV5)) < +o0.

As V¢(x) is Ly-Lipschitz continuous, and Step iii of IAFBSC implies that

€411+ Vo (Car1)|? = a1 + VO(va) + Vé(Car1) — Vo(va)|?
< 2(||ag1 + Vo(wa)ll? + [Vo(Car) — Vo(va)|?)
< 2([[ég41 + Vowa)ll? + Ll Car1 — vall?)-

Using step iii of IAFBSC, and as v = s + 84/s, Equation [41| becomes

€1 + VeCar)l* < 201+ (s + BVS)*LE)[€as1 + Vo (va)|*
From Equation [0 and 2] we deduce

—+00

> (d+ ab)?||€ar1 + Vo(Carn)|® < +oo.
=1

(iv). Since €441 € 0v¥((4+1), we have

+Z(d + af)2dist?(0, 0P (441)) < +Z(d + af)?(|€ap1 + Vo(Carr)|? < +oo.
d=1 d=1
Then,
+oo
1r<nJ1n dist(0, OF (xi41) ]2;7 < dzzl (d 4 af)?dist?(0, 0®(Caq1)) < +oo.

This yields,

. o1
1rgr1j1gddlst(0, OF(xj11)) = O(ﬁ)

(44)

(45)

(v). Set we (2,a—1)ifa >3, thsn=a—-w—-1>0. As3—-—a+n=-w+2<
0, 2—a+n=—w+1 <0, then there exists dy > 1 such that for any d > dy, from Equation

[34] we get
s(d+abf)(3—a+n)+s2—a+n)+n8vs <0,

17
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and

s(d + a)? np
using s + 28+v/s > Ly(B+y/s + s)%. From Equation |46/ and [47| and Equation we get
Eap1(w) = Ea(w) < = (n(d + 1+ (8 — 1)))[|¢ay1 — Call?, (48)

for all d > dy. Next, we obtain that £;(w)}4>1 is bounded for every w € (2,«—1). Summing
Equation @8] for d = 1,2,..., N, we obtain

N
Ens1(w) +0 Y (d+1+a(l —1))Cu — Gll* < &i(w).
d=1
Also, we have
N
1Y (d+1+a(0 = 1)¢a — Gl < & (w).
d=1
As N — oo, we obtain
+o00o
&
@+ 14a0 - )l — Gl < T < yoo (49)
d=1 gl
O
Remark 1. The parameter condition 23+/s+s > Ly (B+v/s+s)? can be rewritten equivalently
as
Y

As v = s+ B/s, this implies B+\/s < =, it follows that v < L%)' Moreover, when 3 > 0,

we can choose v > Li In a particular case f = 0, the parameter condition reduces to
¢

v < L%b’ which coincides with the classical step-size requirement for the AFB algorithm

(see [5], [12]).

5 Convergence analysis of generated sequence

Lemma 8. Let o« > 3 and 0 € [0,+00), and let {aq}q>1 and {bq}i>1 be two sequences in

[0, 4+00) such that

d+a(@—1)
d+ af

foralld > 1. If 525 dby < 400 then 3425 aq < +o0.

ag+1 < aq + b,

18



Proof. Since a > 3,0 > 0, we have a(f — 1) < o — 2. Therefore, we can write

d+af —2

Ad+1 > Wad + bd.

Multiplying (d + 1 + a#)? in Equation we obtain

d+ 14 af)?(d+ab —2
(d+1—|—a9)2ad+1§( * +CZ£1519+O[ )ad+(d+1+a9)2bd

< (d+ af)’aq + (d+ 14 ab)?by.

Summing Equation [51]for j =1,2...,d — 1, we obtain

d—1
d+ab)’ag < (1 +ab)ar+ > (j+1+ab)’b;.
j
j=1
Dividing by (d + af)?, and summing for d = 2,...,m, we get
m m m d—1
(1+ ab)? 9
Zadﬁmz 2+Z 5 ) (G +1+ad)b;
= = (d+ ab) = (d+ ab) =
Observing that
+00 +oo
1 1 /+°° 1 1
< — < dd = ——

-1 4o

m m )2 m
Zadgalzu+z< Z ((1_’_1(10)2)(]+1+(19)2b]

2
(d+ af) j=1 d=j+1

Since Z;j‘f dbg < +oo, and from Equation we get

m m m—1

(1+ af)? (j+ 1+ ab)?
Yaasa Y UL Y UELEAOD,
= d:2 (d+ ab) = j+1

m—1

Hence, proved.
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(14 af)?
1Z(+7a)+ (j+ 14 ab(2 + ab))b; < +oo.

(50)

(52)

(53)

(54)



Theorem 9. Suppose that Assumptz'on is satisfied, o > 3, and s+26+/s > Ly(By/5+5)%
Let {(Ca, vd, &a) }a>1 be produced by Algorithm . Then the successive differences satisfy

1
1Cav1 — Call = O(d) :

Moreover, the sequence {(4}q>1 converges, and its limit belongs to the solution set S; that
is, there exists (* € S such that

Ca—C" asd— oco.

Proof. From ([48)), we see that the energy sequence {€4(w)}4>1 is bounded for any w €
(2,0 — 1). Together with and the fact that n = @ —w — 1 > 0, this implies that the
sequence {(4}q>1 is bounded. Furthermore, by invoking Theorem [7](iii), we obtain

(d+ab)||€g+1 + Vo(va)| = 0,

lim

d—o0
signifying that {(d + a0)B8v/s({a+1 + VP(vq)) }a>1 is also bounded. Moreover, as {Eq(a —
1)}4>1 is bounded. From Equation [14] and we obtain

{w(Car1 =)+ ([d+ 1+ a0 = 1)) (Car1 — Ca) + (d+ ) Bv/s(Ear1 + Vo(va)) Fax1
is bounded. Since the sequences {(q}q>1 and {(d+ab)Bv/s(Ea+1+Vé(va)) }a>1 are bounded,
we obtain the sequence {d + 1+ (0 — 1))(C4+1 — Ca) }a>1 is bounded. Hence,

1
[Car1 — Call = O(E)' (55)
By the lower semicontinuity of ®, for any sequential cluster point (*° of the sequence
{Ca}td>1, that is, for any subsequence {(y; } satisfying (4, — (> as d; — oo, we have
®(¢*°) < liminf ®({y,) = min P,
dj-)OO J w
where Theorem [7{i) yields the last equality. Consequently, every cluster point of {(z}4>1

belongs to the solution set S. Next, fix an arbitrary (* € S. We now show that the
sequence {|/¢(g — ¢*||}a>1 converges. Denote the another sequence

]' *
ha = 5lGa— ¢ (56)
Utilizing Equation [8] and step i of IAFBSC, we get
N 1
hat1 — ha = (Ca+1 — 7 Car1 — Ca) — §||Cd+1 — Call?

d+a(d—1)
d+ ab

(G = € €t Volra ) — 3lan — Gall’,  (57)

= (a1 — ¢ Cap1 — va, ) +

(d+ab —1)54/s
* d+ o

(Cav1 — C* Ca — Ca—1)

20



and

ha = ha—1 = (Ca — ¢, Ca — Ca-1) — %HCd*Cd—lHZ- (58)
Then, we have
(hat1 — ha) — W(hd — ha-1)
= (Ca+1 = ¢ Car1 —va,) + W@dﬂ — ("G = Ca-1)
s Zi_ale)ﬁ\/g@dﬂ = (" &+ Vo(vg-1)) — 1HCdH — Call?
- - -+ G Gl 69

From the step iii of IAFBSC, Equation [59] becomes

d+ @ —1)
d+ b

= —{Ca+1 — % a1 + Vd(va)) +

(hat1 — ha) — (hqg = hq-1)

w@dﬂ — Cas Ca — Ca—1)

d+ af
d 0—1 1
= +3+ ae)ﬂ\/g@dﬂ =&+ Vo(va)) — 5llCa — Gall?
d+a(d—-1) 5
WH@ Ca—l|
d 60—
—Y{Car1 — ", a1 + Vo(va)) + M<Cd+l — (a5 Ca — Ca—1)
d 0—1 d
+ ( +Z+ ae)ﬁ\/E«dH — (" &+ Vo(vg1)) + MHCCI Carl® (60)
Denote
Agi1 = hay1 — ha + BvVs(Cay1 — ¢% €av1 + Vo(va)). (61)
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Using Equation 60| and v = 34/s + s, we have

d 0—1
Bawr - TR
= hap1 — ha + Bv'5(Car1 — ¢ a1 + Vo(ra))
d 0—1 d 0—1
- _’—do—[ifoﬁ)(hd — hg—1) — —i_doiaa)ﬂ\/g@d — (" &+ Vo(rg—1))

—(Ca+1 — " a1 + Vo(rva)) + w

d+ af
d 0 —
+ (d+ 3 n ale),B\/E<<dH — (" 8+ Vo(rg—r)) +

+ Bv's(Car1 — ¢, €ar1 + Vo(va))

(Cas1 — Ca,Ca — Ca—1)

(d+a(@—1))

2
2(d + ob) I = Caall

d
-4 +a§+a9))ﬁf< = (8 + Vo(va-1))
0 —
= —8(Ca+1 — (", &1 + Vo(ra)) + W<Cd+l — Cds Ca — Ca—1)

d+a(f—1)
2(d+ ab)

n (d+af —1)84/s

2
FEpY, I¢a — Ca—1l]

(Cat1 — Canéa+ Vo(rg—_1)) +

+ dﬁ—i—\/jﬁ ((d+ab —1) = (d+a(0 —1))){¢a — ¢", €a + Vd(va1))
< —5(Cav1 — C* €ar1 + Vowa)) + [1Cas1 — Callll€a — Caall + %HCd — P

(o — )ﬁf

+ 6vVsl[Car1 — Calllléa + Vo(vg—1)|| + ————I¢a — C*[lll€a + Vo(va—1)l.  (62)

The last inequality comes from the Cauchy—Schwarz inequality. Since v is convex, its
subdifferential mapping 0v is monotone. Furthermore, because

0 € dD(¢*) = Vo(CF) + 0w (¢,

it follows that
=Vo(¢*) € 09(¢7).
Using this and fact {311 € 09((4+1), we obtain

(Ca1 = ¢ €1 + Vo(CF)) > 0. (63)
Using Equation we can establish,

(Cav1 — € a1 + Vo(va)) = (Cav1 — ¢ €ar1 + VO(CF) + Vo(va) — Vo(ax))
> (Cay1 — ¢ Vd(va) — Vo(zx))
= (C4+1 — va, VP(vg) — V() + (vg — (7, Vo(vg) — Vo(ax)). (64)
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Using Lemma [4 and Cauchy-Schwarz inequality, Equation [64] becomes

(Cay1 — C% €av1 + Vo(va))
> — €1 — vallll Vé(ra) — Vo(C) + Ll(bHV(ﬁ(Vd) — V()%

We have 1
z[[llyll < §(Hfﬂ\|2 + llyl?).

Put z = W('/Ci)_ﬁzd)(c*)” and y = 4/ %Hfdﬂ — 4| in Equation we obtain

L{p\%(w) SV — s — vall IV (va) — Vo(C)]

—L
> — a1 — vall”

Equation [65] becomes

N —L
(Car1 — ¢ 8ar1 + Vo(ra)) > T¢|!Cd+1 — val*.
Since (411 — vg = V(€441 + Vo(vg)), from above equation we obtain

_qu?

e+ Vo(a) |

(Cat1 — ¢ &ay1 + Vo(va)) >

As v = s + 84/s, Equation |68 becomes

—Ly(s + By/s)?

1 €441 + Vo (va)||>.

(Cat1 — ¢ €av1 + Vo(rg)) >

From Equation [69] and [66] Equation [62 becomes

d+a(f —1)

Ay <
d+ af d = d,

Agi1 —

where

2
eg= Lo T BV o ol +

4
Flica— cal?+ 23

£l
+ D0 6 g+ Vot

1+ 8ys
2

[¢at1 — Call?

€4 + Vo (va—1)|?

23
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From Theorem (7] (iii) and (v), we obtain

—+00

Zd €441 + V(ra)l|* < +o0 and > dl[Car1 — Call* < +oo,
d=1 d=1

and combined with the boundedness of {(4}4>1, we obtain

~— (=P,
16 = ¢ llga+ Votvanll < 30 (- *ns + Vova)|?)
d=1 d=1

< 400, (71)

as {||¢a — ¢*||?}a>1 is a bounded sequence. Since

“+o0 —+o00
D dllgg + Vowa)ll? < dPlléars + Vo(va) | < +oo,
d=1 d=1

we get 1% dey < +oo. From Equation we can further derive

d+a(@—1)
[Agi1]+ < W[Ad]Jr + é€q. (72)
Applying Lemma [8], we get
+oo
> [Adly < +oo.
d=1
Along with Equation [61] and [71], this implies
+oo +00 +oo
D [hass = hals < [Aapalt + Y BVsll¢ars — CllIar + Ve(va)|
d=1 d=1 d=1
< +00. (73)

Applying Lemma, [2, with
has1 < hg + [har1 — ha)+,

we conclude that limg 0 hg = % limg 400 [|Ca — ¢*||? exists. Since each sequential cluster

point of {(;}4>1 € S, by Lemma we establish that limg , 1 (g = (" € 5. d

Theorem 10. Suppose Assumption |1 hold. For o > 3, and s + 23+/s > Ly(s + B+/35)%.
Let {(Ca, vd,&q) }a>1 be the sequence generated by IAFBSC. Then, the following hold:

(i). ®(Ca) — (¢*) = o(5)-
(ii). ||Car1 — Call = o(%).
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Proof. By Theorem |§|7 the sequence {(q}4>1 converges to an element of S. Hence, we
denote its limit by
lim (4=("€8S.
d—+o0
Moreover, combining Equation [14] with the proof of Theorem [7] yields
Ei(a—1) >0,

and
5d+1(a - 1) S Ed(a - 1), Vvd Z 1.

This yields limg, o €4 — 1) exists. From Theorem [7] (iii) and Theorem [9] we obtain

lim (d+ af)(a+1+ Ve(rvg)) =0 and supd|Car1 — Cal| < +o0.
d——+o00 d>1

This together with (;j — (* and Equation [14] implies

lin Eqfo—1) = lim [s(d+ 1+ a0~ 1))(d+ad)(B(C) ~ B(C")

d—+
(d+ a(f —1))2
+ 2

1¢a — Ca—1]I?]

exits. We set

alf — 2
dggloo[s(dqua(e—1))(d+a9)(q>(<d)—cb(g‘*))+(d+ (29 D) 1¢a — Ca—1ll?]

=k >0. (74)

Thus, our goal is to show that £ = 0. If the contrary is true, if k£ > 0, there exists dy > 1
such that

(d+a(f —1))2

s(d 4 a(0 — 1)(d +a)(@(G) — (¢ + LD e gy e
>t
for all d > dy. This conditions yields
df; [s(d + a)(@(G) — @) + D=0 e
- g@ g [ L+ a0 = D)+ a)(@(G) ~ 2(C)
N (d+1+a(d—1))2 Gt = Caall?]

2

k OO
2; d—i—a )) = too
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Subsequently, using Theorem [7] (ii) and (v), we yield

+o00o
S [sd+ at)@() — e(c) + O ye ) <o
d=1

This provides an obvious contradiction. As a result, k¥ = 0, and Equation [74] produces the
required results. O

6 Numerical experiments

In this segment, we present two numerical experiments to assess the effectiveness of the
AFB method (Algorithm 1). For all algorithms, the parameters are selected to satisfy
the assumptions required by the theoretical convergence analysis. All experiments are
implemented in MATLAB R2025a and executed on a desktop computer equipped with an
Intel Core i7 processor operating at 3.40 GHz and 10 GB of RAM.

6.1 Lasso problem
The LASSO problem is present in the following

. 1
min ®(w) = =[|Aw — b + pl|w]1, (75)
weRd 2

where A € R™4 p € R™, and m < d. In our numerical experiments, we fix A = 1,
m = 300, and d = 800. The sensing matrix A is generated with i.i.d. entries drawn
from a standard Gaussian distribution. The ground-truth signal w is constructed to be
sparse by randomly selecting a prescribed number of nonzero entries, whose values are
sampled independently from a standard Gaussian distribution. The observation vector is
then generated as b = Aw.

Rewriting Equation [75|in the form of Problem [1] we define

1
p(w) = SllAw = bl p(w) = Alw].

Accordingly, the gradient of the smooth term is given by Vo(w) = AT (Aw — b), and the
proximal operator associated with ¢ admits the explicit soft-thresholding form

Prox,,(w) = max{w — yA, 0} — max{—w — v\, 0}.

For the TAFBSC, the parameters are chosen as v = HI‘I\T%’ p = 0.2. When 8 = 0, the
proposed method reduces to the FISTA; in this case, we set v = T A% ape as commonly

adopted in 5, 16].
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Table 1: Iterations and CPU time for different values of o and 6

| 0
@

| 0 5 10 20 30 40

‘ iteration  time | iteration time | iteration time | iteration time | iteration time | iteration  time
5 800 1.3449 800 1.4873 800 1.2866 800 1.2455 800 1.2908 800 1.4397
8 800 1.3729 800 1.2658 799 1.2068 800 1.2289 800 1.2261 800 1.1789

10 787 1.1806 789 1.2756 760 1.2739 793 1.2208 800 1.2131 800 1.1682
20 797 1.1519 715 1.1048 678 1.0453 677 1.0583 727 1.1857 759 1.2376
30 791 1.2245 686 1.0471 647 1.0163 664 1.0189 712 1.0650 758 1.1331
40 790 1.1624 650 0.9912 626 0.9525 651 0.9970 712 1.0605 743 1.0861
50 798 1.2079 638 1.0005 603 0.9348 637 0.9745 697 1.0284 758 1.1207
60 800 1.2152 638 0.9789 593 0.9181 637 0.9708 682 1.0331 743 1.1239
70 800 1.1440 635 0.9563 567 0.8918 623 0.9689 697 1.0290 728 1.0824
80 800 1.1443 631 0.9537 570 0.8756 624 0.9588 668 1.0184 728 1.0806
90 800 1.1937 625 0.9563 558 0.8831 609 0.9092 682 1.0621 728 1.0878
100 800 1.1303 619 0.9442 560 0.8615 609 0.9281 668 1.0221 728 1.0866

To investigate the influence of algorithmic parameters on the performance of IAFBSC,
we consider an example with m = 300 and d = 800, and examine TAFBSC under various
choices of o and 6. Specifically, we test a € {5, 8,10, 20, 30, 40, 50, 60, 70, 80, 90, 100}, 6 €
{0,5,10,20,30,40}. The results reported in Table |I| are averaged over 60 randomly gen-
erated instances. As shown in Table [1| Algorithm 1 with 8 > 0 consistently outperforms
when 0 = 0, indicating that the parameter 6 has a positive impact on the algorithm’s
performance in many scenarios. Moreover, among all tested parameter combinations, the
choice a = 90 and 6 = 10 achieves the best overall performance.

To demonstrate the efficiency of IAFBSC, we analyze it with FISTA [12] and AF-
BSC [20]. In these experiments, we set & = 90 and § = 10 for IAFBSC, and a = 90 for
AFBSC. The numerical results are shown in Fig. In the first row of Fig. we plot
I€a — ¢*|| and |®(¢yq) — P(C*)| versus the iteration number, where (* denotes the approxi-
mate solution obtained upon termination of each method. In the second row, we present
the evolution of dist(0,0®(¢y)) and d?|®((y) — ®(¢*)| with respect to the iteration index.
As can be observed from Fig. [[] TAFBSC exhibits superior performance compared with
the other algorithms, achieving faster convergence in both solution accuracy and objective
value reduction.

6.2 (; regularized logistic regression problem

We consider the ¢;-regularized logistic regression problem

m

(I)min = @GRI‘?}’BOGR; log(l + exp( - bi(a;w + wo))) + N’Hle’ (76)

where a; € R”, b; € {—1,1} for j = 1,2,...,m, with the labels b; not all identical, m < d,
and p > 0 is the regularization parameter.
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To cast this problem into the form of Problem [l we define

o(w) = 3 log(1 +exp (= by(Dw))),  w(w) = plfi|s,

i=1

where w = (0, wp) € R, and D € R™* (@) is the matrix whose jth row is (a], 1).
It is well known that the gradient V¢ is Lipschitz continuous with Lipschitz constant
Ly = 0.25 Apax(DT D). In our experiments, we set u = 5 and initialize all algorithms at
the zero vector. The stopping criterion for all methods follows that in [31].

We generate synthetic data with parameters (m,d,c) = (800,8000,80). The matrix
A € R™*4 is drawn with independent and identically distributed standard Gaussian entries.
A support set C of size c is selected uniformly at random, and a c-sparse vector W supported
on C'is constructed, whose nonzero components are sampled independently from a standard
Gaussian distribution. The measurement vector is then generated as b = sign(Aw + te),
where ¢ is drawn uniformly from [0, 1].

The numerical results are reported in Fig. |2l In the first row, we plot the error ||(g—(*||
and the objective gap |®({y) — ®(¢*)| versus the iteration index, where (* denotes the
approximate solution obtained at termination. In the second row, we present the evolution
of dist(0,0®((y)) and d?|®({y) — ®(¢*)|. For this experiment, we set a = 60 and 6 = 5 for
TAFBSC, and a = 60 for AFBSC. As shown in Fig. 2| IAFBSC consistently outperforms
the other methods, exhibiting a noticeably faster convergence in terms of both solution
accuracy and objective value reduction.

7 Conclusions

In this paper, we develop a fast gradient-based algorithm incorporating both HDD and
vanishing damping for composite convex optimization Problem We demonstrate that
the suggested approach achieves an inverse cubic convergence rate for the squared subdif-
ferential norm and a O (d%) convergence rate for the objective value for a > 3. Additionally,
for o > 3, we prove that the generated iterates converge and further increase the objective
value’s convergence rate to o (d%) Numerical experiments on two representative problems

confirm the effectiveness of the proposed algorithm.
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