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Abstract. The choice of the stepsize in first-order convex optimization is typically based on the

smoothness constant and plays a crucial role in the performance of algorithms. Recently, there has

been a resurgent interest in introducing adaptive stepsizes that do not explicitly depend on smooth

constant. In this paper, we propose a novel linesearch stepsize rule based on function evaluations (i.e.,

zero-order information) that enjoys provable convergence guarantees for both accelerated and non-

accelerated gradient descent. We further discuss the similarities and differences between the proposed

stepsize regimes and the existing stepsize rules (including Polyak and Armijo). We numerically

benchmark the performance of our proposed algorithms against state-of-the-art methods across three

major problems classes of (1) smooth minimization (logistic regression, quadratic programs, log-

sum-exponential, and smooth max-cut relaxation) (2) composite minimization (ℓ1-regularized least-

squares, ℓ1-constrained least-squares, and ℓ1-regularized logistic regression), and (3) non-convex

minimization (cubic minimization). These classes include a wide range of operations research and

management applications such as portfolio optimization, discrete choice models, sparse classification

and feature selections, high-order optimization and trust-region subproblems.

Keywords: Adaptive stepsize, linesearch rules, first-order methods, composite convex optimiza-

tion

1. Introduction

Thanks to its simple implementation, scalability and applicability, gradient descent (GD) is ar-

guably the most popular algorithm to efficiently solve large-scale optimization problems, which finds

a wide range of applications in operations research [27, 59, 25], machine learning [5, 33], control and

system identification [22, 18]. The main challenge in using gradient descent is the choice of the right

stepsize, which has a considerable impact on the convergence speed. Several works have studied

this choice, yet either the fastest possible convergence rate cannot be guaranteed or an expensive

linesearch at each iteration is needed [54, 38, 51, 17]. In this paper, we address these issues by

introducing a novel and simple linesearch method.

Let us consider the unconstrained convex minimization problem min
x∈Rn

f(x), where f is a smooth

convex function. The usual iterative algorithm is of the form

xk+1 = xk + λkdk. (1)
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where λk and dk represent the stepsize and the descent direction, respectively. In the last decades,

many algorithms have been developed for choosing (λk)k∈N and (dk)k∈N in (1) either statically or

adaptively. We review some classes of design choices in the following.

A key object playing an important role in determining most of the existing stepsize rules at the

iteration xk is the objective function along the update direction dk = −∇f(xk) defined by

ϕk(λ) := f(xk + λdk). (2)

When the function f is convex, then the scaler function ϕk : R → R defined in (2) is also convex.

Several classical stepsize rules defined via ϕk in (2) are the following.

(i) GD with constant stepsize [51]: The simplest stepsize rule is the constant λk = 1/L,

where L is the so-called smoothness parameter (Lipschitz continuity of ∇f(x). The convergence

rate of the suboptimality f(xk)− f(x∗) with the constant stepsize is O(k−1).

(ii) GD with exact linesearch [51]: Another classical stepsize is to find the optimal stepsize

minimizing the function ϕk along the direction dk is λk = argminλ ϕk(λ) which involves a scalar

optimization problem that requires evaluation of the original function f .

(iii) GD with approximated stepsize [51]: Due to the complexity of finding the stepsize by

solving the exact linesearch minimization, alternative stepsize rules have been proposed that only

require ensuring an inequality such as ϕk(λ) ≤ ϕk(0) + cϕ′
k(0) for some predefined constant c > 0.

Among others, Armijo [2], Wolf, and strong Wolf linesearch [51] are backtracking linesearch methods

falling into this category.

Armijo : ϕk(λ) ≤ ϕk(0) + c1λϕ
′
k(0), c1 ∈ (0, 1). (3a)

Wolf : ϕ′
k(λ) ≥ c2ϕ

′
k(0), c2 ∈ (c1, 1) + Armijo condition. (3b)

strong Wolf : |ϕ′
k(λ)|≤ c2ϕ

′
k(0), c2 ∈ (c1, 1) + Armijo condition. (3c)

The suboptimality convergence rate of these algorithms is O(k−1). There are also several stepsize

rules approximating the smooth constant locally based on the zero-order oracle’s information (i.e.,

the objective function evaluation) [53, 38, 3, 4]. In the following, we review two important stepsize

rules that fall into this category:

(iv) GD with the Polyak stepsize [53]: One of the classic adaptive stepsize rules is the Polyak

stepsize, which uses the zero-order oracle’s information at each iteration to locally approximate the

smooth constant of the objective function:

λk =
f(xk)− f(x∗)

∥∇f(xk)∥2
. (4)

Although the Polyak stepsize offers optimal convergence rates for GD (1) when the update direction

is set to dk = −∇f(xk) [23], it cannot be applicable in problems where the optimal function value

f(x∗) is not available. We will get back to the Polyak stepsize and its relation to our proposed rule

in Subsection 2.3 (see equations (18)).

(v) GD with adaptive stepsize [38]: Recently, the next adaptive stepsize has been proposed

based on the idea of approximating the smoothness constant locally:

λk = min

{√
1 + θk−1λk−1,

∥xk − xk−1∥
2∥∇f(xk)−∇f(xk−1)∥

}
, θk =

λk

λk−1
. (5)
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The second term on the left-hand side of (5) represents this local approximation as the inverse of

the smoothness constant, while the first term ensures a required convergence rate of this parameter.

The theoretical sub-optimality convergence rate for the stepsize rule (5) is O(k−1), however, the

adaptive (i.e., state-dependent) nature of (5) has the advantage of (a) lifting the knowledge of the

smoothness constant for the objective function, and (b) improving the practical convergence rate

when the local smoothness is smaller than the global constant one. Next, we consider methods with

a dynamic direction dk in (1). The update rules in this class of methods have an extra term, which

is called momentum, and allows the descent direction to have some inertia in the search space [54].

(vi) AGD with constant stepsize [45]:




βk =
1 +

√
1 + 4β2

k−1

2
, γk =

1− βk
βk+1

,

λk =
1

L
, dk = −γk

(
λk−1

λk
dk−1 − (1 +

1

γk
)∇f(xk) +

λk−1

λk
∇f(xk−1)

)
,

where L is the smooth constant of f . The descent direction in this method uses previous iteration

values to accelerate the convergence rate, which is O(k−2) for f(xk)− f(x∗).

(vii) AGD with adaptive stepsize [38]: A heuristic version of adaptive stepsize (5) for accel-

erated methods is also proposed in [38, Section 3]




λk = min

{√
1 +

θk−1

2
λk−1,

∥xk − xk−1∥
2∥∇f(xk)−∇f(xk−1)∥

}
, θk =

λk

λk−1
,

Λk = min

{√
1 +

Θk−1

2
Λk−1,

∥∇f(xk)−∇f(xk−1)∥
2∥xk − xk−1∥

}
, Θk =

Λk

Λk−1
,

βk =

√
1/λk −

√
Λk√

1/λk +
√
Λk

,

dk = βk

(
λk−1

λk
dk−1 − (1 +

1

βk
)∇f(xk) +

λk−1

λk
∇f(xk−1)

)
.

This adaptive rule presents promising numerical performance while there is no formal theoretical

guarantee explaining this interesting performance. This theoretical gap toward accelerated tech-

niques is one of the motivations of this study.

We also consider the composite minimization problem

min
x∈X

F (x) = min
x∈X

f(x) + h(x) (6)

where f :X → R is a convex and smooth function, and h:X → R is convex and possibly non-smooth

but prox-friendly (technical details are postponed to Section 2). There are several methods for convex

composite minimization in the existing literature. Among them, subgradient descent and mirror

descent are two well-known classic methods that suffer from slow convergence rate O(k−1/2) [44, 7,

62, 60]. Following the seminal works by Nesterov, one can exploit the structure of the nonsmooth

part in the objective function and deploy a first-order accelerated method. ISTA and FISTA [8],

which are extensions of GD and NAGD, respectively, offer a faster convergence rate compared to

subgradient and mirror descent. However, these methods require knowledge of the smooth constant

associated with the smooth part, f in (6). Additionally, there are various backtracking techniques

available to approximate the smooth constant, but they often tend to be conservative, resulting
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in larger values than the actual smooth constant. This conservatism can impact the convergence

speed. The authors in [58, 37] propose an algorithm that enjoys the local smoothness of f to

determine the stepsize. However, despite its simplicity and efficacy, the convergence guarantee is

still the suboptimal rate of O(k−1). More recently, the authors in [34] propose a fully adaptive

stepsize with momentum acceleration and a convergence rate of O(k−2). However, the algorithm

requires several hyperparameters, which may affect the performance in practice. Inspired by this, we

develop a hyperparameter-free algorithm for convex composite minimization problems (6) with the

optimal theoretical convergence rate O(k−2) while maintaining a reasonable level of computational

complexity.

Contributions. Following the same spirit of the adaptive stepsize and linesearch rules, this study

proposes a novel stepsize rule without the knowledge of the global smoothness constant for solving

convex composite minimization problems. Using a Lyapunov-based argument, we show that the

proposed rule enjoys the optimal worst-case complexity bound of O(k−1) and O(k−2) in both cases

of nonaccelerated and accelerated algorithms, respectively. These results are developed for a general

class of composite convex functions and are optimal in the sense that they match the theoretical

lower bounds of the class of first-order algorithms for this class of functions. Our convergence results

are summarized in Table 1 where our update direction dk = −Gf
λh(xk) is our gradient mapping (see

the definition (10) for more details concerning the gradient mapping). Let us note that the results

in Table 1 are reported for the general composite case (6). If the nonsmooth term is h(x) = 0, then

the gradient mapping reduces to Gf
λh(x) = ∇f(x). In the rest of the introduction, we briefly discuss

our proposed stepsize rule in this special case of a smooth convex function and provide a geometrical

illustration in comparison with the existing rules reviewed above.

Table 1. Summary of the main results of this paper.

Algorithm Problem Stepsize rule Convergence rate

nonaccelerated (Theorem 2.3) composite ϕ(2λ) ≤ ϕ(λ)− λ⟨Gf
λh(x),∇f(x)⟩+ λ

2
∥Gf

λh(x))∥2 O(k−1)

nonaccelerated (Corollary 2.6) smooth ϕ(2λ) ≤ ϕ(λ) +
λ

2
ϕ′(0) O(k−1)

accelerated (Theorem 3.1) composite ϕ(2λ) ≤ ϕ(λ)− λ⟨Gf
λh(x),∇f(x)⟩+ λ

2
∥Gf

λh(x))∥2 O(k−2)

accelerated (Corollary 3.2) smooth ϕ(2λ) ≤ ϕ(λ) +
λ

2
ϕ′(0) O(k−2)

Partial result: If f is a smooth and convex function, our proposed stepsize rule is defined as

λour
k := argmax

λ

{
λ | ϕk(2λ) ≤

1

2
ϕ′
k(0)λ+ ϕk(λ)

}
(7)

where the function ϕk is defined in (2) and visualized in Figure 1a. Recall that in the case of

non-accelerated methods, the update direction is simply dk = −∇f(x). We emphasize that the

proposed linesearch above only requires additional zeroth-order information, namely the objective

function evaluation, while the first-order information is the gradient of the function which is already

computed in the previous step. Figure 1b illustrates a geometric interpretation of the proposed

stepsize rule (7), together with the existing literature reviewed in the preceding section. For further

geometrical interpretation, particularly in case of accelerated methods, we refer to [15].
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(b) Stepsize rules.

Figure 1. Geometric interpretation of different stepsize rules using ϕk(λ) defined in (2).

The paper is organized as follows: In Section 2, we present the theoretical results for the non-

accelerated adaptive stepsize algorithm. Section 3 provides technical proofs for the accelerated

adaptive stepsize case. Some implementation techniques and illustrative examples to show the

efficiency of our approaches are presented in Section 4. Finally, the conclusion and further discussion

are given in Section 5.

Notation. Let X be the finite-dimensional real vector space with the standard inner product

⟨·, ·⟩ and ℓp-norm ∥·∥p (by ∥·∥, we mean the Euclidean standard 2-norm). If f is differentiable, then

∇f(x) represents the gradient of f at x. The function f is L-smooth, or equivalently the gradient

of f is L-Lipschitz, if for all x, y ∈ Rd one of the following inequalities is satisfied:

∥∇f(x)−∇f(y)∥≤ L∥x− y∥, (8a)

f(y) ≤ f(x) + ⟨∇f(x), y − x⟩+ L

2
∥x− y∥2. (8b)

Furthermore, f is locally smooth if it is smooth over any compact set of its domain, see [48, Chap.

2] for more details. The prox operator of a convex function h:X → R is defined as

proxh(x) = argmin
u

h(u) +
1

2
∥u− x∥2. (9)

A function is “prox-friendly” if the prox operator in (9) is (computationally or explicitly) available.

We also denote the gradient mapping of two convex functions f and h by

Gf
λh(x) :=

1

λ

(
x− proxλh(x− λ∇f(x))

)
, (10)

where λ is a positive scalar and has a stepsize interpretation. The gradient mapping is available if

f is differentiable and h is prox-friendly.
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2. Non-Accelerated Adaptive Stepsize

We present our algorithm and its convergence analysis for the non-accelerated case in this section.

From a high-level viewpoint, the proposed rule follows the proximal gradient descent method with

the difference in the choice of stepsize λ, which depends on the previous state and its gradient.

2.1. Preliminaries

We first proceed with some assumptions and lemmas that will be used throughout the paper. We

note that the classical Cauchy-Schwartz and convexity inequalities are the two useful tools in our

analysis and most of the results build on the seminal works by Nesterov [45] and Polyak [54]. The

following assumptions hold throughout this study.

Assumption 2.1 (Convex regularity). The function F in (6) admits bounded level sets, whereby

the terms f(x) and h(x) are smooth and prox-friendly, respectively.

The next lemma indicates several properties of the composite minimization (6) that are central

to develop the algorithms in this paper.

Lemma 2.2 (Gradient mapping). Let Gf
λh(x) be the gradient mapping defined in (10) for a smooth

convex function f , a possibly nonsmooth function h, and a positive constant λ in R+.

(i) Stationary condition: The vector x is a minimizer of (6) if and only if Gf
λh(x) = 0.

(ii) Convexity-like inequality: For all x, y in Rd we have

h
(
x− λGf

λh(x)
)
≤ h(y)− ⟨Gf

λh(x)−∇f(x), y − (x− λGf
λh(x))⟩.

(iii) Increment bound: Considering x+ = x− λGf
λh(x), for any z ∈ Rd we have

F (x+)− F (z) ≤ ⟨x+ − x,∇f(x+)−∇f(x) +
1

2
Gf

λh(x)⟩ −
( 1

2λ
∥x+ − x∥2+1

λ
⟨x+ − x, x− z⟩

)
.

(iv) Zero-order linsearch: Let the update direction dk = −Gf
λh(x). If λ satisfies

ϕk(2λ) ≤ ϕk(λ)− λ⟨Gf
λh(x),∇f(x)⟩+ λ

2
∥Gf

λh(x))∥2, (11)

we then have ⟨x+ − x,∇f(x+)−∇f(x) +
1

2
Gf

λh(x)⟩ ≤ 0.

Before providing the technical proof of the lemma, let us offer some insights into why the above

four statements will help us develop algorithms: The convex-like inequality (ii) is a gradient map-

ping intrinsic characteristic that is particularly useful for controlling the increment of the original

function F in (6) along the direction of dk = −Gf
λh(x). In both cases of the non-acceleration and

acceleration approaches, the increment inequality (iii) is crucial in proving our convergence analy-

sis. The increment bound (iii) allows for the inclusion of a momentum term that emerges in the

acceleration dynamics. The first term on the right-hand side of (iii) is an unfavorable term which is

often targeted via the stepsize rule to remain negative. Checking the linesearch in (iv) guarantees

the negativity of this unfavorable term, which only requires additional zeroth-order information of

function F while the gradient (first-order) information of the gradient mapping Gf
λh(x) has already

been computed. This is a crucial feature, making a stepsize rule computationally more useful in

practice. We conclude this section with the proof of the lemma.
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Proof of Lemma 2.2. We provide the proof of each part separately as follows:

Part (i): Assume x̂ is the minimizer of the composite minimization (6). Then, by the definition of

prox operator (9), we have the following equivalent implications

Gf
λh(x̂) = 0 ⇐⇒ x̂ = proxλh (x̂− λ∇f(x̂)) ⇐⇒ (x̂− λ∇f(x̂))− x̂ ∈ λ∂h(x̂)

⇐⇒ −λ∇f(x̂) ∈ λ∂h(x̂) ⇐⇒ 0 ∈ ∇f(x̂) + ∂h(x̂) ⇐⇒ x̂ is the minimizer of (6).

Part (ii): Let r = proxλh(t). By the definition (9) and the first order optimality condition, we can

write

r = argmin
r

h(r) +
1

2λ
||r − t||2 ⇐⇒ 0 ∈ ∂h(r) +

1

λ
(r − t) ⇐⇒ t− r ∈ λ∂h(r). (12)

By defining u := x− λGf
λh(x) and w := x− λ∇f(x) we have

u = x− λGf
λh(x) = x− λ

1

λ

(
x− proxλh(x− λ∇f(x))

)
= proxλh(x− λ∇f(x)) = prox(w).

Now, using (12), we can conclude: Gf
λh(x)−∇f(x) ∈ ∂h(x− λGf

λh(x)). Finally, using convexity of

h we can write

h(x− λGf
λh(x)) ≤ h(y)− ⟨Gf

λh(x)−∇f(x), y − (x− λGf
λh(x))⟩.

Part (iii): By using the definition of F we have

F (x+)− F (z) = f(x+) + h(x+)− f(z)− h(z)

= f(x− λGf
λh(x))− f(z) + h(x− λGf

λh(x))− h(z)

Using the result of (ii) on the right-hand side of the above equality and the convexity of F yields

F (x+)− F (z) ≤ f(x− λGf
λh(x))− f(x) + ⟨∇f(x), x− z⟩ − ⟨Gf

λh(x)−∇f(x), z − (x− λGf
λh(x))⟩

≤ ⟨∇f(x− λGf
λh(x)), x− λGf

λh(x)− x⟩+ ⟨Gf
λh(x), x

+ − z⟩+ ⟨∇f(x), λGf
λh(x)⟩

= ⟨x+ − x,∇f(x+)⟩ − 1

λ
⟨x+ − x, x+ − z⟩+ ⟨x− x+,∇f(x)⟩. (13)

By adding and subtracting
1

λ
⟨x+ − x, x⟩ in (13), we obtain

F (x+)− F (z) ≤ ⟨x+ − x,∇f(x+)−∇f(x) +
1

2
Gf

λh(x)⟩ −
(

1

2λ
∥x+ − x∥2+1

λ
⟨x+ − x, x− z⟩

)
.

Part (iv): Replacing the definition ϕk(·) from (2) in (11) leads to

f(x− 2λGf
λh(x))− f(x− λGf

λh(x)) ≤ −λ⟨Gf
λh(x),∇f(x)⟩+ λ

2
∥Gf

λh(x)∥2.

Using the convexity of f on the left-hand side of the above inequality yields

⟨∇f(x− λGf
λh(x)), x− 2λGf

λh(x)− x+ λGf
λh(x)⟩ ≤ −λ⟨Gf

λh(x),∇f(x)⟩+ λ

2
∥Gf

λh(x)∥2.

Considering the definition of x+ in part (iii), we rearrange the above inequality and arrive at

⟨∇f(x− λGf
λh(x))−∇f(x) +

1

2
Gf

λh(x), G
f
λh(x)⟩ ≥ 0

=⇒ ⟨∇f(x+)−∇f(x) +
1

2
Gf

λh(x), x
+ − x⟩ ≤ 0.
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□

2.2. Non-accelerated composite minimization

This section focuses on devising an adaptive stepsize rule for non-accelerated algorithms (i.e.,

dk = −Gf
λh(x)) for the general class of composite functions (6). Next, we propose our non-accelerated

stepsize rule for the general composite minimization problem (6). In this case, the zero-order

linesearch (iv) is the driving force behind the proposed stepsize rule, after which we only need to

apply the classic gradient descent update (1) with dk = −Gf
λh(x). This discussion is formalized in

the next theorem.

Theorem 2.3 (Non-accelerated adaptive stepsize). Consider the function F in (6) as a composition

of a smooth function f(x) and a prox-friendly function h(x). Assume that the sequence (xk)k∈N
generated by the update algorithm (1) in which the direction and stepsize rule are




λk = max

{
λ ∈ R+ | ϕk(2λ) ≤ ϕk(λ)− λ⟨Gf

λh(xk),∇f(xk)⟩+
λ

2
∥Gf

λh(xk))∥2
}
,

dk = −Gf
λkh

(xk).

(Alg. 1)

Then, we have the uniform stepsize lower bound λk ≥ 1/3L where L is the smoothness constant of

f . Moreover, we have the sub-optimality bound F (xk)−F (x∗) ≤ D

k
where D is a constant that only

depends on the initial condition x0, the optimal solution x∗, and the smoothness constant L.

Proof. First, to show that λk is bounded from below by 1/3L, we just need to show that the condition

in the stepsize rule always is satisfied by λk = 1/3L. Considering the smoothness of f , we can write

the inequality (8b) for the pair (x, x+) where x+ = x−λGf
λh(x), which arrives at the two inequalities

f(x+) ≤ f(x)− ⟨∇f(x), λGf
λh(x)⟩+

Lλ2

2
∥Gf

λh(x)∥2,

f(x) ≤ f(x+) + ⟨∇f(x+), λGf
λh(x)⟩+

Lλ2

2
∥Gf

λh(x)∥2.

Adding the two sides of the above inequalities leads to

⟨Gf
λh(x),∇f(x+)−∇f(x) + LλGf

λh(x)⟩ ≥ 0, ∀λ ∈ R+, x ∈ Rn. (14)

Due to the smoothness of ϕ(·), the stepsize rule in Alg. 1 is satisfied whenever

⟨Gf
λh(x), ∇f(x+)−∇f(x) +

1− Lλ

2
Gf

λh(x)⟩ ≥ 0,

which coincides with the inequality condition in (14) when λ = 1/3L, showing that the stepsize rule

in Alg. 1 is always satisfied by choosing λ = 1/3L. Next, we prove the convergence of Alg. 1. By

putting z = xk in the inequality (iii) we have

F (xk+1)− F (xk) ≤ −λk

2
∥Gf

λkh
(xk)∥2 (15)

Telescoping the above inequalities from k = 0 to k = ∞ and using the fact that λk ≥ 1/3L gives us

F (x∞)− F (x0) ≤ − 1

6L

∞∑

i=0

∥Gf
λih

(xi)∥2
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According to Assumption 2.1 that F (x) has a finite minimizer, we conclude ∥Gf
λh(x

∞)∥2→ 0 which

shows the convergence from (i). To drive the rate of convergence we start from (15) with z = x∗.

F (xk+1) ≤ F (x∗)− 1

2λk
∥xk+1 − xk∥2−

1

λk
⟨xk+1 − xk, xk − x∗⟩ (16)

By adding and subtracting
1

λk
⟨xk+1, xk⟩ and

1

λk
⟨xk, xk⟩ terms and expanding the right-hand side

of (16) we have

F (xk+1) ≤ F (x∗) +
1

2λk

(
∥xk − x∗∥2−∥xk+1 − x∗∥2

)
(17)

Using (17) and the lower bound of λk, we can write

F (xk+1) ≤ F (x∗) + L
(
∥xk − x∗∥2−∥xk+1 − x∗∥2

)

Summing above inequality from k = 1 to k = T gives us

T∑

k=1

(
F (xk)− F (x∗)

)
≤ L

(
∥x0 − x∗∥2−∥xT − x∗∥2

)
≤ L∥x0 − x∗∥2

Because the sequence of F (xi) is nondecreasing, we can apply Jensen’s inequality to arrive at

F (xk)− F (x∗) ≤ 1

k

k∑

i=1

(
F (xi)− F (x∗)

)
≤ L

(
∥x0 − x∗∥2−∥xk − x∗∥2

)
≤ L∥x0 − x∗∥2

k
=

D

k
.

□

Theorem 2 can be extended to a slightly more general setting where f is locally smooth.

Corollary 2.4 (Locally smooth function). The sequence (xk)k∈N generated by (1) for the direction

and stepsize rule Alg. 1 ensures the boundedness of sequence and the sub-optimality bound F (xk)−
F (x∗) ≤ D

k
, where f is locally smooth function in (6).

Proof. This extension essentially indicates that the smoothness condition concerning the term f

reflected in the constant L is only required over a compact set. To this end, we recall the proposed

algorithm is monotone thanks to the inequality (15). That is, f(xk+1) ≤ f(xk) for all k, implying

that the entire sequence of (xk)k∈N remains in the sublevel set of {x ∈ Rn : f(x) ≤ f(x0)}.
Note also that the regularity condition in Assumption 2.1 implies that the levelset of the objective

function f is compact. This concludes the desired assertion. □

Remark 2.5 (Approximate adaptive stepsize rule). The stepsize rule Alg. 1 involves a scalar op-

timization problem. In practice, we use a simple backtracking method to approximate the optimal

solution. To this end, we start with a initial λ0 and scales it with a coefficient C = (0, 1) as

λk = max

{
λ0C

i | ϕk(2λ) ≤ ϕk(λ)− λ⟨Gf
λh(xk),∇f(xk)⟩+

λ

2
∥Gf

λh(xk))∥2, i ∈ N
}
.

The above approximate solution is guaranteed to satisfy λk ≥ C

3L
.
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2.3. Non-accelerated smooth minimization

In this subsection, we refine the result proposed in the previous subsection for (locally) smooth

minimization, i.e., h(x) = 0 in (6). Specifically, the analysis in Theorem 2.3 can also be applied to a

(locally) smooth minimization. Note that in the smooth case, Gf
λh(x) = ∇f(x) and the linesearch in

Alg. 1 is simplified to finding the largest λ satisfying ϕ(2λ) ≤ ϕ(λ)+
λ

2
ϕ′(0). The following corollary

explain the results when we invoke Alg. 1 to minimize the (locally) smooth function.

Corollary 2.6 (Convergence of smooth minimization). Let the function F in (6) be a smooth (i.e.,

h(x) = 0). Then, the stepsize rule in Alg. 1 reduces to (7) while ensuring Theorem 2.3 results of the

uniform stepsize lower bound λk ≥ 1/3L and the sub-optimality bound F (xk)− F (x∗) ≤ D

k
.

Comparison of different stepsizes regime: We close this subsection by highlighting a common

feature shared between the Polyak stepsize (4), Armijo stepsize rule (3a), and our proposed stepsize

rule (7). These three stepsizes, denoted by λ, respect the following inequalities

1

3L
<

1

2L
≤ λ ≤ c

f(y1)− f(y2)

∥∇f(xk)∥2
, (18a)

where the points y1 and y2 potentially depend on xk and the stepsize λ. More specifically, we have





Polyak (4) : y1 = xk, y2 = x∗, c = 1,

Armijo (3a) : y1 = xk, y2 = xk − λ∇f(xk), c > 1,

Our stepsize (7) : y1 = xk − λ∇f(xk), y2 = xk − 2λ∇f(xk), c = 2.

(18b)

The common lower bound 1/(2L) in (18a) is well known for Polyak- and Armijo-type rules. Our

proposed rule in Theorem 2.3 instead achieves a lower bound of 1/(3L), which is smaller than the

bound of the existing linesearch rules. While larger stepsizes are commonly expected to yield faster

convergence, our numerical experiments across multiple problem classes show that the proposed

linesearch consistently outperforms existing methods. A possible explanation for this is that the

theoretical bounds are typically conservative: in realistic problems, the local geometry often permits

stepsizes much larger than those implied by the global smooth constant. Our linesearch procedure

exploits this favorable curvature by accepting substantially larger steps in most iterations, leading

to faster objective decrease and fewer gradient/proximal evaluations overall.

Notice that the optimal choice of the stepsizes is the upper bound of the admissible interval (18a).

It is also important to note that in the case of Armijo (3a) and our proposed choice (7), this upper

bound also depends on λ (see (18b)), making the stepsize rule implicit. Finally, we wish to draw

attention to the choice of the upper bound between Armijo and our proposed approach in (18a):

One can inspect that the proposed rule (7) looks one step ahead of Armijo in the direction of ∇f .

This may explain why the proposed rule (7) performs numerically better, as it can approximate the

curvature of the function f by “looking one step further” than Armijo. Finally, it is also worth

noting that the recent work [38] offers an adaptive stepsize rule with the lower bound 1/2L and

an explicit upper bound (i.e., independent of λ) that depends on the gradient of two successive

iterations (see (5)).
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3. Accelerated Adaptive Stepsize

This section pertains to the analysis of convergence for update direction dk in accelerated methods.

The general form of our accelerated minimization algorithm is provided in Alg. 2, which follows

the accelerated proximal gradient descent method with the difference in the choice of stepsize λ

[45, 48, 14]. Differently from [45, 8], the stepsize is not fixed, and in our numerical experience,

it does not strictly decrease in many iterations, which partially explains the acceleration of the

algorithm up to the optimal theoretical bound O(k−2).

Theorem 3.1 (Accelerated adaptive stepsize). Consider the function F in (6) as a composition of

a smooth function f(x) and a prox-friendly function h(x). The sequence (xk)k∈N generated by (1)

with the direction and stepsize rule




βk =
1 +

√
1 + 4β2

k−1

2
, γk =

1− βk
βk+1

, x0 = x1, β1 = 0,

λk = argmax
λ∈R

{
λ | ϕ(2λ) ≤ ϕ(λ)− λ⟨Gf

λh(x),∇f(x)⟩+ λ

2
∥Gf

λh(x))∥2, λ ≤ λk−1

}
,

dk = −γk

(
λk−1

λk
dk−1 − (1 +

1

γk
)Gf

λkh
(xk) +

λk−1

λk
Gf

λk−1h
(xk−1)

)
.

(Alg. 2)

ensures the uniform stepsize lower bound λk ≥ 1/3L and the sub-optimality bound F (xk)−F (x∗) ≤
D′

k2
where L is the smoothness constant of f , and D′ is a constant that only depends on the initial

condition x0, the optimal solution x∗, and the constant L.

Proof. The proof of a first proposition is the same as in Theorem 2.3. Specifically, according to

stepsize rule in Alg. 2, we should first check whether the previous λk−1 satisfies the linesearch

condition. Since the inequality (14) holds for λ = 1/3L (according to the linesearch condition in

Alg. 2), we have the guarantee that λk ≥ 1/3L. Regarding the convergence analysis bound, in the

first step, we invoke the increment inequality of (iii) in Lemma 2.2 for two cases of z = yk and

z = x∗, which arrives at

F (yk+1)− F (yk) ≤ − 1

2λk
∥yk+1 − xk∥2−

1

λk
⟨yk+1 − xk, xk − yk⟩, (19a)

F (yk+1)− F (x∗) ≤ − 1

2λk
∥yk+1 − xk∥2−

1

λk
⟨yk+1 − xk, xk − x∗⟩. (19b)

Let us define δk := F (yk)− F (x∗). Then, multiplying (19a) by βk − 1, and adding the two sides of

the inequality to (19b) yields

βkδk+1 − (βk − 1)δk ≤ − βk
2λk

∥yk+1 − xk∥2−
1

λk
⟨yk+1 − xk, βkxk − (βk − 1)yk − x∗⟩.

Multiplying the above inequality by λkβk and considering β2
k−1 := β2

k − βk and using the fact that

λk ≤ λk−1, we have

λkβ
2
kδk+1 − λk−1β

2
k−1δk ≤ −1

2

(
∥βk(yk+1 − xk)∥2+2βk⟨yk+1 − xk, βkxk − (βk − 1)yk − x∗⟩

)
. (20)

The right-hand side of (20) can be equivalently written as

∥βk(yk+1 − xk)∥2+2βk⟨yk+1 − xk, βkxk − (βk − 1)yk − x∗⟩ =
∥βkyk+1 − (βk − 1)yk − x∗∥2−∥βkxk − (βk − 1)yk − x∗∥2. (21)
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Substituting (21) into (20) and rearranging the inequality lead to

λkβ
2
kδk+1 − λk−1β

2
k−1δk ≤ −1

2

(
∥βkyk+1 − (βk − 1)yk − x∗∥2−∥βkxk − (βk − 1)yk − x∗∥2

)
. (22)

Using the update rule of xk+1 on the right-hand side of (22) reduces to

βkyk+1 − (βk − 1)yk − x∗ = βk+1xk+1 − (βk+1 − 1)yk+1 − x∗, (23)

which is equivalent to

xk+1 =
(−1 + βk + βk+1)

βk+1
yk+1 +

1− βk
βk+1

yk.

By combining (22) and (23) and defining uk = βkxk − (βk − 1)yk − x∗, we obtain

λkβ
2
kδk+1 − λk−1β

2
k−1δk ≤ 1

2
(∥uk∥2−∥uk+1∥2). (24)

We note that the inequality (24) can be viewed as the so-called Lyapunov function as it indicates that

the term λkβ
2
kδk+1+ ∥uk+1∥2/2 is monotonically decreasing in each iteration. Summing inequalities

(24) from k = 1 to k = T , one obtains

λTβ
2
T δT+1 − λ0β

2
0δ1 ≤

1

2
∥u1∥2−

1

2
∥uT+1∥2≤

1

2
||u1||2.

Setting β0 = 0 in the above equation yields δT+1 ≤ ∥u1∥2
2λTβ2

T

. Finally, using Remark 2.5 and the

growing rate of βk ≥ k/2, we deduce the desired result

F (yT+1)− F (x∗) = δT+1 ≤
6L∥u1∥2
CT 2

≤ D′

T 2
.

□

We can refine the result proposed in Theorem 3.1 for smooth minimization, where the non-smooth

part, h, in (6) is h(x) = 0. In this case, Gf
λh(x) = ∇f(x), and the linesearch in the stepsize rule

Alg. 2 is simplified to find the largest positive scalar λ that satisfies ϕ(2λ) ≤ ϕ(λ) + λ
2ϕ

′(0). This is

formalized in the next Corollary.

Corollary 3.2 (Accelerated smooth minimization). Let the function F in (6) be a smooth (i.e.,

h(x) = 0). Then, the stepsize rule in Alg. 2 reduces to (7) while ensuring Theorem 3.1 results of the

uniform stepsize lower bound λk ≥ 1/3L and the sub-optimality bound F (xk)− F (x∗) ≤ D′

k2
.

4. Numerical Results

We illustrate the performance of our proposed stepsize rules Alg. 1 and Alg. 2 in three major

problem classes widely used in operations research, machine learning, and systems and control:

(1) Smooth functions, including the specific objective functions

(i) logistic regression, motivated by classification tasks in machine learning problems [28],

(ii) quadratic programming, motivated by portfolio optimization and resource allocation prob-

lems [26, 41, 40]),

(iii) log-sum-exp, motivated by discrete-choice modeling and entropy-regularized transport,

e.g., multinomial logit model and softmax demand models [19, 55, 36], and
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(iv) max-cut, a benchmark for combinatorial optimization and approximate semidefinite pro-

gramming [13, 46, 21].

(2) Composite minimization, including the specific objective functions

(i) ℓ1-regularized least squares, commonly used in high-dimensional statistics for support re-

covery and in signal processing for sparse signal reconstruction [50, 56]),

(ii) ℓ1-constrained least squares, in sparse signal recovery with explicit coefficient bounds [20]),

and (2-iii) ℓ1-regularized logistic regression (sparse classification and feature selection, [9]).

(3) Non-convex minimization, where we consider a cubic objective function relevant to cubic-

regularization in nonconvex optimization and trust-region subproblems [49, 16].

Before presenting the numerical results, let us first start with a practical discussion concerning

the implementation of the approximate solution in Remark 2.5 for the stepsize rule in Alg. 1. The

backtracking in Remark 2.5 uses an initial constant λ0 to approximate the proposed stepsize rule in

Alg. 1. On the one hand, if the initial λ0 is too large, it takes time to compute the desired stepsize

satisfying linesearch condition. On the other hand, a too small λ0 deteriorates the convergence

speed [51]. To address this issue, we approximate the function ϕ in (2) via a quadratic function,

denoted by ϕ̃, and suggest the desired λ0 as its optimizer; see Figure 2 for a visual representation

of this approximation (cf. Figure 1b).

0

<latexit sha1_base64="Nc8JBoLJwLH74YabXkCw/VqIA9Q=">AAAB7nicbVDLSsNAFL2pr1pfVZduBovgqiTia1l047KCtYU2lMlk0g6dTMLMjVBCP8KNC0Xc+j3u/BunbRbaemDgcM65zL0nSKUw6LrfTmlldW19o7xZ2dre2d2r7h88miTTjLdYIhPdCajhUijeQoGSd1LNaRxI3g5Gt1O//cS1EYl6wHHK/ZgOlIgEo2ildk/aaEj71Zpbd2cgy8QrSA0KNPvVr16YsCzmCpmkxnQ9N0U/pxoFk3xS6WWGp5SN6IB3LVU05sbPZ+tOyIlVQhIl2j6FZKb+nshpbMw4Dmwypjg0i95U/M/rZhhd+7lQaYZcsflHUSYJJmR6OwmF5gzl2BLKtLC7EjakmjK0DVVsCd7iycvk8azuXdYv7s9rjZuijjIcwTGcggdX0IA7aEILGIzgGV7hzUmdF+fd+ZhHS04xcwh/4Hz+AEAFj4c=</latexit>

�<latexit sha1_base64="ff2b4EqeUww27H5VCTlUgXjk26Q=">AAAB8HicbVDLSgMxFL1TX7W+qi7dBIvgqsyIr2XRjcsK9iHtUDKZTBuaZIYkI5ShX+HGhSJu/Rx3/o3pdBbaeiBwOOdccu8JEs60cd1vp7Syura+Ud6sbG3v7O5V9w/aOk4VoS0S81h1A6wpZ5K2DDOcdhNFsQg47QTj25nfeaJKs1g+mElCfYGHkkWMYGOlxz630RAP3EG15tbdHGiZeAWpQYHmoPrVD2OSCioN4Vjrnucmxs+wMoxwOq30U00TTMZ4SHuWSiyo9rN84Sk6sUqIoljZJw3K1d8TGRZaT0RgkwKbkV70ZuJ/Xi810bWfMZmkhkoy/yhKOTIxml2PQqYoMXxiCSaK2V0RGWGFibEdVWwJ3uLJy6R9Vvcu6xf357XGTVFHGY7gGE7BgytowB00oQUEBDzDK7w5ynlx3p2PebTkFDOH8AfO5w9oi5Aq</latexit>

�0
<latexit sha1_base64="mJeNOfchr5nYbBTj9S5ARFnt4c4=">AAAB+3icbVC7TsMwFHV4lvIKZWSxqJCYqgTxGitYGItEH1ITKsdxW6uOE9k3qFWUX2FhACFWfoSNv8FtM0DLkSwdnXOufX2CRHANjvNtrayurW9slrbK2zu7e/v2QaWl41RR1qSxiFUnIJoJLlkTOAjWSRQjUSBYOxjdTv32E1Oax/IBJgnzIzKQvM8pASP17IonTDgkjx6wMWTm2rxnV52aMwNeJm5BqqhAo2d/eWFM04hJoIJo3XWdBPyMKOBUsLzspZolhI7IgHUNlSRi2s9mu+f4xCgh7sfKHAl4pv6eyEik9SQKTDIiMNSL3lT8z+um0L/2My6TFJik84f6qcAQ42kROOSKURATQwhV3OyK6ZAoQsHUVTYluItfXiats5p7Wbu4P6/Wb4o6SugIHaNT5KIrVEd3qIGaiKIxekav6M3KrRfr3fqYR1esYuYQ/YH1+QPLI5Tz</latexit>

�our <latexit sha1_base64="gVCHAJ5+pncohAYj9+6Amd38WhI=">AAAB8HicbVDLSgMxFL1TX7W+qi7dBIsgLsqM+FoW3bisYB/SjiWTybShSWZIMkIZ+hVuXCji1s9x59+YtrPQ1gOBwznnkntPkHCmjet+O4Wl5ZXVteJ6aWNza3unvLvX1HGqCG2QmMeqHWBNOZO0YZjhtJ0oikXAaSsY3kz81hNVmsXy3owS6gvclyxiBBsrPXS5jYb48aRXrrhVdwq0SLycVCBHvVf+6oYxSQWVhnCsdcdzE+NnWBlGOB2XuqmmCSZD3KcdSyUWVPvZdOExOrJKiKJY2ScNmqq/JzIstB6JwCYFNgM9703E/7xOaqIrP2MySQ2VZPZRlHJkYjS5HoVMUWL4yBJMFLO7IjLAChNjOyrZErz5kxdJ87TqXVTP784qteu8jiIcwCEcgweXUINbqEMDCAh4hld4c5Tz4rw7H7Nowcln9uEPnM8fXe6QIw==</latexit>

�⇤

<latexit sha1_base64="4Bynzcr1Yzf/k8ENcr2VZaF1tb4=">AAAB9HicbVDLSgNBEOz1GeMr6tHLYBDiJeyKr2PQi8cI5gHZJczOziZDZmfWmdlACPkOLx4U8erHePNvnCR70MSChqKqm+6uMOVMG9f9dlZW19Y3Ngtbxe2d3b390sFhU8tMEdogkkvVDrGmnAnaMMxw2k4VxUnIaSsc3E391pAqzaR4NKOUBgnuCRYzgo2VAj/ts+6g4pNImrNuqexW3RnQMvFyUoYc9W7py48kyRIqDOFY647npiYYY2UY4XRS9DNNU0wGuEc7lgqcUB2MZ0dP0KlVIhRLZUsYNFN/T4xxovUoCW1ngk1fL3pT8T+vk5n4JhgzkWaGCjJfFGccGYmmCaCIKUoMH1mCiWL2VkT6WGFibE5FG4K3+PIyaZ5Xvavq5cNFuXabx1GAYziBCnhwDTW4hzo0gMATPMMrvDlD58V5dz7mrStOPnMEf+B8/gA82JHE</latexit>

�k(·)

<latexit sha1_base64="1OF1euxfhTQVSoKxyCASNJytYvs=">AAAB/HicbVC7TsMwFHXKq5RXoCOLRYXUDq0SxGusYGEsEi2V2ihyXKe14jiR7SCiqPwKCwMIsfIhbPwNTpsBWo50peNz7pXvPV7MqFSW9W2UVlbX1jfKm5Wt7Z3dPXP/oCejRGDSxRGLRN9DkjDKSVdRxUg/FgSFHiP3XnCd+/cPREga8TuVxsQJ0ZhTn2KktOSaVb/+6GZB0542YBPmj6DhmjWrZc0Al4ldkBoo0HHNr+EowklIuMIMSTmwrVg5GRKKYkamlWEiSYxwgMZkoClHIZFONlt+Co+1MoJ+JHRxBWfq74kMhVKmoac7Q6QmctHLxf+8QaL8SyejPE4U4Xj+kZ8wqCKYJwFHVBCsWKoJwoLqXSGeIIGw0nlVdAj24snLpHfSss9bZ7entfZVEUcZHIIjUAc2uABtcAM6oAswSMEzeAVvxpPxYrwbH/PWklHMVMEfGJ8/Ic6TKA==</latexit>

f(xk�1) � f(xk)

<latexit sha1_base64="ntZqBuctMCEBDioSYhZeVkNvR+I=">AAAB/HicbVDLSsNAFJ3UV62vaJduBovQbkoivjZC0Y3LCvYBbQiT6aQdMpmEmYkYQv0VNy4UceuHuPNvnLRZaOuBC4dz7uXee7yYUaks69sorayurW+UNytb2zu7e+b+QVdGicCkgyMWib6HJGGUk46iipF+LAgKPUZ6XnCT+70HIiSN+L1KY+KEaMypTzFSWnLNql9/dIMGvILDeELdoG41Kq5Zs5rWDHCZ2AWpgQJt1/wajiKchIQrzJCUA9uKlZMhoShmZFoZJpLECAdoTAaachQS6WSz46fwWCsj6EdCF1dwpv6eyFAoZRp6ujNEaiIXvVz8zxskyr90MsrjRBGO54v8hEEVwTwJOKKCYMVSTRAWVN8K8QQJhJXOKw/BXnx5mXRPmvZ58+zutNa6LuIog0NwBOrABhegBW5BG3QABil4Bq/gzXgyXox342PeWjKKmSr4A+PzB6wOkts=</latexit>

f(xk) = �k(0)

<latexit sha1_base64="UJOfAab3Xj2TTG4NARKCt7eJ4cw=">AAACG3icbVDLSsNAFJ3UV42vqEs3g6XYIpSk+FoW3bisYB/QhDCZTNuhk0mYmQgl9D/c+CtuXCjiSnDh3zhts9DWAwOHc87lzj1BwqhUtv1tFFZW19Y3ipvm1vbO7p61f9CWcSowaeGYxaIbIEkY5aSlqGKkmwiCooCRTjC6mfqdByIkjfm9GifEi9CA0z7FSGnJt+plNxlSf1Sxq/AUYt+BLtPTIZrLJ1o380RuVH2rZNfsGeAycXJSAjmavvXphjFOI8IVZkjKnmMnysuQUBQzMjHdVJIE4REakJ6mHEVEetnstgksayWE/VjoxxWcqb8nMhRJOY4CnYyQGspFbyr+5/VS1b/yMsqTVBGO54v6KYMqhtOiYEgFwYqNNUFYUP1XiIdIIKx0naYuwVk8eZm06zXnonZ+d1ZqXOd1FMEROAYV4IBL0AC3oAlaAINH8AxewZvxZLwY78bHPFow8plD8AfG1w9CT55/</latexit>

�k(�)
<latexit sha1_base64="eqbEygkzlAU8jAp5CtGVdkCyDD0=">AAACHHicbVDLSsNAFJ34rPUVdelmsBRbhJLU57LoxmUF+4AmhMlk0g6dTMLMRCihH+LGX3HjQhE3LgT/xmmbhbYeGDiccy537vETRqWyrG9jaXlldW29sFHc3Nre2TX39tsyTgUmLRyzWHR9JAmjnLQUVYx0E0FQ5DPS8Yc3E7/zQISkMb9Xo4S4EepzGlKMlJY887TsJAPqDStWFZ5A7NnQYXo6QDP5WOvFPFHPnapnlqyaNQVcJHZOSiBH0zM/nSDGaUS4wgxJ2bOtRLkZEopiRsZFJ5UkQXiI+qSnKUcRkW42PW4My1oJYBgL/biCU/X3RIYiKUeRr5MRUgM5703E/7xeqsIrN6M8SRXheLYoTBlUMZw0BQMqCFZspAnCguq/QjxAAmGl+yzqEuz5kxdJu16zL2rnd2elxnVeRwEcgiNQATa4BA1wC5qgBTB4BM/gFbwZT8aL8W58zKJLRj5zAP7A+PoBwfyeuw==</latexit>

�k(2�)
<latexit sha1_base64="WtF+ii/l2sxQLIrf47IHYOtY18Y=">AAACGHicbZDLSsNAFIYn9VbrLerSzWARW4SaFG/LohuXFewFmhAmk0k7dHJhZiKUkMdw46u4caGI2+58GydtFtr6w8DPd86ZmfO7MaNCGsa3VlpZXVvfKG9WtrZ3dvf0/YOuiBKOSQdHLOJ9FwnCaEg6kkpG+jEnKHAZ6bnju7zeeyJc0Ch8lJOY2AEahtSnGEmFHP3c8jnCqZmlzcyKR9QZn9aMusXUDR6CZ3DOagWoVxy9ajSMmeCyMQtTBYXajj61vAgnAQklZkiIgWnE0k4RlxQzklWsRJAY4TEakoGyIQqIsNPZYhk8UcSDfsTVCSWc0d8TKQqEmASu6gyQHInFWg7/qw0S6d/YKQ3jRJIQzx/yEwZlBPOUoEc5wZJNlEGYU/VXiEdIJSVVlnkI5uLKy6bbbJhXjcuHi2rrtoijDI7AMagBE1yDFrgHbdABGDyDV/AOPrQX7U371L7mrSWtmDkEf6RNfwAcXp6M</latexit>

1

2
�0

k(0)� + �k(�)

<latexit sha1_base64="T4y9GUfgJyXi+frde8569sSAnfg=">AAACAnicbVDLSsNAFJ34rPUVdSVuBotQNyURX8uiG5cV7AOaUCaTm3boZBJmJkoJxY2/4saFIm79Cnf+jdPHQlsPDBzOuYc79wQpZ0o7zre1sLi0vLJaWCuub2xubds7uw2VZJJCnSY8ka2AKOBMQF0zzaGVSiBxwKEZ9K9HfvMepGKJuNODFPyYdAWLGCXaSB1733tgIWjGQ8i9tMeGZY+bdEiOO3bJqThj4HniTkkJTVHr2F9emNAsBqEpJ0q1XSfVfk6kZpTDsOhlClJC+6QLbUMFiUH5+fiEIT4ySoijRJonNB6rvxM5iZUaxIGZjInuqVlvJP7ntTMdXfo5E2mmQdDJoijjWCd41AcOmQSq+cAQQiUzf8W0RySh2rRWNCW4syfPk8ZJxT2vnN2elqpX0zoK6AAdojJy0QWqohtUQ3VE0SN6Rq/ozXqyXqx362MyumBNM3voD6zPH1yml2k=</latexit>e�(�)

Figure 2. Initial choice of λ0 at the (k + 1)th iteration.

For the approximate function ϕ̃, we suggest the following criteria:

ϕ̃(0) = ϕ(0),

ϕ̃′(0) = ϕ′(0),

ϕ̃(0)−min ϕ̃(λ) = f(xk−1)− f(xk)





=⇒ λ0 = argmin
λ

ϕ̃(λ) =
2
(
f(xk−1)− f(xk)

)

∥∇f(xk)∥2
.

Notice that the function ϕ̃ is constructed in a way whose minimum value is f(xk−1) − f(xk), i.e.,

the objective improvement of the last iteration.

To evaluate our performance, we compare our proposed algorithms with the following methods

from the literature: For the class of (1) smooth optimization, we consider the gradient descent

(GD) [51], Nesterov’s accelerated gradient descent (NAGD) [45], the recent adaptive gradient de-

scent (AdGD) and its heuristic accelerated version (AdGD-accel) [38]. Respectively, for the class
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of (2) composite minimization, we consider the nonsmooth counterparts including the proximal

gradient descent (ISTA) and its accelerated version (FISTA) [8], the adaptive golden ratio algo-

rithm (aGRAAL) [37] and adaptive primal-dual algorithm (APDA) [58]. For (3) non-convex mini-

mization, we use the existing algorithms from the first class of (1) smooth minimization.

4.1. Smooth minimization

This section includes four different classes of smooth functions:

(i) Logistic regression: Motivating with the classification problems [28], we consider the logistic

regression with quadratic regularization as follows:

min
x∈Rd

1

N

N∑

i=1

log
(
1 + exp(−bia

⊤
i x)

)
+

γ

2
∥x∥2, (25)

whereN is a number of data, A = [a1|a2|· · · |an] ∈ Rd×N and {bi}Ni=1 ∈ R are the features of data, and

γ is a regularization parameter proportional to 1/N . In our experiments, The test data is generated

as follows: the matrix A ∈ RN×N is generated randomly using the standard Gaussian distribution

N (0, 1), where we generate A with 50% correlated columns as A(:, j + 1) = 0.5A(:, j) + randn(:).

The observed measurement vector b is generated as b := Ax♮ + N (0, 0.05), where x♮ is generated

randomly using N (0, 1), d = N = 200, and we estimate the Lipschitz constant of the gradient by

the closed-form expression L = ∥A∥2/N +γ used in GD and NAGD as a stepsize. Figure 3a reports

the results where all algorithms are initialized at the same point chosen randomly.

(ii) Quadratic programming: Following recent works on portfolio and robust optimization [26,

41], we examine the quadratic objective function

min
x∈Rd

1

2
x⊤Bx+ b⊤x, (26)

where B ∈ Rd×d > 0 and b ∈ Rd are given. This function is smooth with constant L = ∥B∥2. The

parameters B and b are chosen in the same manner as in the previous part, with the difference

that B = A⊤A and b are normalized. Additionally, in our experiments, we set d = 200. The

results of minimizing this quadratic function are provided in Figure 3b where all the methods are

initialized at the same point. It is interesting to note that the proposed stepsize rule for accelerated

algorithms exhibits similar behavior to NAGD with a comparative performance while outperforming

other adaptive algorithms.

(iii) Log-Sum-Exp: In the context of discrete-choice modeling and entropy-regularized transport

[19, 55, 36], we consider the log-sum-exp objective function with regularization

min
x∈Rd

log

(
N∑

i=1

exp(a⊤i x− bi)

)
+

γ

2
∥x∥2, (27)

where A = [a1|a2|· · · |an] ∈ Rd×N and {bi}Ni=1 ∈ R are the problem data. The log-sum-exp function is

viewed as a smooth approximation of maxx∈Rd{a⊤1 x−b1, a
⊤
2 x−b2, · · · , a⊤Nx−bN}. This function can

sometimes be ill-conditioned, making the minimization task particularly difficult for the first-order

methods. The function is smooth with the smoothness constant L = σmax(A
⊤) where σmax(A

⊤) is

a maximum singular value of A⊤. In the experiment, we set N = d = 200, and A and {bi}Ni=1 are

generated using a similar approach as in the logistic regression part. The results of minimizing the
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(a) Logistic regression (25)
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Figure 3. The results for the class (1) smooth minimization. The first row shows the

optimality gap, and the second row shows the stepsize behavior.

log-sum-exp function are depicted in Figure 3c where the proposed accelerated method demonstrates

superior efficacy compared to other algorithms.

(vi) Approximate semidefinite programming: Semidefinite programs are ubiquitous in com-

binatorial optimization and control [13, 12, 21], graph theory [57], network and communication [10].

Most of the problems in this class essentially deal with minimizing the maximum eigenvalue of a

matrix, which is a nonsmooth function of its variable. A popular example falling into this category

is the max-cut problem, whose ε-approximation with the regularizer R(x) reads as

min
y∈Rn

fε(C + diag(y))− ⟨1, y⟩+ ηR(x), fε(X) = ε log

(
n∑

i=1

exp(λi(X)/ε)

)
, (28)

where C is a constant matrix, η is a regularization coefficient, and fε(X) is the smooth convex

approximation of λmax(X). As shown in [46], the gradient of fε(X) can be computed as

∇fε(X) =

∑n
i=1 exp(λi(X)/ε)qiq

⊤
i∑n

i=1 exp(λi(X)/ε)
,

where qi is the ith column of the unitary matrix Q in the eigen-decomposition QΣQ⊤ of X with

eigenvalues λ1 ≥ · · · ≥ λn. In addition, fε(X) is smooth with the smoothness parameter 1/ε.

Figure 4 shows the simulation results of solving (28) for different regularization coefficient η where

the approximation level is ε = 10−5. The matrix C is also generated using the Wishart distribution

with C = G⊤G/∥G∥22, where G is a standard Gaussian matrix [24], n = 100, and R(y) = ∥y∥2.
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Figure 4. Approximate maximum eigenvalue (28). The first row shows the optimality gap

and the second row shows the stepsize behavior.

4.2. Composite minimization

Motivated by sparse recovery and reconstruction problems [50, 56, 20], as well as sparse clas-

sification and feature selection [9], we consider the following non-smooth composite minimization

formulations:

(i) ℓ1-Regularized least square [50, 56]:

min
x∈Rd

∥Ax− b∥22︸ ︷︷ ︸
f(x)

+ γ∥x∥1︸ ︷︷ ︸
h(x)

. (29)

(ii) ℓ1-Constrained least square [20]:

min
x∈Rd

{∥Ax− b∥22 : ∥x∥1≤ 1} = min
x∈Rd

∥Ax− b∥22︸ ︷︷ ︸
f(x)

+ δB1[0,1]︸ ︷︷ ︸
h(x)

. (30)

(iii) ℓ1-Regularized logistic regression [9]:

min
x∈Rd

1

N

N∑

i=1

log
(
1 + exp(−bia

⊤
i x)

)

︸ ︷︷ ︸
f(x)

+ γ∥x∥1︸ ︷︷ ︸
h(x)

. (31)

The functions f(x) and h(x) represent the smooth and prox-friendly parts, respectively. In the

previous subsection, we explain the smooth parts and their smooth constant. The prox-friendly

term h(x) has a closed form solution provided in Table 2 where δ, B1[0, 1], [·]+, and ⊙ are indicator

function, unit ball with 1-norm, positive part selector, and elementwise product, respectively [6].
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Table 2. Closed-form prox-operator of h(x).

h(x) proxh(x)
γ∥x∥1 τγ(x) = [|x|−γe]+ ⊙ sign(x)

δB1[0,1] PB1[0,1](x) = min
y∈B1[0,1]

∥y − x∥

In our simulations, we set N = d = 200, γ proportional to 1/N , A = 5 · rand(n,n), and

b = rand(n,1), where rand(·) is uniformly distributed random numbers in the interval (0, 1). The

results are provided in Figure 5. We wish to note that for the objective functions (29) and (30),

the proposed accelerated stepsize Alg. 2 has a competitive result and similar behavior with the best

performance FISTA [8] while in the case of (31) outperforms all the other algorithms notably.
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Figure 5. The results for the class (2) composite minimization. The first row shows the

optimality gap, and the second row shows the stepsize behavior.

4.3. Non-convex minimization:

We also test our algorithm in non-convex minimization. We consider the case of cubic optimization

that is useful in high-order methods and trust-region subproblems [49, 16] which is defined as

min
x∈Rd

1

2
x⊤Hx+ g⊤x+

M

6
∥x∥3, (32)

where the matrix H ∈ Rd×d, vector g ∈ Rd, and scalar M > 0 are the problem data. Note that

in higher-order methods, the constant M has an impact on the convergence rate [47]. Due to the

cubic term, the function (32) is neither convex nor smooth. The parameters g and H are the

gradient and the Hessian of the logistic loss (25), respectively, and are computed using the same
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Figure 6. Cubic regularization problem (32). The first row shows the optimality gap, and

the second row shows the stepsize behavior for different values of M .

data as in Subsection 4.1 ((i) logistic regression). We provide the simulations for different M with

d = N = 200, and the results are reported in Figure 6.

5. Conclusion and Future Directions

This research proposes a new stepsize rule for non-accelerated and accelerated first-order meth-

ods for convex composite optimization. The proposed approach provably achieves the convergence

optimal rate of O(k−2) for accelerated methods. Compared to other stepsize rules, our proposed

scheme is implicit but only requires zeroth-order information to compute a suitable stepsize. Possi-

ble extension to this work could be the minmax problem [42, 61, 11], stochastic gradient descent

optimization [32], variational inequalities [43, 30, 39], and non-convex optimization [29, 58, 1]. To

mitigate the fact that the stepsize in Alg. 2 is non-increasing, one could re-initialize it finitely many

times after a predefined number of iterations. This technique is similar to the restarted accelerated

gradient method [52, 31, 60] and it is left as future work.

The authors of a recent work [35] demonstrate that iterations generated by Forward–Backward

splitting methods, which include several variants (e.g., ISTA, FISTA), lie on active manifolds within

a finite number of iterations and enter a regime of local linear convergence. However, their analysis

are based on the standard assumption that the stepsize belongs to [0, 2/L]. Departing from this

convention is one of the future areas of interest. The authors in [35] also establish and explain

why FISTA locally oscillates and can be slower than ISTA under the same standard assumption

λ ∈ [0, 2/L]. We observe similar behavior in our simulation results (Figures 3a, 5b, 6). Analyzing

this behavior for λ > 2/L, which can also occur in our proposed stepsize rules, could be another

future direction.
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